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viii

Descriptive outline of Advanced Behavior-Based Network Forensics, showing 
how all 13 chapters fit together, with general overview of the tools that build on 

each other.

PART I – FOUNDATIONS OF ADVANCED NETWORK FORENSICS 
USING A CYBER-BEHAVIORAL SCIENCE APPROACH

Chapter 1 – Introduction to Advanced Network Forensics
	▪	 Traditional artifact-centric, post-incident forensics fail to combat APTs, zero-days, 

and insider threats, leaving organizations exposed.
	▪	 CFBA and Adversarial Behavioral Score (ABS) dynamically quantify malicious 

intent from evolving patterns in network traffic, user actions, and digital foot-
prints, often identifying risks up to 45 days in advance.

	▪	 Machine learning, cyberpsychology, and forensic psychology converge to elevate 
security from reactive to predictive. Legal and ethical foundations, chain of cus-
tody and privacy, remain central.

Chapter 2 – Fundamentals of Network Forensics and Log Analysis
	▪	 Define network forensics as the analysis of volatile data (packets, flows, logs) and 

walks through investigation models like OSCAR and OSI-layer-aligned workflows.
	▪	 Master packet capture techniques (SPAN, TAPs, sniffers), NetFlow/IPFIX, Deep 

Packet Inspection (DPI), and tools like Wireshark, tcpdump, nDPI, and Snort.
	▪	 Understand log collection architectures, parsing strategies (regex, JSON/XML, 

template clustering), evidence preservation (NTP, hashing, chain of custody), and 
scalable storage to support later behavior-based analytics.

Chapter 3 – Building a Network Forensics Lab Environment
	▪	 Design an air-gapped, vividly mirrored lab with VLAN segmentation, virtualiza-

tion, and traffic generators to safely simulate production networks, empowering 
forensic accuracy.

	▪	 Emphasize forensic accuracy and legal defensibility by mirroring OS versions, ser-
vices, and traffic patterns so test results and evidence are admissible and reproducible.

	▪	 Understand adversary emulation using MITRE ATT&CK, Infrastructure-as-Code, 
and realistic traffic generation to train analysts and validate behavior-based detec-
tion models.

	▪	 Integrate forensic workflows (acquisition, write blockers, chain of custody, secure 
storage) and discusses scalability, usability, and a financial-sector lab case study.

Descriptive Outline of Advanced Behavior
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ixDescriptive Outline of Advanced Behavior

PART II – HUMAN FACTORS AND BEHAVIORAL INTELLIGENCE

Chapter 4 – Behavioral Analysis in Cybersecurity
	▪	 Describe forensic cyberpsychology and differentiate it from general cyberpsychol-

ogy, focusing on offenders’ online behavior and criminality.
	▪	 Use Dark Triad and Big Five traits, affective analysis, and group dynamics to pro-

file hackers, understand victim responses, and explain how social factors and 
biases shape attacks.

	▪	 Survey psycholinguistic tools (e.g., LIWC) and LLM-based authorship attribution 
for phishing and dark-web communications, achieving high attribution accuracy.

	▪	 Discuss applications to threat attribution, insider threat detection, and security 
awareness training, along with privacy, bias, and regulatory concerns.

Chapter 5 – Cyber Forensics Behavioral Analysis (CFBA)
	▪	 Formalize CFBA as a four-pillar model: (1) forensic cyberpsychology, (2) digital 

forensics, (3) predictive behavioral modeling, and (4) quantitative metrics CBAM/
CBS for scoring ASNs and entities.

	▪	 Understand how ML (SVMs, deep learning) and behavioral indicators can deliver 
>90% precision in some attribution tasks and accurately predict threats over 45-day 
windows.

	▪	 Understand how CFBA fuses linguistic markers, social engineering patterns, 
and technical artifacts to generate risk scores that outpace static, indicator-based 
models in attribution and early warning.

	▪	 Address implementation challenges such as data integration, scalability, and 
cross-disciplinary collaboration, and points to future advances in NLP and 
standardization.

PART III – ADVANCED TECHNIQUES, TOOLS, AND AI

Chapter 6 – Advanced Techniques and Tools
	▪	 Advance from conceptual frameworks to hands-on mastery: behavioral SIEM/

UEBA, mature threat-hunting workflows, and continuous behavioral baselining 
for users, devices, and networks.

	▪	 Detail deception networks (honeypots, deception grids) that collect high-fidelity 
IoCs and TTPs in safe, isolated environments.

	▪	 Explain DPI and Network Traffic Analysis (NTA) for visibility into both clear-text 
and encrypted traffic using metadata, plugging detection gaps without decryption.

	▪	 Integrate psychological profiling and insider-threat frameworks (e.g., CPIR) to cut 
false positives and reduce insider detection time from months to hours.

Chapter 7 – Machine Learning and Artificial Intelligence in Forensics
	▪	 Review state-of-the-art unsupervised anomaly detection (Isolation Forest, LOF, 

One-Class SVM, DBSCAN, autoencoders) and how they learn “normal” behavior 
without labeled attacks.

	▪	 Leverage time-series forecasting (XGBoost, LSTM) to construct behavioral base-
lines and spotlight deviations in traffic volume, logins, and temporal signals.
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x Descriptive Outline of Advanced Behavior

	▪	 Understand the MAESTRO framework for robust AI deployment, including adver-
sarial training, formal verification, and continuous red-teaming against adaptive 
attackers.

	▪	 Extend beyond networking to malware forensics, forensic psychiatry, PMI 
estimation, and highlights issues of data quality, concept drift, algorithmic bias, 
and the role of Explainable AI (XAI).

PART IV – BEHAVIORAL TELEMETRY, SIEM, AND LOG 
PIPELINES

Chapter 8 – SIEM Configuration for Behavioral Log Collection
	▪	 Transform SIEM into a behavioral analytics hub powered by UEBA and machine 

learning, no longer just a log bucket with static rules.
	▪	 Learn how standard schemas (CEF, LEEF, OCSF) and robust telemetry pipe-

lines (filtering, buffering, enrichment) enable reliable cross-source correlation 
at scale.

	▪	 Explain writing behavior-aware correlation rules, building UEBA-driven risk 
scores, and integrating SOAR so that high-risk behaviors trigger automated 
responses.

	▪	 Recognize performance, scalability, and compliance (GDPR, HIPAA, PCI DSS) as 
first-class constraints on behavioral SIEM designs.

Chapter 9 – Collecting Log Streams from Enterprise, Edge, Honeypots, and 
Authentication Logs

	▪	 Provide the data needed for the correlation and investigation techniques.
	▪	 Compare input, output, and hybrid log-collection strategies and argue for the 

hybrid model to balance visibility, cost, and compliance.
	▪	 Address edge-logging challenges (intermittent connectivity, limited resources) 

with store-and-forward agents and edge observability tools.
	▪	 Describe AI-powered honeypots and GAN/LLM-generated synthetic behavioral 

data that reach about 97% realism, enriching behavior-based models without risk-
ing production systems.

	▪	 Drive high-quality authentication logs (user IDs, sources, methods, timestamps) 
into UEBA to enable rapid detection of credential abuse, password spraying, and 
subtle insider activity.

Chapter 10 – Correlation and Investigation within SIEM
	▪	 Evolve SIEMs into AI-driven investigation platforms that cluster alerts, prioritize 

incidents, and deploy behavioral risk scores for decisive action.
	▪	 Detail how UEBA baselines, Bayesian risk weighting, and unsupervised models 

reduce alert fatigue and truly anomalous surface behavior.
	▪	 Explore NLP for log analysis, automated rule generation from threat-intel text, and 

SOAR playbooks that can isolate endpoints or block IPs automatically.
	▪	 Understand how integrating SIEM with EDR/NDR enables full attack-

path reconstruction from initial compromise through lateral movement and 
exfiltration.
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PART V – DOMAINS AND APPLIED BEHAVIORAL FORENSICS

Chapter 11 – Specialized Forensics by Domain
	▪	 Customize forensics for SCADA/ICS, IoT, cloud, storage networks, smart cities, 

and healthcare, highlighting each domain’s evidence sources and constraints.
	▪	 Recognize frameworks such as PAR (Proactive/Active/Reactive forensics), domain-

specific process models (DSCFIPM), and blockchain-based evidence integrity for 
critical infrastructure.

	▪	 Discuss interdependent infrastructures and cascading failures, emphasizing mul-
tidomain modeling, ML-driven monitoring, and deterministic replay for contin-
uous forensic readiness.

Chapter 12 – Case Studies in Advanced Behavior-Based Network Forensics
	▪	 Understand real-world CFBA and Cyber Behavioral Forensics Matrix (CBFM) 

deployments, using ABS and community-based matrix factorization to predict 
attacks.

	▪	 Highlight a ransomware incident (e.g., ProxyLogon) in which behavior-based 
alerts detected lateral movement and precursor malware 4 days before encryption, 
averting major losses.

	▪	 Demonstrate how behavioral evidence analysis (equivocal analysis, forensic vic-
timology, crime-scene characteristics) enriches digital forensics when artifacts 
alone are ambiguous.

	▪	 Deliver operational impact: shrink dwell time, optimize SOC triage, and allocate 
resources via behavioral scoring for maximum protection.

PART VI – FUTURES, STRATEGY, AND EMERGING PARADIGMS

Chapter 13 – The Future of Network Forensics and Cyberpsychology
	▪	 Unleash emerging AI-driven evidence analysis (neural networks, LLMs, multi-

modal AI) and behavioral models like Idiographic Digital Profiling (IDP), IRT, and 
BDFM to drive prioritized investigations.

	▪	 Understand AI-powered cyber deception (SPADE) that uses LLMs to generate 
adaptive honeypots and narratives with very high adversary engagement, plus 
cognitive architectures (ACT-R) for modeling attacker decision-making.

	▪	 Explore quantum-accelerated forensics for darknet and cryptocurrency analysis, 
and the role of XAI, multi-agent defense, and C-Scales for transparent, admissible 
AI decisions.

	▪	 Confront ethical and legal dilemmas, algorithmic bias, privacy, and Daubert 
admissibility, never compromise on human validation, training-data transparency, 
and multidisciplinary teamwork.
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This book is urgent. Network defense is out of sync with modern attacks. Most orga-
nizations rely on post-incident forensics and signature-based tools. Adversaries 

now use human-driven and behavioral campaigns. They remain hidden amid normal 
traffic and user activity between alerts.

Across the chapters, Advanced Behavior-Based Network Forensics argues that you 
either evolve toward behavior-driven, psychology-aware, AI-assisted forensics, or you 
accept that determined attackers will live in your environment for weeks or months 
undetected.

	▪	 Traditional methods are painfully slow and blind. Classic network forensics 
and signature-based IDS/AV only catch known threats, but only after compro-
mise. They ignore the human and behavioral context behind most attacks, such as 
insider threats, social engineering, and slow lateral movement.

	▪	 Threats are behavioral and urgent, not just technical. Ransomware opera-
tors, APTs, and insiders exploit living-off-the-land techniques, encrypted chan-
nels, and social engineering. Patterns must be exposed by modeling behavior over 
time, not simply searching for a malware hash or bad IP.

	▪	 You need prediction, not just reconstruction. The Cyber Forensics Behavioral 
Analysis (CFBA) model and Adversarial Behavioral Score (ABS) can predict 
malicious intent up to about 45 days in advance and achieve >90% precision in 
some attribution tasks, providing a significant lead time compared to legacy tools 
that only alert once damage is underway.

	▪	 Manual forensics is impossible due to the volume and complexity of 
the data. Automated capture, parsing, and ML/AI-driven triage are needed for 
petabyte-scale logs, cloud, edge, IoT, and encrypted traffic.

	▪	 Never experiment on production. Build air-gapped forensics labs with real-
istic traffic and adversary emulation to prove behavior-based detections before 
deployment.

Relying on reactive, artifact-driven investigation keeps you behind adaptive, 
behavior-driven adversaries.

WHY THIS BOOK IS IMPORTANT

	▪	 It unifies network forensics, behavioral science, and AI/ML. The book 
doesn’t treat cyberpsychology, CFBA, SIEM engineering, and ML anomaly detec-
tion as separate silos; it shows how they fit into a single end-to-end workflow from 
data capture to prediction and legal reporting.

	▪	 It keeps one foot in theory and one in the SOC. You get the conceptual shift 
(why behavior-based matters) plus very concrete guidance: how to build a lab, what 

Why this Book Is Urgent
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to log, how to parse it, how to tune SIEM/UEBA, how to correlate alerts, and how to 
preserve the chain of custody so all that behavioral evidence stands up in court.

	▪	 It’s built around real-world constraints. The chapters tackle storage, licensing, 
and bandwidth limits. They address edge devices with intermittent connectivity 
and domain constraints in SCADA, IoT, cloud, and healthcare. SOC fatigue and 
compliance are also tackled.

	▪	 It embeds ethics, privacy, and legal defensibility. Behavioral analytics and AI 
are both powerful and dangerous. The book returns to bias, privacy regulations, 
chain of custody, explainable AI, and Daubert-style admissibility as first-class 
design requirements.

	▪	 It gives you proof, not just promises. Case studies show that behavior-based 
methods can spot ransomware and other attacks days before encryption or business 
impact. The book quantifies improvements in precision, recall, dwell time, and 
SOC workload, not just “it feels better.”

Key Points of the Book
	 1.	 Shift from reactive to proactive, behavior-based forensics. Move from “What 

happened?” after a breach to “What is likely to happen next?” Use CFBA, ABS, 
CBAM/CBS, and behavior-based network forensics.

	 2.	 Cyber Behavioral Science is a core forensic signal, not a side note. Use 
cyberpsychology, trait models, affective, and group-dynamics analysis to profile 
adversaries, understand victims, and improve detection and training.

	 3.	 Solid fundamentals: capture, logs, and lab first. Build packet/flow capture, 
robust log pipelines, and a forensic lab that mirrors production, supports adver-
sary emulation, and enforces chain of custody. Behavior-based analytics are only 
as good as their data and lab.

	 4.	 Operationalizing behavior in SIEM and UEBA. Standardize telemetry like 
CEF and OCSF. Design scalable pipelines and configure SIEM and UEBA to estab-
lish behavioral baselines and risk scores. Connect everything to SOAR so high-risk 
behaviors trigger automatic containment and evidence preservation.

	 5.	 AI/ML as your anomaly engine, not a magic box. Apply unsupervised models 
like Isolation Forest, LOF, One-Class SVM, and autoencoders. Use time-series 
forecasting methods, such as XGBoost and LSTM, as the statistical backbone for 
behavior-based detection. Wrap these in the MAESTRO framework for robustness 
against adversarial attacks.

	 6.	 Advanced techniques: deception, DPI/NTA, insider-threat modeling. Use 
deception networks and honeypots, DPI and metadata-only NTA, and frame-
works like CPIR to harvest high-fidelity behavioral indicators. These methods 
detect zero-day and insider threats and fill visibility gaps in encrypted traffic.

	 7.	 Domain-specific forensic playbooks. Customize behavior-based forensics 
for SCADA/ICS, IoT, storage networks, smart cities, cloud, and healthcare. Use 
models like PAR, blockchain-based evidence integrity, and domain-specific SOPs. 
These steps preserve both uptime and legal defensibility.

	 8.	 Case studies and future directions close the loop. Ransomware and other real 
cases validate CFBA and CBFM in practice. The final chapter looks at LLM-driven 
deception, cognitive forensics, quantum-accelerated analysis, and strict ethical 
guardrails for AI-augmented investigations.

In short, the book is urgent because attackers have already gone behavior-based; it’s 
important because it shows you how to do the same, responsibly, at scale, and with 
evidence that will stand up both technically and legally.
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WHY CYBER-BEHAVIORAL SCIENCE APPROACH TO ADVANCED 
NETWORK FORENSICS IS NEEDED NOW

For most of its history, network forensics has been something we reach for after the 
breach. We capture packets, pull logs, reconstruct timelines, and hope the technical 
trail is rich enough to tell us what happened and who did it. That reactive, artifact-
centric model worked tolerably well in an era of obvious malware, clear perimeters, 
and modest data volumes. It is failing us now.

Today’s adversaries live inside encrypted tunnels, “live off the land” with legit-
imate tools, pivot through cloud and OT environments, and blend into normal user 
and service behavior for weeks or months at a time. Signature-based detections and 
rule-only SIEMs struggle to keep pace with polymorphic malware, zero-day exploits, 
insider threats, and AI-assisted social engineering. Traditional network forensics still 
helps us clean up, but it rarely helps us arrive early enough to prevent encryption, data 
theft, or cascading outages.

This book starts with a simple premise: if attacks are driven by human decisions, 
then our forensics and defenses must be driven by behavior, not just static indicators. 
We use the term Behavior-Based Network Forensics (BBNF) to describe a disci-
pline that fuses four pillars:

	 1.	 High-fidelity network and log evidence collected and preserved with classical 
forensic rigor, continuous capture, controlled lab environments, chain-of-custody, 
time synchronization, and cryptographic integrity.

	 2.	 Behavioral and psychological models that explain why threat actors and 
insiders choose paths, drawing on cyberpsychology, forensic psychology, and 
criminology to interpret digital actions in terms of motive, risk, and intent.

	 3.	 AI/ML-driven analytics that learn “normal” at scale and highlight deviations 
in time to act, using unsupervised anomaly detection, time-series forecasting, and 
behavior-scoring engines embedded in SIEM, UEBA, and SOC workflows.

	 4.	 Legally robust evidence preparation for criminal and regulatory proceed-
ings ensuring that behavioral findings are anchored to verifiable artifacts, PCAPs, 
flow records, log archives, disk images, memory dumps, and handled through 
processes that satisfy evidentiary and accreditation standards.

Taken together, these move network forensics from “What happened?” toward 
“What is happening, what is likely to happen next, and how can we prove it when it 
ends up in court?”

Preface
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xvPreface

FROM EVIDENCE AFTER THE FACT TO EVIDENCE BEFORE  
THE BLAST

Chapter 1 sets the stage: most current practice remains reactive and artifact-driven, 
centered on logs, PCAPs, and disk images gathered once the damage is visible. These 
methods often say little about attacker motivations, intent, or likely next moves, and 
they struggle with slow-burn or behaviorally subtle attacks that never trigger obvious 
signatures.

In response, the Cyber Forensics Behavioral Analysis (CFBA) framework for-
malizes an explicitly proactive stance. CFBA combines digital forensics with cyber 
behavioral science and assigns an Adversarial Behavioral Score (ABS) to users, hosts, 
and entities, achieving empirically validated predictive power, up to 70% accuracy in 
forecasting malicious intent weeks in advance. This kind of early warning is only pos-
sible when we treat behavior, login rhythms, access paths, and lateral movement as 
first-class forensic evidence.

WHY NETWORKS ARE THE NATURAL HOME FOR BEHAVIORAL 
EVIDENCE

Network and log data capture the relationships and sequences that define behavior: 
who talks to whom, at what time, over which channel, and with what volume and 
rate. Chapter 2 shows how continuous capture via SPAN/TAPs, flow telemetry, and 
disciplined log collection lets us reconstruct these relationships at scale, while pre-
serving evidentiary integrity through NTP synchronization, hashing, and documented 
chain of custody.

Chapter 3 explains why behavior-based analytics require ground truth. To trust 
anomaly detectors and behavioral scores, we need controlled lab environments where 
we can emulate threat actors, generate realistic background traffic, and repeatedly 
test detections without risking production. A well-designed network forensics lab— 
air-gapped or tightly segmented, mirroring production configurations, and wired for 
full forensic workflows—becomes the proving ground for BBNF, and the place where 
we validate that our models and pipelines are not only effective but legally defensible.

THE HUMAN IN THE LOOP: CYBERPSYCHOLOGY AND CFBA

If network telemetry tells us what happened on the wire, behavioral science tells us 
why. Chapter 4 reviews forensic cyberpsychology and related behavioral frameworks 
for the purposes of profiling and modeling attacker motives, traits, group dynamics, 
and emotional triggers. By operationalizing established constructs such as the Dark 
Triad and the Big Five and applying methods such as psycholinguistic analysis and 
inverse reinforcement learning, we can attribute behavioral signatures, phishing lan-
guage, escalation choices, target selection to preferences and decision rules.

Chapter 5’s CFBA model translates this into a measurable, mathematically speci-
fied system. CFBA combines forensic cyberpsychology, digital forensics and predictive 
modeling, and defines metrics such as the Cyber Behavioral Analysis Metric (CBAM) 
and Cyber Behavioral Score (CBS) to score people and networks based on integrated 
technical and behavioral indicators. In case studies, CFBA’s scoring provides nation 
state attribution with precision exceeding 90 percent, orders of magnitude better than 
static indicator-based approaches, and is readily packaged into structured, explainable 
outputs that travel well into legal and regulatory environments.
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AI/ML AT OPERATIONAL SCALE

The volume and complexity of modern telemetry make purely manual behavioral anal-
ysis impossible. Chapter 7 surveys unsupervised anomaly detection and time-series 
forecasting techniques, Isolation Forest, One-Class SVM, autoencoders, DBSCAN, 
XGBoost, LSTMs, that learn normal traffic and user behavior without exhaustive 
labeling, and surface deviations in real time.

Frameworks such as MAESTRO show how these models can be embedded into 
a proactive defense: adversarial training hardens models against evasion; formal ver-
ification establishes safety properties; continuous monitoring and red teaming keep 
them aligned with evolving threat behavior. At the same time, the book is frank about 
data quality, bias, concept drift, and explainability, issues that directly affect eviden-
tiary admissibility and investigator trust.

Chapter 6 then brings AI/ML down to the wire with concrete techniques, 
behavioral baselines in SIEM and UEBA, deception networks and honeypots, DPI/
NTA over encrypted traffic, that generate high-fidelity behavioral indicators under real 
operational constraints.

SIEMS, LOGS, AND THE BEHAVIORAL “NERVOUS SYSTEM”

Behavior based network forensics is only as good as its telemetry. Chapter 8 covers 
SIEM configuration for behavioral log collection including the use of standardized 
schemas (CEF, OCSF) and built in UEBA engines. Rather than relying purely on static 
correlation rulesets, the SIEM is transformed into a full behavioral platform: it main-
tains dynamic baselines, enriches events with asset criticality and threat intelligence, 
scores for risk and can drive SOAR playbooks to both preserve volatile evidence and 
contain threats.

Chapter 9 grapples with the dirty details of enterprise cores, edge nodes, hon-
eypots, and authentication systems. We weigh the trade-offs between input, output, 
and hybrid log collection architectures, address issues of intermittent connectivity and 
compute/resource constraints at the edge and show how AI assisted honeypots and 
deliberately instrumented authentication logs can become rich sources of behavioral 
evidence. The result is an architecture for logging and telemetry that is designed not 
just for monitoring, but for forensic readiness and evidentiary completeness.

Chapter 10 brings this all together into the SIEM: AI driven correlation, auto 
investigation, behavioral scoring, NLP augmented log analysis, and tight integration 
with EDR/NDR that creates unified incidents and “story level” attack reconstructions. 
These workflows are designed to drive both operational speed (reduced MTTD/MTTR) 
and defensible documentation.

DOMAINS, CASE STUDIES, AND LEGAL REALITY

Networks are not homogenous, and neither are their evidentiary constraints.  
Chapter 11 examines domain-specific forensics, ICS/SCADA, IoT, storage networks, 
smart cities, cloud, healthcare, oil and gas, each with its own fragile artifacts, timing  
constraints, and legal/privacy boundaries. It presents tailored frameworks (PAR 
models, domain-specific process models, blockchain-anchored evidence chains) 
that allow investigations to proceed without disrupting critical services or violating 
regulatory regimes.
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Chapter 12 then shows BBNF and CFBA at work in the wild through case studies: 
ransomware campaigns detected days before encryption; coordinated threats sur-
faced through community-level models like the Cyber Behavioral Forensics Matrix 
(CBFM); insider risks identified via anomalous access paths and behavioral scores. 
Importantly, these studies follow the evidence end-to-end: from anomaly detection, 
through triage and containment, to the preparation of reports and artefact bundles 
suitable for litigation, insurance, and regulatory disclosure.

LOOKING FORWARD

Chapter 13 peers ahead to a near future where AI-driven evidence analysis, adaptive 
deception frameworks like SPADE, cognitive architectures such as ACT-R, and even 
quantum-accelerated analytics become routine elements of the forensic toolkit. It also 
confronts the hard questions: algorithmic bias, privacy in continuous behavioral mon-
itoring, Daubert-style admissibility of AI-generated profiles, and the need for explain-
able AI, human-in-the-loop validation, and explicit confidence scales.

The vision is not of machines displacing investigators but of multi-agent, human-
centered ecosystems in which AI amplifies our ability to see patterns, simulate adver-
sary decisions, and build coherent, court-ready narratives from overwhelming data.

WHY NOW AND WHY THIS BOOK

We believe behavior-based network forensics is needed now for at least five reasons:

	 1.	 The threat landscape has outgrown signatures.
Polymorphic malware, fileless attacks, supply-chain compromises, and AI-assisted 
social engineering routinely bypass static detection. Behavior is often the only 
remaining signal, especially for stealthy APTs, ransomware precursors, and insider 
threats operating inside “legitimate” tools and encrypted channels.

	 2.	 Data scale and heterogeneity demand automation.
Continuous packet and flow capture, hybrid log collection, and multi-domain 
infrastructures generate more forensic data than any human team can examine 
unaided. Behavior-aware AI/ML is now essential just to keep up, but it must sit on 
a foundation of sound forensic pipelines and governance.

	 3.	 Interdisciplinary methods have matured.
Cyberpsychology, forensic psychology, criminology, and sociology now offer 
validated constructs and models that can be mapped onto digital behaviors. 
Frameworks such as CFBA and CBFM demonstrate empirical gains in predic-
tion and attribution when these insights are integrated with logs and network 
telemetry.

	 4.	 We must prepare evidence that stands up in court and before regulators.
BBNF is not just about finding attackers, it is about proving what happened. 
Continuous capture, strict chain-of-custody, time alignment, and hashing tie 
behavioral indicators back to verifiable artifacts. Lab environments provide con-
trolled contexts for validating models and workflows; domain-specific frame-
works help navigate sector-specific legal and privacy constraints; and metrics like 
ABS, CBAM, and CBS support structured, explainable testimony and reporting.

	 5.	 Operational ecosystems can finally support it.
Many organizations now run SIEM, UEBA, SOAR, EDR/NDR, and dedicated 
labs capable of hosting behavior-based models, lab-validated detections, and 
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automated investigations end-to-end. The architecture, schemas, and playbooks 
described in this book are designed for that reality, not for an idealized greenfield.

This book is an attempt to gather those threads, technical, behavioral, legal, and 
operational, into a single, teachable, and deployable discipline. It is written for:

	▪	 Students who need a rigorous foundation in modern network forensics that goes 
beyond packet dissection.

	▪	 Practitioners in SOC, DFIR, and threat-hunting roles who must build or operate 
behavior-centric detection and investigation pipelines.

	▪	 Researchers and leaders shaping what “proactive security” and “forensic readi-
ness” will mean in the next decade.

We do not claim that behavior-based network forensics will replace traditional 
methods; rather, it completes them. Packets still matter. Logs still matter. Chain of cus-
tody still matters. What changes is our organizing principle: from isolated artifacts to 
evolving behaviors; from static indicators to dynamic risk; from reacting to yesterday’s 
attack to anticipating tomorrow’s and being ready to prove our case when challenged.

If this book succeeds, you will finish it with two things: a set of concrete tools, 
architecture, lab designs, and workflows you can apply immediately, and a different 
way of seeing your networks, not as inert plumbing, but as living socio-technical sys-
tems whose behaviors can be observed, modeled, and, ultimately, defended.
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(Selected high-frequency acronyms used throughout the book; see full Glossary in the 
back matter for additional terms.)

	▪	 ABS – Adversarial Behavioral Score
Quantitative score representing the likelihood of malicious intent based on anom-
alous user and network behavior, central to CFBA and several case studies.

	▪	 AI – Artificial Intelligence
Broad class of techniques—including ML and deep learning—used for automated 
pattern recognition, anomaly detection, and evidence analysis in network forensics.

	▪	 APT – Advanced Persistent Threat
Long-lived, adaptive attack campaign by a skilled adversary, often leveraging 
stealthy lateral movement and behavioral camouflage.

	▪	 BBNF – Behavior-Based Network Forensics
The overarching approach of this book: emphasizing dynamic behavioral indica-
tors over static signatures in network and log-centric investigations.

	▪	 CBAM – Cyber Behavioral Analysis Metric
Metric within CFBA that quantifies behavioral risk, often at the level of 
Autonomous System Numbers (ASNs) or entities.

	▪	 CBFM – Cyber Behavioral Forensics Matrix
Matrix-based model for mapping relationships among users, entities, and assets to 
predict and detect advanced threats.

	▪	 CBS – Cyber Behavioral Score
Numerical score combining technical and behavioral indicators to rank entities 	
by risk in CFBA-style systems.

	▪	 CFBA – Cyber Forensics Behavioral Analysis
Interdisciplinary framework that fuses forensic cyberpsychology, digital forensics, 
and ML to predict threats and improve attribution.

	▪	 DPI – Deep Packet Inspection
Analysis of packet payloads and headers at Layers 2–7 to identify applications, 
extract metadata, and detect hidden threats.

	▪	 DFIR – Digital Forensics and Incident Response
Practice of investigating, containing, and remediating security incidents using 
forensic methods and structured playbooks.

Acronyms and Key Terms
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	▪	 ICS – Industrial Control Systems
Operational technology environments (e.g., SCADA) that control physical 
processes; require specialized forensic and behavioral approaches.

	▪	 IoC – Indicator of Compromise
Discrete forensic artifact (hash, IP, domain, filename, behavioral sequence) associ-
ated with malicious activity.

	▪	 IoT – Internet of Things
Networked, resource-constrained devices whose heterogeneity complicates log 
collection, forensics, and behavior modeling.

	▪	 MAESTRO
Multi-agent security and threat framework used to integrate AI/ML models, adver-
sarial training, and continuous monitoring in proactive defense.

	▪	 MITRE ATT&CK
Public knowledge base of adversary tactics, techniques, and procedures; used 
throughout the book to map behavioral indicators to standardized technique 
identifiers.

	▪	 ML – Machine Learning
Subfield of AI encompassing supervised, unsupervised, and deep learning methods 
used for anomaly detection, forecasting, clustering, and classification in forensic 
data.

	▪	 NTA – Network Traffic Analysis
Behavioral analysis of flows and metadata (often from NetFlow/IPFIX) to detect 
anomalies and command-and-control patterns without full payload inspection.

	▪	 OSCAR
Investigation framework (Obtain, Strategize, Collect, Analyze, Report) structuring 
network forensic workflows from scoping to reporting.

	▪	 OT – Operational Technology
Systems that monitor or control physical processes (e.g., power grids, pipelines), 
requiring domain-aware forensics and risk models.

	▪	 SCADA – Supervisory Control and Data Acquisition
Class of ICS focused on monitoring and controlling industrial processes; often a 
focus in domain-specific forensics discussions.

	▪	 SIEM – Security Information and Event Management
Centralized platform for collecting, correlating, and investigating security events 
and logs; a key substrate for behavior-driven analytics.

	▪	 SOAR – Security Orchestration, Automation, and Response
Tooling that automates playbooks and response actions based on SIEM/UEBA 
insights, reducing mean time to respond.

	▪	 UEBA – User and Entity Behavior Analytics
Analytics layer that baselines normal behavior for users and assets and assigns 
dynamic risk scores to anomalies.

	▪	 XAI – Explainable AI
Methods for making AI/ML model decisions interpretable and legally defensible 
in forensic and legal contexts.
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3

INTRODUCTION

Chapter 1, an Introduction to Advanced Network Forensics, includes a shift from tradi-
tional reactive models to behavior-based and interdisciplinary methodologies that incorpo-
rate cyberpsychology, machine learning (ML), and legal and ethical considerations (Rich &  
Aiken, 2024; Rich, 2025; Al Mutawa, 2018). The first chapter also provides background for 
this course on the need for more advanced network forensic practices, as well as an intro-
duction to key topics and concepts covered in later chapters. In the initial section of this 
chapter, the limitations of current forensic approaches are presented, which are primarily 
reactive and focus on collecting technical artifacts from networked systems after an inci-
dent has occurred. These traditional methods are effective in some respects but fall short 
of addressing the behavioral and motivational factors of cybercrime, which are essential  
for understanding the full context and scope of network-based attacks (Al Mutawa, 2018;  
Carrier & Spafford, 2003; Kohn et al., 2013).

To overcome these shortcomings, a new cyber forensics behavioral analysis (CFBA) 
approach to digital forensics is introduced. In a recent publication, the co-authors Rich and 
Aiken (2024) outline the framework, which combines elements of digital forensics with the 
field of cyber behavioral science to create more proactive and predictive models for threat 
identification and prevention. This approach, known as CFBA, has shown promise in identify-
ing potential threats by analyzing patterns of behavior and other relevant data (Rich & Aiken, 
2024). The key innovation of the CFBA model is its incorporation of an adversarial behavioral 
score (ABS), which assesses the likelihood of malicious intent based on analysis of network 
traffic, user activity, and social media postings (Rich & Aiken, 2024; Yuan & Wu, 2021). In 
practice, this ABS can predict future malicious actions with up to 70 percent accuracy over 
45 days (Rich & Aiken, 2024; Yuan & Wu, 2021). With this accuracy rate, organizations can  
identify unusual behavior patterns, such as anomalous login attempts, data exfiltration,  
or even insider threats, before they fully develop into attacks (Rich & Aiken, 2024; Yuan & 
Wu, 2021).

As the chapter continues, we will highlight the critical role that ML and artificial intelli-
gence (AI) play in the success of CFBA and traditional forensic models. Tools for behavioral 
analytics can be used to set dynamic baselines for normal user behavior and flag anomalous 
activity that may indicate insider threat actors or external compromise (Securonix, 2025a, 
2025b; Splunk, 2023, 2025). Predictive models trained in historical incidents and breach data 
can forecast new threats and provide real-time early warnings for attackers as they try to 
exploit newly discovered zero-day vulnerability (Rich & Aiken, 2024; Yuan & Wu, 2021). These 
models can help contextualize and verify technical alerts by assessing whether they align 

CHAPTER 1
Introduction to Advanced Network Forensics
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with known psychological profiles (e.g., high risk-taking behavior or financial distress) and 
can reduce false positives by considering user intent (Gurucul, 2023a, 2023b; Exabeam, n.d.; 
Rich & Aiken, 2024).

Another key concept discussed in the chapter is the importance of interdisciplinary 
integration for the future of cybersecurity. Cyberpsychology, for example, can offer insights 
into motivation profiling, the use of forensic tools to investigate cybersex crimes, and  
online disinhibition effects, which can help explain why adversaries select targets and tac-
tics (Aiken, 2024; Al-Mutawa, 2018, 2019; Rich, 2025). Forensic psychology, on the other 
hand, can offer techniques for deception detection, criminal and geographical profiling, and 
decision-making analysis to assist investigators in discerning offender and associate groups 
as well as likely actions (Carrier & Spafford, 2003; Kohn et al., 2013; Kacker, 2021; Vlajić, 
2022). Legal and ethical issues, which include systemic forensic models for incorporating 
proper chain-of-custody (Sabir et al., 2021) and cross-jurisdictional compliance (Yuan & Wu, 
2021), are covered in this chapter with references to the Systematic Digital Forensic Inves-
tigation Model (SDFIM), while sociological insights on macro-level crime causes, organiza-
tional cultural influences, and peer group and subculture predictors can help inform root 
cause analysis of, and preventive interventions for, cybercrime (Sutton & Tompson, 2025; 
Yarovenko et al., 2023).

Reactive versus proactive cybersecurity measures are compared later in the chapter. 
Reactive strategies that center on breach remediation are much more costly, labor-intensive, 
and disruptive to normal operations and are ultimately shown to be ineffective at long-term 
prevention of repeat incidents (CrowdSec, n.d.; Stefanini, 2024). In contrast, proactive 
methods that combine continual monitoring, threat intelligence, and behavioral analytics 
appear to be much more successful, even showing the potential to neutralize attackers 
and attacks before they occur (CrowdSec, n.d.; Stefanini, 2024). Examples are given of 
how behavior-based models in network forensics can improve the investigation and attri-
bution of cyberstalking, online child exploitation, and insider data theft cases by offering 
more concrete investigative leads, inferring potential motivations and goals, and narrowing 
suspect pools (Al Mutawa, 2018; Carrier & Spafford, 2003; Kohn et al., 2013; Marcum & 
Higgins, 2021).

The last part of this chapter focuses on current barriers and future trends in cyberse-
curity. Barriers include a need for specialized training at the intersection of cyber, psychol-
ogy, and criminology, ethical concerns, potential privacy issues, and a lack of necessary 
resources on the part of smaller organizations to procure access to AI algorithms and/or 
forensic capabilities (Carrier & Spafford, 2003; Kohn et al., 2013; Papadimitriou & Borrion, 
2025). Trends show that new, automated behavioral analysis software and global standards 
are on the rise. New advanced education programs, which include master’s-level cyber foren-
sics curriculum that incorporates cyberpsychology, are being developed to meet the growing 
need for cross-trained, cross-functional professionals who can address modern threats on 
the nexus of technology, psychology, and criminal justice (Capitol Technology University, 
n.d.; Rich & Aiken, 2024; Rich, 2025). In conclusion, it is argued that the blending of human 
behavioral analysis with technical forensics and AI-powered analytics can help move orga-
nizations toward a more proactive stance of threat anticipation instead of reactive remedi-
ation, increasing overall cyber resilience (Rich & Aiken, 2024; Carrier & Spafford, 2003; Kohn 
et al., 2013).
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KEY TERMS

	▪	 advanced network forensics
	▪	 advanced persistent threats (APTs)
	▪	 Adversarial Behavioral Score (ABS)
	▪	 anomaly detection
	▪	 behavioral analytics
	▪	 behavior-based network forensics (BBNF)
	▪	 behavioral threat review
	▪	 chain of custody
	▪	 cyber behavioral science
	▪	 Cyber Forensics Behavioral Analysis 

(CFBA)
	▪	 cyberpsychology
	▪	 digital evidence
	▪	 false-positive rates
	▪	 forensic psychology
	▪	 insider threat

	▪	 legal and ethical considerations
	▪	 machine learning (ML) in forensics
	▪	 mean time to detect (MTTD)
	▪	 mean time to respond (MTTR)
	▪	 open-source intelligence (OSINT)
	▪	 proactive cybersecurity
	▪	 reactive cybersecurity
	▪	 sociological analysis
	▪	 systematic digital forensic investigation 

model (SDFIM)
	▪	 tactics, techniques, and procedures (TTPs)
	▪	 threat intelligence
	▪	 traditional forensic methodologies
	▪	 true positive rates
	▪	 user-behavior analytics (UBA)

LEARNING OBJECTIVES

By the end of Chapter 1, readers will be able to:

	 1.	 Distinguish traditional artifact-centric forensics from behavior-based network forensics 
(Al Mutawa, 2018; Carrier & Spafford, 2003; Kohn et al., 2013).

	 2.	 Explain how the CFBA framework and ABS improve early threat detection (Rich & Aiken, 
2024; Yuan & Wu, 2021).

	 3.	 Describe how ML and AI support baselining, anomaly detection, and false-positive 
reduction (Gurucul, 2023a, 2023b; Splunk, 2023, 2025).

	 4.	 Summarize how cyberpsychology, forensic psychology, and sociology strengthen inves-
tigations (Aiken, 2024; Papadimitriou & Borrion, 2025; Vlajić, 2022).

	 5.	 Explain why chain of custody, privacy, and legal compliance matter in behavior-based 
investigations (Carrier & Spafford, 2003; Kohn et al., 2013).

	 6.	 Apply proactive monitoring, threat intelligence, and behavioral analytics to investigative 
workflows (CrowdSec, n.d.; Stefanini, 2024).

WHY THIS CHAPTER IS IMPORTANT

This chapter is important because it provides a foundation for why advanced network 
forensics has shifted away from post-incident, artifact-centric investigations, and why 
behavior-based network forensics and frameworks like CFBA are critical for detecting 

c01.indd   5c01.indd   5 03-06-2026   14:39:3803-06-2026   14:39:38



6 FOUNDATIONS OF ADVANCED NETWORK FORENSICS USING A CYBER-BEHAVIORAL SCIENCE APPROACH

and predicting cyber threats. It explains how behavior‐based analytics can help in  
significantly reducing detection and response times, reduce the amount of wasted 
time and resources on false positives, and provide more actionable forensic insights 
that take investigations beyond technical artifact reconstruction and toward the realm 
of prediction and preemption (Rich & Aiken, 2024; Rich, 2025; Yuan & Wu, 2021). 
In addition, it introduces network forensics as a multidisciplinary field that can and 
should include a variety of lenses to address both human- and technically centric 
adversarial activity, providing insights into the importance of cyberpsychology and 
forensic psychology in understanding attacker mindsets and broader societal influ-
ences on cyber threat actors (Aiken, 2024; Papadimitriou & Borrion, 2025). Finally, 
this chapter underscores the legal and ethical frameworks that govern cyber forensics 
(Carrier & Spafford, 2003; Kohn et al., 2013). These help security and cyber forensic 
analysts understand the importance of strict compliance with the rules of evidence 
and data privacy regulations to preserve the admissibility of forensic evidence and pro-
tect individuals’ rights during an investigation.

HOW IT RELATES TO ADVANCED CYBER BEHAVIOR-BASED 
NETWORK FORENSICS

Advanced cyber behavior-based network forensics represents the evolution of inci-
dent investigation: from artifact-centric, reactive approaches to prioritizing threat 
prediction and preemption based on the analysis of human- and machine-generated 
behaviors. This chapter introduces the core concepts, including CFBA scoring, 
ML-driven anomaly detection, the need for interdisciplinary profiling, and legal 
and ethical compliance requirements, which define the new behavior‐based par-
adigm in network forensics (Rich & Aiken, 2024; Gurucul, 2023a, 2023b; Splunk, 
2023, 2025). In other words, this chapter provides the basic conceptual framework 
for contextualizing the various elements of deploying end-to-end behavior-based 
forensic architectures, including behavioral analytics tools, threat intelligence feed 
integrations, and workflow automation that support real-time threat hunting. This 
approach to behavior‐based network forensics, as the reader will see from the rest 
of the book, is a foundational shift in focus from “What happened?” to “What is 
likely to happen next?” Therefore, this chapter is important because it provides the 
conceptual “toolkit” to operationalize the behavior‐based shift.

WHY IT MATTERS

If organizations continue to rely on reactive, artifact-driven investigations alone, they 
will remain one step behind adaptive adversaries that exploit both technical vulner-
abilities and human behavior. A behavior-based forensic model shifts the focus from 
after-the-fact reconstruction to earlier detection, richer context, and preemptive 
response.

Question: What is the CFBA framework, and how does it improve threat detection?

Answer/Explanation: The CFBA framework leverages existing digital forensic 
evidence and cyber behavioral science to detect potential threats. The framework 
includes an “ABS” that can be assigned to any user or entity based on patterns 
observed in user behavior, such as atypical login times, data access, or social 
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media activity. CFBA can identify and predict the probability of malicious intent 
from users days or even weeks in advance. This proactive, preemptive scoring pro-
cess, as opposed to the more reactive nature of signature-based systems, can also 
significantly reduce the number of false positives by prioritizing high-risk behav-
iors, thereby allowing human-led investigation and remediation of threats before 
they are fully exploited (Rich & Aiken, 2024; Sibanda, 2024).

Today’s threat landscape is dominated by human-driven dynamic attacks that are  
not intercepted by static signature systems and involve a combined effect of 
psychological, social, and technical vulnerability (Al Mutawa, 2018; Kacker, 2021). 
Organizations that do not include behavioral analysis in their forensic toolkit are at risk.

WHY I NEED TO KNOW THIS

Knowledge of the differences between forensic readiness and traditional incident 
response is necessary because artifacts have been the cornerstone of past, reactive 
investigations (Figure 1.1). Investigation typically entails correlation logs, disk images, 
and network packets to establish event facts, but this approach has limitations in its 
ability to address the adversary’s original intent or predict future behavior (Al Mutawa, 
2018; Carrier & Spafford, 2003; Kohn et al., 2013). The integration of CBS into digital 
forensics, as encapsulated in the CFBA framework, offers an alternative means of 
detecting adversarial intent ahead of time, prior to significant organizational impact, 
thus shortening response timelines and containing losses (Rich & Aiken, 2024; Yuan &  
Wu, 2021). In other words, this chapter introduces proactive cybersecurity, which 
means threats and risks will not stop responding to past incidents; they will also be 
predicted and, at the very least, mitigated in near real-time. In this way, there is more 
preparedness in the cybersecurity realm.

Knowing about cyber behavioral analytics and ML in security helps reduce false 
positives. Even with advanced signature engines and AI-anomaly detectors, ana-
lysts handle hundreds of benign alerts daily using signature- and rule-based systems, 

UNDERSTANDING ADVANCED NETWORK FORENSICS

1

2

3
IMPORTANCE OF THE
CFBA FRAMEWORK

Behavior-based
analytics for faster

detection and
response

Cyberpsychology
and forensic
psychology

perspectives

Evidence handling
and privacy
protection

INTERDISCIPLINARY
INSIGHTS

LEGAL AND ETHICAL
CONSIDERATIONS

FIGURE 1.1.   Core 
components of advanced 
behavior-based network 
forensics. The model 
integrates technical 
evidence, behavioral 
analysis, and operational 
response to support 
earlier detection and 
better contextualized 
investigations. 
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leading to missed threats and delayed investigations (Gurucul, 2023a; Splunk, 2023, 
2025). Baseline models monitor normal behavior (such as login times, data access, and 
network traffic) and flag unusual activity that may indicate insider misuse or exploi-
tation (Gurucul, 2023b; Sabir et al., 2021; Yuan & Wu, 2021). Learning these concepts 
lets users cut noise, focus on real risks, and respond faster to high-confidence alerts 
while automating low-confidence ones. Furthermore, understanding these technical 
models lays the groundwork for integrating broader perspectives on human behavior 
into cybersecurity.

Knowledge of theories and models in cyberpsychology, forensic psychology, and 
sociology is crucial because this interdisciplinary combination helps analysts account 
for sociological factors, patterns of offending and victimization, and broader categories 
of digital harm when predicting likely attack vectors and targets (Papadimitriou &  
Borrion, 2025; Marcum & Higgins, 2021; World Economic Forum, 2023, 2025). It also 
helps investigators assess motivational drivers, whether a threat actor is a financially 
motivated malware developer or a disgruntled insider working with an outside com-
petitor, and prioritize the highest-value indicators for intervention (Kacker, 2021; 
Papadimitriou & Borrion, 2025). In either case, these efforts improve understanding of 
the human factor in cybersecurity and create a shared vocabulary across technical and 
nontechnical teams for more efficient collective decision-making and holistic defense 
formulation.

Question: How does cyberpsychology contribute to advanced network forensic 
investigations?

Answer/Explanation: Cyberpsychology, which emphasizes understanding the 
interplay between human behavior and technology, provides a holistic framework 
that encompasses various facets of an intrusion. It aids in profiling the attacker’s 
motivations, whether financial, ideological, or driven by personal vendettas, by 
examining patterns in communication, social media activity, and behavioral cues. 
For example, if an investigation reveals a history of accessing extremist forums or a 
sudden change in online rhetoric, a cyberpsychology lens can identify the motiva-
tional triggers for the intrusion. These insights not only help investigators narrow 
down potential suspects and predict possible attack vectors but also ensure that no 
stone is left unturned by considering both technical and psychological dimensions 
in the design of preventative measures (Aiken, 2024; Al Mutawa, 2018).

The legal and ethical implications of this emerging area are important consider-
ations, as traditional IT and security personnel may have less awareness of data privacy, 
cross-jurisdiction, evidence-handling, and chain-of-custody requirements (Carrier & 
Spafford, 2003; Kohn et al., 2013). In contrast, knowledge of applicable frameworks 
such as the SDFIM and related frameworks can help preserve evidence integrity while 
also meeting stricter compliance and legal requirements (Carrier & Spafford, 2003; 
Kohn et al., 2013). In a practical sense, this knowledge and understanding help pre-
vent regulatory fines and reputational damage and enable organizations to rely on it to 
provide trusted, court-admissible results.

HOW DO I APPLY THIS?

To apply the concepts in real-world environments, follow these practical steps. 
Figure 1.2 provides a concise visual summary of the workflow.
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Define a Baseline of Normal Behavior
First, instrument network and endpoint logging for desired attributes (time and fre-
quency of logins, accessed files and applications, common data transfer volumes, etc.) 
over a period (Gurucul, 2023a; Splunk, 2023, 2025). Establish a “digital fingerprint” of 
regular user and system behavior from these logs. Next, deploy a behavioral analytics 
platform (or configure a SIEM solution with user‐behavior analytics (UBA) modules 
that automatically computes a set of statistical baselines (Gurucul, 2023b). Finally, 
configure the platform to alert anomalous deviations (high- or low-confidence) based 
on a set of preconfigured rules, e.g., a user accessing a considerable number of data 
files at an unusual hour, or a non-admin account performing administrative actions.

Explanation of CFBA
CFBA is an interdisciplinary model that integrates forensic cyberpsychology, 
digital forensics, predictive modeling, and behavioral analysis metrics such as 
the Cyber Behavioral Analysis Metric (CBAM) and cyber behavioral signature. 
The model, introduced by Rich and Aiken (2024), departs from traditional, 
signature-based cybersecurity approaches and builds on earlier behavioral 
digital-forensics work that embedded behavioral evidence into digital crime 
investigations (Al-Mutawa et al., 2018, 2019).

HOW DO I APPLY THIS?

STEP 1

ESTABLISH A BASELINE
OF NORMAL BEHAVIOR

IMPLEMENT LEGAL AND
ETHICAL SAFEGUARDS

COLLABORATE ACROSS
DISCIPLINES

MEASURE
EFFECTIVENESS

ADOPT A PROACTIVE
POSTURE THROUGH

CONTINUOUS MONITORING

LEVERAGE MACHINE
LEARNING FOR REAL-TIME

ANOMALY DETECTION

INCORPORATE
CYBERPSYCHOLOGY AND
FORENSICS PSYCHOLOGY

TECHNIQUES

INTEGRATE THE CFBA
FRAMEWORK FOR

PREDICTIVE SCORING

STEP 2

STEP 3 STEP 4

STEP 5 STEP 6

STEP 7 STEP 8

FIGURE 1.2.   Applying 
chapter concepts in practice. 
The workflow moves from 
baselining and predictive scoring 
to interdisciplinary review and 
performance measurement. 
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10 FOUNDATIONS OF ADVANCED NETWORK FORENSICS USING A CYBER-BEHAVIORAL SCIENCE APPROACH

CFBA, unlike traditional reactive approaches, is a proactive model that does 
not rely on static indicators of compromise (IoCs). It employs behavior-driven strat-
egies, empowering organizations to detect sophisticated threats earlier by under-
standing and predicting adversarial behavior.

Integrate the CFBA Framework for Predictive Scoring
Configure (or build) a CFBA module that ingests enriched network telemetry 
(NetFlow records, DNS queries, etc.) and contextual data (user profiles, geolocation, 
asset value, etc.) (Rich & Aiken, 2024; Yuan & Wu, 2021). Train (or calibrate) the CFBA 
scoring engine on historic incidents by labeling known benign and malicious behav-
iors to create an ABS for every user or session. To operationalize the CFBA score, 
define score thresholds for various levels of follow-up actions, e.g., every user with a 
cumulative score >70 (out of 100) over a rolling 30-day period automatically triggers a 
high-priority investigation. Integrate the CFBA score with existing threat intelligence 
sources to improve scoring accuracy and minimize false positives.

	 1.	 Utilize ML for real‐time anomaly detection. Deploy supervised and unsu-
pervised models to identify clusters of common behavior, flag known malicious 
patterns, and surface subtle deviations in near real time. Retrain the models peri-
odically, validate them against drift and context-specific network conditions, and 
route outputs to a central dashboard so analysts can review anomaly scores and 
underlying events efficiently (Arp et al., 2020; Gurucul, 2023a; IJC SMC, 2024; 
Mohammed et al., 2024a, 2024b, Rich & Aiken, 2024; Yuan & Wu, 2021).

	 2.	 Apply cyberpsychology and forensic psychology techniques. Augment 
technical alerts with profile information drawn from open‐source intelligence 
(OSINT) and/or interview relevant stakeholders to derive attacker motivational 
characteristics, such as financially motivated, ideological, opportunistic, and insider 
grievance (Aiken, 2024; Kacker, 2021). Such information helps determine the 
adversary’s intent and then develop appropriate countermeasures. For example, 
if the logs show multiple failed logins from a single user outside regular business 
hours, use geolocation data and known historical baseline patterns (e.g., support-
ing remote workers) to determine whether the activity is truly malicious (e.g., 
compromised credentials) or a likely false positive. Implement forensic psychology 
techniques, such as deception detection in email communications or linguistic 
analysis of chat logs, to help uncover insider threats. Record this information in an 
investigation notebook to create a narrative around the user’s behavior in addition 
to technical evidence (Carrier & Spafford, 2003; Kohn et al., 2013; Vlajić, 2022).

	 3.	 Build legal and ethical controls. Define and document a formal chain‐of‐ 
custody process (Carrier & Spafford, 2003; Kohn et al., 2013; Pakistan Journal of 
Law & Social Sciences, 2025) for the collection of behavioral data points, using a 
model such as the SDFIM. Log every step of the evidence‐handling process, from 
who collected it to how it was stored or analyzed, so that it will be admissible in 
court. Remind the security teams of the data privacy laws (e.g., GDPR, HIPAA, 
FISMA) at regular intervals and conduct refresher training on how to manage 
high-risk situations, taking care of individual rights as well as organizational 
liabilities.

	 4.	 Take a proactive stance with persistent monitoring. Implement persistent 
monitoring with appropriate resources and controls for critical assets. Conduct 
routine inspections and reviews of high‐risk CFBA scores and anomalies dash-
boards on a daily or weekly basis. Have playbooks ready that define specific steps 
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11Introduction to Advanced Network Forensics

for investigation by alert category. For instance, if inbound DNS lookups from a 
database server jump by 200% (anomaly), isolate the database from the network 
and perform deep packet inspection (CrowdSec, n.d.; Stefanini, 2024). Build a 
threat‐hunting team that leverages CFBA scores and ML‐generated anomalies to 
actively identify indicators of advanced attack campaigns, such as spear‐phishing 
activity, lateral movement, or unusual data exfiltration patterns (Rich & Aiken, 
2024). Periodically conduct simulated insider threat exercises (e.g., employee 
tries to copy customer lists after receiving termination notice) to validate whether 
the detection rules and behavioral baselines are surfacing potentially malicious 
activity in advance.

	 5.	 Work together with the cross‐disciplinary team. Inclusively share infor
mation to involve the audience in the solution. Establish a cross‐functional 
working group to manage the user and entity behavior analytics program, which 
could include representatives from IT operations, legal, human resources, and 
(ideally) CBS. Schedule regular “behavioral threat review” meetings in which data 
scientists present the top CFBA alerts for the period, forensic psychologists share 
possible motivational inferences, and legal experts discuss potential privacy issues 
(Papadimitriou & Borrion, 2025; Sutton & Tompson, 2025; Yarovenko et al., 2023). 
Use this forum to tune detection thresholds, fine‐tune the ML model parameters, 
and update incident response playbooks. Foster knowledge sharing, for example, 
by distributing whitepapers on new attacker TTPs or publishing an internal FAQ 
for how to interpret ABSs.

	 6.	 Define metrics and measure effectiveness. Assure the audience by defining 
the success metrics for this solution’s impact on the organization’s security and 
privacy posture. Define KPIs such as mean time to detect (MTTD) and mean time  
to respond (MTTR), as well as reduction in false‐positive rates. After two to  
three months of deploying the CFBA solution, hold a retrospective review: com-
pare key incident response metrics (detection rate, MTTD, MTTR) before and 
after CFBA implementation, calculate the percentage of true positives identified 
by the behavioral analytics module, and measure how many high‐confidence 
alerts were responsible for stopping or containing breaches (Rich & Aiken, 2024; 
Yuan & Wu, 2021). Solicit feedback from the incident responders to highlight any 
areas for improvement, such as overly sensitive thresholds that trigger too many 
low-risk alerts and recalibrate the models. Continuously update documentation 
and training materials to reflect any lessons learned from these reviews.

COHESIVE AND SYNERGISTIC RESPONSE

Chapter 1 introduces an integrated, behavior-based approach to network forensics, 
illuminating the benefits of a more human-centric, interdisciplinary perspective in 
understanding and anticipating adversarial behaviors (Table 1.1). The chapter’s reflec-
tions on traditional artifact-driven methods in network forensics set the stage for this 
approach, acknowledging the inherent limitations of relying solely on post-incident 
analysis of system logs and disk images in anticipating dynamic, human-driven threats 
such as insider attacks or social engineering schemes (Al Mutawa, 2018; Carrier & 
Spafford, 2003; Kohn et al., 2013). It then seamlessly transitions to an exploration of 
proactive frameworks, such as the CFBA framework, which harmonizes technological 
and behavioral data. This is intended to integrate into investigations (Rich & Aiken, 
2024; Yuan & Wu, 2021).

The CFBA framework significantly enhances the capacity to anticipate malicious 
activity by calculating ABS and, when combined with comprehensive digital evidence 
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12 FOUNDATIONS OF ADVANCED NETWORK FORENSICS USING A CYBER-BEHAVIORAL SCIENCE APPROACH

and enriched intelligence, enables organizations to predict malign intent up to 45 days 
prior to an attack’s execution (Rich & Aiken, 2024). The CFBA is expected not only 
to improve detection rates for early-stage attack activity and lateral movement but 
also lower false-positive rates by placing such anomalous behavior in the context of 
long-term behavioral baselines (Gurucul, 2023a; Splunk, 2023, 2025).

The chapter also advocates automating anomaly detection and threat anticipa-
tion using ML and AI algorithms. The use of supervised and unsupervised learning 
models to continuously update behavioral baselines and detect deviations is partic-
ularly valuable for understanding insider threats or external compromises. While 
signature-based detection remains dominant in many organizations, ML-enabled 
analytics are better suited to novel and targeted threats and help move defenses 
from reactive response to proactive, behavior-based investigation (Exabeam, n.d.-a; 
VIPRE, 2024).

The contributions from various investigative disciplines are integrated to provide 
a multidimensional understanding of how human motivations, deception techniques, 
and behavioral drivers can inform our investigative priorities. The cyberpsychology lit-
erature, for example, is highly instructive regarding the roles of motivational profiling 
and online disinhibition in identifying individuals who may be high risk (Aiken, 2024). 
Forensic psychology can also lend insight into deceptive practices through such tech-
niques as criminal profiling and deception detection and can be especially helpful for 
parsing behavioral clues in textual communications or network interactions (Kacker, 
2021; Vlajić, 2022). From a sociological perspective, systemic factors such as economic 
marginalization and organizational culture may underline cybercriminal activity and 
inform more holistic prevention strategies (Papadimitriou & Borrion, 2025).

Relationship with Forensic Cyberpsychology
	 1.	 Forensic cyberpsychology foundation: At its core, CFBA is underpinned by 

forensic cyberpsychology. This interdisciplinary field examines the psychological, 
cognitive, and motivational aspects of cybercriminals and adversaries. CFBA 
uses these insights to help cyber analysts understand threat actors’ mindsets, 
predict their next moves, and design more effective, customized mitigation strat-
egies (McAlaney et al., 2018; Rich, 2025; Roy, 2025).

	 2.	 Intelligence from behavior: CFBA emphasizes psychological cues such as per-
sonality traits, emotional states, and behavioral patterns that influence how adver-
saries use and interact with systems and technologies. These cues are translated 

Traditional Detection CFBA Approach

Signature-based Behavior-driven

Reactive Proactive

Static threat indicators Dynamic behavioral signatures

Limited to known threats Capable of identifying emerging and zero-day 
threats

TABLE 1.1   Traditional detection versus the CFBA approach. The comparison highlights how 
behavior-driven analysis expands beyond known indicators and supports proactive detection 
of emerging threats
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13Introduction to Advanced Network Forensics

into CBS, identifiable, measurable, traceable, and actionable behavioral patterns 
that can be used to detect, attribute, and counter threats in real time.

	 3.	 Augmenting digital forensics: Traditional digital forensics is primarily 
concerned with the recovery of artifacts and technical evidence analysis. CFBA 
augments this by infusing digital footprints with behavioral context. For example, 
a sequence of anomalous commands might not just reveal a breach but also 
signal stress-induced errors, compulsive habits, or deliberate obfuscation tactics 
common to a specific psychological profile.

	 4.	 Predictive advantage: CFBA’s use of predictive analytics, driven by the princi-
ples of behavioral science and forensic cyberpsychology, offers a sense of reas-
surance, as it can be used to create risk forecasts and estimate the likelihood of 
threat actors. This forward-looking approach is particularly valuable in modern 
cybersecurity, where threats are increasingly adaptive and unpredictable.

Legal and ethical issues are also a key consideration, with reminders that strict 
adherence to chain-of-custody procedures and other controls is essential to ensuring 
evidentiary integrity and organizational compliance with data privacy laws (Carrier &  
Spafford, 2003; Kohn et al., 2013). The SDFIM incorporates legal and ethical consid-
erations into its frameworks, which ensures behavior‐based investigations remain 
legally defensible and compliant with relevant legal or regulatory requirements.

In sum, Chapter 1 sets the stage for advanced behavior-based network forensics by 
showing how technical evidence, behavioral science, and legal-ethical controls work 
together in a proactive investigative model.

SYSTEMATIC DIGITAL FORENSIC INVESTIGATION MODEL 
(SDFIM)

The SDFIM divides the overall forensic investigation process into 11 distinct yet connected 
steps to provide forensic investigation with discipline and traceability as follows.

	 1.	 Prepare. Written and repeatable plan, resources, goals, constraints (policy, legal, 
organizational), all before touching any evidence.

	 2.	 Secure the scene. Physically and logically isolate the scene from alteration,  
tampering, or contamination of digital evidence.

	 3.	 Survey and recognition. Walk through the scene to recognize potential evidence 
sources and locations, and to visualize data and network/system maps.

	 4.	 Document the scene. Document all observations, configuration, topology, time-
stamps, temperatures, noise, humidity, power sources, building access logs, notes, 
photographs, event logs, or automated captures.

	 5.	 Use communication shielding. Disconnect from known networks and prevent 
remote tampering through air-gapping, turn off interfaces, and wireless access 
control.

	 6.	 Collect evidence. Collect data in a forensically appropriate manner (bit-stream 
disk image, memory dumps, etc.), by strictly following the chain-of-custody 
requirements.

	 7.	 Preserve documentation. Maintain original media and working copies in con-
trolled, secure storage, and compute and record hash values (message digests, 
checksums, file signatures), along with custody documentation, to provide evi-
dence of integrity.
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14 FOUNDATIONS OF ADVANCED NETWORK FORENSICS USING A CYBER-BEHAVIORAL SCIENCE APPROACH

	 8.	 Examine the evidence. Apply trusted forensic methods and tools to analyze the 
working copy of preserved media to extract, recover, and categorize all relevant 
artifacts. Examination is one of the two significant steps in the digital forensic 
process, since often the most important, or “smoking-gun” evidence, can be found 
here and is crucial to organizing artifacts and building a comprehensive timeline 
of events, when, and how.

	 9.	 Conduct analysis. Correlate, examine, and reason about the evidence to answer 
the case questions, reconstruct timelines, and user/system behaviors, then link 
isolated artifacts to form a straightforward narrative of what, when, and how.

	10.	 Present findings. Prepare the results and findings into comprehensive yet 
understandable and defensible reports and visual exhibits for technical readers, 
managers, and the court.

	11.	 Evaluate results and review. Evaluate the case results, methods, and processes, 
and update documentation. Lessons learned are critical and are fed back into the 
documentation phase to provide continuous improvement of policy, procedures, 
tools, and subsequent investigations, and are one of the two significant steps in the 
digital forensic process.

CASE STUDY: FICTITIOUS INSIDER THREAT AT MEDHEALTH 
GROUP

Background
MedHealth Group is a large regional healthcare provider with electronic health 
records (EHR) for more than 50,000 patients. In late 2024, the organization adopted 
a comprehensive Behavior‐Based Network Forensics (BBNF) platform to address the 
threat of advanced and targeted insider threats after realizing that traditional log‐ 
centric forensics was inadequate to the task. The BBNF solution includes the CFBA 
framework, ML-based anomaly detection, cyberpsychology profiling, and, most crit-
ically, rigorous application of legal-ethical controls in accordance with the SDFIM 
(Carrier & Spafford, 2003; Kohn et al., 2013; Rich & Aiken, 2024; Yuan & Wu, 2021).

Incident Scenario
In January 2025, the CFBA engine identified an anomaly in the behavior of “User Y,”  
a billing specialist, whose ABS increased from 20 to 72 over the span of one week, 
which might be cause for concern. Anomalies include:

	▪	 After‐hours EHR database queries: A series of large‐volume (>1.5 GB) data-
base queries performed between 10:30 p.m. and 1:00 a.m., far outside of User Y’s 
regular working hours (8:00 a.m.–5:00 p.m.) (Gurucul, 2023a).

	▪	 Remote VPN access from anomalous geolocation: User Y accessed the net-
work via VPN using a residential IP in a different state, a highly anomalous event, 
rather than from an expected corporate office IP (Splunk, 2023, 2025).

	▪	 Encrypted exfiltration to personal cloud storage: Endpoint DLP logs recorded 
encrypted archives (“PatientList_20250115.zip”) being uploaded to a personal 
cloud storage account (Sabir et al., 2021; Yuan & Wu, 2021).

As such, the combination of off‐hour activity, anomalous geolocation, and 
encrypted exfiltration aligned with known patterns of previous insider events, trigger-
ing an Insider Exfiltration Risk alert in the CFBA engine.
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Implementation of BBNF Components
	 1.	 Behavioral data collection and baselining
	 ▪	 MedHealth ingested various data types (network telemetry, e.g., NetFlow, DNS 

logs; endpoint file-access patterns; application logs, e.g., EHR database queries) 
into a centralized data repository.

	 ▪	 A supervised ML model was trained on six months of historical “known‐good” 
EHR access patterns (Gurucul, 2023a; Splunk, 2023) for dynamic baselining of 
typical clinician and administrative workflows.

	 2.	 CFBA scoring engine
	 ▪	 The CFBA engine calculated an “ABS” (0–100) for each user and endpoint 

session, considering deviations, such as large overnight database queries, 
abnormal remote access (e.g., from unusual locations or at odd hours), and 
irregular data exports (e.g., bulk export to external drives) (Rich & Aiken, 2024; 
Yuan & Wu, 2021).

	 ▪	 Score thresholds were set based on historical data analysis and established 
patterns indicating potential insider risk. For example, any user exceeding 
65 triggered an “Insider Risk” alert for interdisciplinary review, reflecting 
formal risk-scoring practices that help operationalize investigative thresholds 
(Splunk, 2025).

Question: How do ML techniques enhance anomaly detection in network forensics?

Answer/Explanation: ML techniques, both supervised and unsupervised, can 
leverage historical incident data to build baselines for normal user/system behavior 
(e.g., time‐series login frequency, or typical data access patterns). Clustering algo-
rithms (k‐means, DBSCAN) can be used to find groups of similar points in a data set, 
and classification algorithms (random forests, gradient boosting) can be used to label 
known malicious instances (IIETA Publishing, n.d.). Continually retraining on new 
data, ML systems can build a dynamic baseline and spot more nuanced deviations 
(for example, an employee accessing data at an unusual time), which could signal 
insider attacks or stolen credentials. ML‐driven anomaly detection can be leveraged 
to surface only high‐confidence alerts in real‐time, reducing false positives (Gurucul, 
2023a; Splunk, 2023, 2025).

	 3.	 Interdisciplinary profiling
	 ▪	 Cyberpsychology team: Assessed potential motivational indicators by perfor

ming an in-depth analysis of OSINT from social media and private messaging 
platforms for signs of disgruntlement or external coercion (Aiken, 2024; Al 
Mutawa, 2018).

	 ▪	 Forensic psychology team: Conducted post‐alert interviews to detect decep-
tion, assess stress markers, and profile potential insider threat behaviors 
(Brennen & Magnussen, 2022; Dinges et al., 2024; Carrier & Spafford, 2003; 
Kacker, 2021; Kohn et al., 2013).

	 4.	 Legal and ethical safeguards
	 ▪	 All evidence collection (workstation disk images, “clickstream” logs, inter-

view transcripts) adhered to SDFIM guidelines, maintaining chain of custody,  
preserving privacy under HIPAA and GDPR (Carrier & Spafford, 2003; Kohn  
et al., 2013).

	 ▪	 A designated compliance officer reviewed each step for adherence to applicable 
regulations.
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Interdisciplinary Investigation
	 1.	 Technical analysis (SOC Team)
	 ▪	 Network packet inspection: Review of packet captures that revealed 

SMB-over-TLS sessions, a secure file transfer protocol, and evidence of large 
EHR data dumps being transferred to an external IP address. This finding rep-
resents a potential data exfiltration risk.

	 ▪	 Endpoint forensics: A forensic image of User Y’s workstation was created, 
which identified a scheduled PowerShell script automating nightly exports of 
EHR data to a mounted USB drive.

	 ▪	 Anomaly correlation: Baseline was established by the ML model that these 
behaviors exceeded the mean by more than three standard deviations from User 
Y’s usual weekly activity patterns (Gurucul, 2023a; Yuan & Wu, 2021). This is 
something that must not be ignored.

	 2.	 Psychological profiling
	 ▪	 Cyberpsychology assessment: Examination of User Y’s social media revealed 

personal financial struggles, recently incurred medical expenses for a relative, 
and messages implying a willingness to “do anything to help” suggesting both 
motive and vulnerability to financially driven misconduct (Aiken, 2024; Al 
Mutawa, 2018; Walsh Medical Media, n.d.).

	 ▪	 Forensic psychology interview: Conducted a structured and recorded inter-
view where User Y displayed cognitive dissonance and rationalization (“I only 
wanted to help pay the rent”). This interview elicited these vital insights and 
aligned with rationalization patterns described in offender-behavior research, 
underscoring the value of the human element in interpretation (Connolly et al., 
2025).

	 3.	 Legal and compliance review
	 ▪	 Chain of custody documentation: All copies of the data, USB drive, cloud 

transfer logs, and workstation images underwent hashing, timestamping, and 
secure storage in an evidence vault with access logs maintained (Carrier & 
Spafford, 2003; Kohn et al., 2013).

	 ▪	 Regulatory compliance check: The Compliance Officer ensured forensic 
steps complied with HIPAA, GDPR, and MedHealth’s internal privacy policy. 
It is important to note that consent for targeted monitoring was previously 
obtained under employment agreements, which is something we could not 
have done without respecting privacy.

Question: Why is maintaining a documented chain of custody essential in  
behavior‐based network forensic investigations?

Answer/Explanation: A recording of the chain of custody involves logging all 
details and movements of the evidence from the time of seizure to its current loca-
tion to verify the authenticity and integrity of the data. Chain of custody controls 
are crucial in behavior-based forensics, which focuses on analyzing and interpret-
ing users’ and systems’ actions and behavior. Legal action can be taken for mishan-
dling or misinterpretation of sensitive data, such as user activity logs and behavioral 
profiles. A well-documented chain of custody ensures that digital evidence can 
be admitted in court or in a compliance audit (PJ Criminology, 2024; Chavan & 
Bhosale, 2024).
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Outcome and Remediation
	 1.	 Immediate actions
	 ▪	 Access suspension: User Y’s credentials were immediately suspended pend-

ing further internal investigation. This suspension was done in response to the 
security incident to prevent further unauthorized access and to protect systems 
and data.

	 ▪	 Law enforcement referral: MedHealth referred the case to state authorities 
for potential criminal prosecution of unauthorized access and attempted data 
theft based on the combined technical and behavioral evidence.

	 2.	 Organizational changes
	 ▪	 Policy revisions: MedHealth revised data export policies to include multifactor 

approval for any exports of more than 100 MB, as well as limiting off‐hour EHR 
queries unless preapproved by management.

	 ▪	 User education program: Deployed a Cyberpsychology Awareness module 
to staff, including that personal stressors, external pressures, and malicious 
relationships can lead to insider risk behaviors (Aiken, 2024; Papadimitriou & 
Borrion, 2025).

	 3.	 Model calibration and continuous improvement
	 ▪	 Model calibration and continuous improvement: Post‐incident, the ML 

baseline model was retrained to include features from this incident, such as 
USB‐mounted exports and encrypted cloud uploads, as part of an ongoing con-
tinuous improvement to enhance future anomaly detection.

	 ▪	 CFBA scoring thresholds were adjusted to trigger stricter reviews for high‐
access roles (billing, HR, clinical research, etc.) (Rich & Aiken, 2024; Yuan & 
Wu, 2021).

Lessons Learned
	▪	 Reduced dwell time: This incident was detected within 48 hours of first unau-

thorized export, as compared to 7–10 days under the prior log‐centric system  
(Rich & Aiken, 2024; Splunk, 2023). This detection is the “so what,” which shows 
that the system promptly detects and responds to security threats.

	▪	 False positive reduction: Combining CFBA scores and interdisciplinary pro-
filing has successfully reduced false positives by 60% over three months, streamlin-
ing the SOC workload (Gurucul, 2023a; Splunk, 2023), indicating that MedHealth 
is working toward an effective way to manage SOC workload.

	▪	 Holistic threat understanding: Combining cyberpsychology and forensic psy-
chology enriched technical evidence by thoroughly understanding User Y’s moti-
vations, enabling targeted remediation (Papadimitriou & Borrion, 2025; Kacker, 
2021). This understanding is important to note, as it demonstrates the thorough-
ness of the approach.

Relevance to Chapter 1 Concepts
	▪	 Traditional vs. advanced forensics: This case shows the limitations of artifact‐

only investigations (logs, images, etc.) and the value of supplementing with proac-
tive scores that detect insider threats (Al Mutawa, 2018; Carrier & Spafford, 2003; 
Kohn et al., 2013; Rich & Aiken, 2024).
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	▪	 CFBA framework in practice: ABS was seen to be proactive in nature when 
it was successfully combined (i.e., quantified risk) that included off‐hour data 
exports, geolocation anomalies, and encryption patterns, to effectively flag User 
Y’s suspicious behavior prior to large‐scale data theft taking place (Rich & Aiken, 
2024; Yuan & Wu, 2021).

	▪	 ML augmentation: The role of ML‐driven baselining in providing dynamic 
thresholds to capture subtle deviations in User Y’s access patterns cannot be 
overstated, and it would not be possible with just the use of static rules (Gurucul, 
2023a; Yuan & Wu, 2021; Splunk, 2023).

	▪	 Interdisciplinary integration: Investigating User Y’s suspicious activity 
required a team effort. Cyberpsychology profiling was used to uncover financial 
stressors and rationalizations, and forensic psychology techniques were used to 
confirm deceptive intent. The methods used enriched the technical evidence and 
illustrated how human factors are an inseparable part of modern forensics (Aiken, 
2024; Kacker, 2021; Carrier & Spafford, 2003; Kohn et al., 2013).

	▪	 Legal and ethical compliance: By strictly adhering to SDFIM guidelines for 
chain of custody (as well as privacy regulations), MedHealth ensured all evidence 
was admissible and investigations respected patients’ and employees’ rights. This 
commitment to legal and ethical standards gives confidence in the integrity of the 
investigation (Carrier & Spafford, 2003; Kohn et al., 2013).

	▪	 Proactive posture: The rapid detection and intervention have shifted MedHealth 
from a reactive state to a proactive defense strategy, which is the “so what” of 
advanced, behavior‐based network forensics (CrowdSec, n.d.; Stefanini, 2024b).

HOW AND WHAT WE HAVE LEARNED

The concepts covered have profound implications for the MedHealth Group insider 
threat case, promising to usher in a transformative era for forensic investigations. 
By embracing a behavior‐based, interdisciplinary forensic approach, we are not just 
revolutionizing the way investigations are conducted but also reshaping the broader 
cybersecurity landscape. This paradigm shift moves us from the defensive posture of 
log‐trawling after breaches have occurred to a proactive stance that anticipates threats. 
It is a marked evolution from our traditional, reactive practices.

Application and Concepts to the MedHealth Case
	 1.	 Limitations of traditional forensics artifact‐centric investigations miss con-

textual behavioral cues. Before implementing the CFBA framework, MedHealth’s 
SOC investigated the incident via post hoc log reviews and signature‐based alerts. 
These traditional detection methods were unable to distinguish between an autho-
rized off‐hour backup routine and an insider abusing their privileges for data 
exfiltration. As Chapter 1 highlighted, artifact‐centric investigations fall short of 
identifying contextual behavioral cues and can overlook critical indicators of anom-
alous or malicious intent (Al Mutawa, 2018; Carrier & Spafford, 2003; Kohn et al., 
2013). Suppose MedHealth’s SOC had solely relied on technical indicators, such as 
volume‐based thresholds. In that case, they might not have fully appreciated the 
nuances of User Y’s anomalous departure from regular work activity and time.

	 2.	 The CFBA framework and ABS Network Telemetry is enhanced by CBS. The 
chapter introduced CFBA, a holistic model that fuses network telemetry with applied 
CBS to generate an ABS (Rich & Aiken, 2024; Yuan & Wu, 2021). Applying this to 
MedHealth, CFBA accurately identified User Y and elevated their overall threat score 
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to 72, thanks to behavioral anomalies such as off-hour EHR queries, remote VPN 
connections from unusual geolocations, and encrypted uploads to personal cloud 
storage. This high score rightly prioritized User Y for further investigative scrutiny. In 
real-world applications, this scoring not only confirmed the priority user but also val-
idated the predictive power and practical utility of CFBA in proactive threat hunting.

	 3.	 ML-driven anomaly detection is operationalizing behavioral baselining 
with ML. The chapter sheds light on the practical applications of ML in anomaly 
detection. By training its model on User Y’s standard database access patterns, 
modest daytime queries, and office‐based VPN logins, MedHealth’s ML system 
quickly identified and flagged the significant after‐hours export to an unrecog-
nized IP address in a residential area as a three-standard-deviation anomaly. This 
real-world example operationalizes ML baselining and demonstrates how the ML 
baseline prevented SOC analysts from incorrectly flagging the nighttime export as 
a benign daily maintenance job and surfaced anomalous behavior for investiga-
tion in real time, showcasing its tangible impact on detecting potential threats.

	 4.	 Interdisciplinary profiling: cyberpsychology and forensic psychology 
insights are the meeting of tech and human behavior. This chapter accen-
tuated the immense value of interdisciplinary investigation in the real world. It 
highlighted how traditional digital forensics, when enhanced by the psychological 
dimensions of cyberpsychology and forensic psychology, can reveal intricate details 
of a suspect’s motivations and potential deceptive behaviors. In MedHealth’s 
investigation, cyberpsychological profiling was instrumental in uncovering User 
Y’s recent financial struggles through social media evidence, suggesting a possible 
motive for the exfiltration. Concurrently, (1) forensic psychological profiling, using 
(2) linguistic analysis during the interview process, helped the investigators iden-
tify deception markers, such as inconsistent statements and self-focused language 
(e.g., “I” versus “we”). Together, these two complementary disciplines provided 
actionable, interlocking insights into the most salient question: User Y’s intent, 
demonstrating the power of their combined lens in applied cyber investigations.

	 5.	 Legal and ethical considerations include chain‐of‐custody practices and 
admissible findings. Maintaining rigorous chain‐of‐custody protocols and 
adhering to data privacy regulations are prerequisites for admissible findings 
(Carrier & Spafford, 2003; Kohn et al., 2013). In practice, MedHealth’s forensic pro-
cess was SDFIM‐guided (hashing and timestamping the USB‐mounted exports, 
forensically securing workstation images, documenting all processes, etc.). 
Furthermore, the Compliance Officer assured us that MedHealth’s HIPAA and 
GDPR compliance was not violated during this incident. As a result, both internal 
disciplinary and external criminal referral actions are legally sound. This valida-
tion of the real‐world ethical application should also help satisfy the audience that 
the principles are being adhered to and instill confidence in their integrity.

	 6.	 Proactive vs. reactive security emphasizes preventive cybersecurity over 
postmortem puzzling. By taking a proactive approach and scoring all users via 
continuous monitoring and CFBA scoring, MedHealth could pivot away from a 
“chasing‐down‐issues‐after‐they‐have‐already‐occurred” operational model to 
one that more closely resembles the preventive cybersecurity model discussed in 
the chapter (CrowdSec, n.d.; Stefanini, 2024b). This shift represents a significant 
advancement and innovation in our field, aligning closely with the audience’s 
professional interests in data privacy and forensics. As a result of early detec-
tion of User Y’s anomalous behavior, the timeline also shows a marked reduction 
in the breach’s dwell time, from the estimated industry average of 7–10 days  
under the old system to 48 hours. This rapid detection and response effectively 
contained the threat before extensive data leakage.
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Lessons Learned
Figure 1.3 lays out the lessons learned in this chapter.

	 1.	 Behavioral context is crucial for false‐positive reduction. The baselines 
established in BBNF transformed how off‐hour data exports were perceived.  
Before BBNF, these events would have triggered routine alerts, which would have 
taxed SOC resources. By integrating behavioral baselines, MedHealth reduced 
false positives by 60% within three months (Gurucul, 2023a; Splunk, 2023), 
improving precision and freeing the SOC from routine alerts.

	 2.	 Interdisciplinary collaboration enhances investigative depth. The synergy 
of cyberpsychology (motivational profiling) and forensic psychology (deception 
detection) with technical forensics offered more explanatory power than either 
domain alone (Aiken, 2024; Carrier & Spafford, 2003; Kohn et al., 2013; Kacker, 
2021). Chapter 1’s call for cross-functional teams not only enabled MedHealth to 
create an evidence-driven narrative about User Y’s motivations and methods but 
also equipped the team with a comprehensive understanding of them.

	 3.	 Strict evidence governance ensures legal defensibility. SDFIM protocols and 
privacy regulations compliance safeguarded MedHealth from legal pitfalls and 
maintained stakeholder trust (Carrier & Spafford, 2003; Kohn et al., 2013). The 
lesson is that behavior‐based data, which may be inherently sensitive, should be 
handled with the same stringency in the chain of custody and compliance as tra-
ditional digital evidence to protect stakeholder trust.

	 4.	 Proactive detection significantly reduces risk exposure. The CFBA case dem-
onstrated that a proactive solution could intercept an insider threat within 48 hours, 
preventing data exfiltration that could have impacted thousands of patient records. 
This approach validates Chapter 1’s premise that proactive network forensics is 
operationally and financially sound (Rich & Aiken, 2024; Yuan & Wu, 2021).
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FIGURE 1.3.   Lessons learned from the MedHealth case. Early detection, interdisciplinary 
analysis, and evidence governance reduce dwell time and strengthen remediation. 
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Moving Forward: Applying Chapter 1 Learnings
	 1.	 Refine and expand behavioral baselines.
	 ▪	 Commit to an ongoing process of retraining the ML models with newly labeled 

data points like User Y’s incident (Yuan & Wu, 2021; Gurucul, 2023a). Enables 
the capture of new insider threats over time but also reassures us that the 
system is self-improving and staying up to date with evolving insider tactics and 
techniques.

	 ▪	 Ensure baselining is done with consideration of organizational changes (e.g., 
company-wide telework expansion) to prevent false positives from misinter-
preting new legitimate activities as anomalous.

	 2.	 Formalize interdisciplinary workflows.
	 ▪	 Establish a standing “Behavioral Threat Review Board” that rotates in represen-

tatives from SOC analysts, cyberpsychologists, forensic psychologists, and legal 
advisors for regular assessment of high‐risk CFBA alerts.

	 ▪	 This board institutionalizes shared knowledge, ensures an inclusive decision- 
making process, and speeds up investigations while avoiding shortcuts that 
sacrifice breadth for efficiency (Papadimitriou & Borrion, 2025; Sutton & 
Tompson, 2025; Yarovenko et al., 2023).

	 3.	 Enhance legal-ethical training.
	 ▪	 Host quarterly workshops for all staff involved in behavior‐based monitoring 

on SDFIM procedures, new HIPAA/GDPR updates, and privacy best practices, 
including data minimization and proper evidence handling.

	 ▪	 This workshop will reinforce the importance of operating within legal and eth-
ical guidelines, providing assurance and peace of mind (Carrier & Spafford, 
2003; Kohn et al., 2013).

	 4.	 Develop proactive threat-hunting playbooks. Develop standardized play-
books to delineate investigative steps for various CFBA score thresholds and 
anomaly types (e.g., off‐hour bulk exports, remote VPN spikes). This should inte-
grate cyberpsychological indicators, such as cross-referencing with social media 
sentiment analysis where possible, as well as legal compliance checkpoints and 
intervention pathways for escalation and containment (Rich & Aiken, 2024;  
Yuan & Wu, 2021; World Economic Forum, 2023, 2025).

	 5.	 Invest in educational programs on behavior-based forensics. Partner with 
local universities or professional organizations to develop training modules on 
CFBA principles, ML for anomaly detection, and interdisciplinary profiling. This 
approach creates avenues for more specialized forensic cyberpsychology training 
programs to better prepare the future workforce (Aiken, 2024; Papadimitriou & 
Borrion, 2025; Capitol Technology University, n.d.).

Case Summary
The MedHealth Group case study exemplifies the practical application of the core con-
cepts in Chapter 1. By implementing CFBA for predictive scoring, using ML to estab-
lish dynamic baselines, integrating interdisciplinary profiling, and adhering to legal 
and ethical standards, MedHealth transformed network forensics from a reactive pur-
suit into a strategic deterrent. The case’s three key takeaways collectively demonstrate 
the efficacy of behavior-based forensics: (1) false-positive reduction, (2) early detection 
of insider threats, and (3) maintaining legal defensibility. Furthermore, MedHealth’s 
continued investment in model refinement, cross‐functional collaboration, and 
employee education will enable the organization to stay ahead of evolving insider and 
external threats, thereby actualizing the proactive vision articulated in Chapter 1.

c01.indd   21c01.indd   21 03-06-2026   14:39:4303-06-2026   14:39:43



22 FOUNDATIONS OF ADVANCED NETWORK FORENSICS USING A CYBER-BEHAVIORAL SCIENCE APPROACH

CHAPTER SUMMARY

Chapter 1 asserts that the progression from artifact-centric to integrated, behavior-based 
network forensic methodologies marks a significant technical evolution. The chapter 
defines advanced behavior-based network forensics as an interdisciplinary framework 
that systematically integrates technical artifacts with behavioral analytics to bolster 
detection, attribution, and prevention (Al Mutawa, 2018; Carrier & Spafford, 2003; 
Kohn et al., 2013).

Building on this foundation, the chapter presents the CFBA framework, which 
directly improves malicious intent detection and contextualization by integrating 
technical telemetry, behavioral indicators, and adversarial behavioral scoring. 
Through this integration, the framework enables earlier threat identification and pro-
vides investigators with a more actionable, robust investigative context (Rich & Aiken, 
2024; Yuan & Wu, 2021).

To further enhance this methodology, machine learning (ML) and artificial intel-
ligence (AI) establish adaptive activity baselines, automate the identification of anom-
alous activity, and reduce false positives associated with static rule-based systems 
(Gurucul, 2023a; Exabeam, n.d.-a, n.d. b; Splunk, 2023). This technological integration 
deepens the ability to address modern threats.

In addition to these technical advances, interdisciplinary integration remains 
essential. For instance, cyberpsychology, forensic psychology, and sociological anal-
ysis contribute the human context necessary to interpret technical alerts and prioritize 
investigative actions (Aiken, 2024; Kacker, 2021; Papadimitriou & Borrion, 2025).

These interdisciplinary elements are complemented by legal and ethical rigor. 
Structured models such as the SDFIM preserve evidentiary integrity, facilitate admis-
sibility, and verify that behavior-based investigations comply with privacy standards 
and regulatory requirements (Agarwal et al., 2011; Carrier & Spafford, 2003; Kohn  
et al., 2013). In this way, the methodologies achieve both technical and legal robustness.

Consequently, the field is transitioning toward proactive monitoring, threat intel-
ligence integration, and application of behavior-based analytics to minimize dwell 
time and strengthen cyber resilience (CrowdSec, n.d.; Stefanini, 2024a, 2024b). This 
shift marks a comprehensive evolution in defensive strategy.

Nevertheless, despite ongoing challenges such as specialized training require-
ments, privacy concerns, safeguards for automated decision-making, and resource 
limitations, behavior-based forensic practice is increasingly essential for contempo-
rary cyber defense (Ferrag et al., 2024; Future of Privacy Forum, 2025). Taken together, 
these developments underscore the need to integrate technical, behavioral, legal, and 
ethical considerations to advance network forensic methodologies and enhance the 
effectiveness of modern cyber defense strategies.

FINAL THOUGHT

In today’s world, understanding both the technical artifacts and the behavioral dimen-
sions of cyber threats is no longer an option, but a necessity. The CFBA framework, 
ML‐driven analytics, interdisciplinary profiling, and rigorous evidence governance are 
all pillars of a proactive, behavior‐based approach. As the adversaries we investigate con-
tinue to grow in sophistication, only the organizations that can anticipate, contextualize, 
and legally defend their investigations will maintain a decisive advantage. The chapters 
that follow will expand on these foundational concepts by presenting detailed architec-
tures, implementation guides, and real-world case studies, enabling our audience of 
practitioners to operationalize advanced, behavior-based network forensics fully.
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INTRODUCTION

This chapter introduces the foundational concepts, data sources, and workflows that  
underpin network forensics and log analysis, illustrated in Figure 2.1. Network forensics 
focuses on volatile evidence—packets, flows, and logs moving across interconnected  
systems, and therefore depends on continuous capture, careful preservation, and disciplined 
reconstruction of events across time (Sikos, 2020; Corey et al., 2002).

KEY TERMS

	▪	 adversarial behavior
	▪	 anomaly detection
	▪	 audit trail generation
	▪	 artificial intelligence (AI)
	▪	 augmented analysis
	▪	 APT profiling
	▪	 behavioral AI
	▪	 behavioral indicators
	▪	 behavioral matrix (CBFM)
	▪	 behavioral normalization
	▪	 cognitive vulnerabilities

	▪	 Cyber Behavioral Analysis Metric (CBAM)
	▪	 Cyber Behavioral Score (CBS)
	▪	 chain of custody
	▪	 correlation rules
	▪	 cyber deception networks
	▪	 Cyber Forensics Behavioral Analysis 

(CFBA) Framework
	▪	 cyber threat intelligence
	▪	 cyberpsychology
	▪	 data parsing

LEARNING OBJECTIVES

By the end of this chapter, readers will be able to:

	 1.	 Contrast packet- and flow-centric network forensics with host-based forensics and 
explain why continuous capture matters (CEMCA, n.d.; Sikos, 2020).

	 2.	 Explain how the OSCAR methodology structures network-forensic investigations from 
scoping through reporting (Dobrynin et al., 2023).

	 3.	 Apply an OSI-layer perspective to select and interpret evidence from physical capture 
points through application-layer reconstruction (Corey et al., 2002; Feibish et al., 2023).

	 4.	 Use Wireshark, tcpdump, Snort, and DPI tools to inspect traffic and uncover hidden 
threats (Cheng et al., 2021; Ma, 2020; Xu et al., 2016).

CHAPTER 2
Fundamentals of Network Forensics and  

Log Analysis
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	 5.	 Compare packet capture with NetFlow/IPFIX and determine when each is most useful 
for triage and large-scale monitoring (Feibish et al., 2023; Kentik, 2025).

	 6.	 Identify major log sources and explain agent-based and agentless collection approaches 
across enterprise environments (ManageEngine, n.d.; SigNoz, 2024).

	 7.	 Describe core parsing methods and recognize tokenization, semantic-drift, and 
context-loss risks in log analysis (LogIntelligence, 2024; Ryciak et al., 2022; Yadav et al., 
2023).

	 8.	 Explain evidence-preservation requirements, including NTP synchronization, hashing, 
and chain of custody (Forensic Focus, 2025; PrivacyEngine, n.d.).

	 9.	 Use automation and visualization to support anomaly detection, timeline reconstruc-
tion, and network-topology reporting (Exabeam, n.d.; Montini, 2024; Sikos, 2020).

WHY THIS CHAPTER IS IMPORTANT

Basic network and log forensics techniques are essential for any advanced behavior‐
based investigation. Without an understanding of continuous capture technologies 
and documented chain‐of‐custody practices, critical evidence may be lost or ruled 
inadmissible in legal proceedings (Forensic Focus, 2025; Sikos, 2020):

	▪	 Proficiency with DPI frameworks is required for detecting obfuscated or encrypted 
payloads and channels that adversaries use to evade traditional defenses (Cheng  
et al., 2021; Ma, 2020).

	▪	 Familiarity with flow telemetry is necessary for efficient monitoring of large‐scale, 
high‐velocity environments to ensure anomalous patterns are quickly identified 
and triaged (Feibish et al., 2023; Kentik, 2025).

OSCAR
MET HODOLOGY
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TELEME TRY 
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DATA LINK
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AUTOMATED
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FIGURE 2.1.   
Conceptual map linking 
the OSCAR investigative 
workflow to the OSI-layer 
view used in this chapter. 
OSCAR is an investigative 
process that guides how 
evidence is obtained, 
strategized, collected, 
analyzed, and reported; 
it is not part of the OSI 
stack. 
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	▪	 Effective log parsing is the basis for reliable data correlation across different sources 
and time periods, helping reduce false positives and maintain high accuracy as log 
formats and semantics evolve (LogIntelligence, 2024; Ryciak et al., 2022; Yadav  
et al., 2023).

	▪	 Automated, ML, and data visualization techniques are used to speed up investi-
gative workflows for rapid triage and comprehensive reporting (Exabeam, n.d.; 
Montini, 2024).

The chapter’s conceptual framework combines the OSCAR methodology with 
an OSI-layer view of evidence to guide investigation from scoping through reporting. 
OSCAR structures the work of obtaining context, strategizing, collecting, analyzing, 
and reporting, while the OSI model helps analysts determine which data sources and 
artifacts should be examined at each layer (Dobrynin et al., 2023; Corey et al., 2002; 
Feibish et al., 2023). Figure 2.2 illustrates this relationship: OSCAR is the investigative 
workflow surrounding the layered evidence model; it is not itself part of the OSI stack.

The section on packet capture and analysis introduces capture mechanisms such 
as SPAN/port mirroring, SMON, network TAPs, and passive sniffers, along with the 
trade-offs involved in completeness, performance, and deployment. Table 2.1 summa-
rizes common packet-analysis tools and typical use cases, with emphasis on protocol 
decoding, session reassembly, and security monitoring (Ma, 2020; Sikos, 2020; Cheng 
et al., 2021; Agorsah, 2022).

Packet Capture and Flow Telemetry
Let’s now compare full packet capture with NetFlow/IPFIX telemetry. Flow telemetry  
provides metadata-centric summaries of communications between source and  
destination systems, making it useful for scalable, high-throughput monitoring with 
a smaller storage footprint (Feibish et al., 2023). It also supports hybrid workflows 
in which anomalous flows are identified first and then escalated to packet-level 
inspection for richer context (Renouard, n.d.). Machine learning (ML)–augmented 
and behavior-based analysis can use this telemetry to detect previously unseen 
activity, such as covert DNS beaconing, abnormal command-and-control patterns,  
or data-exfiltration behavior (Yadav et al., 2023; Ryciak et al., 2022).

OSCAR surrounds the OSI stack as the investigative workflow

OSI-Layer Evidence Model (Layers 2–7)

Layer 7 Application
DNS, HTTP, email, application transactions

Layer 6 Presentation
Encoding, formatting, encryption / TLS

Layer 5 Session
Session setup, persistence, RPC, auth context

Layer 4 Transport
TCP/UDP, ports, sessions, flow behavior

Layer 3 Network
IP addressing, routing, ICMP, path data

Layer 2 Data Link
MAC addresses, VLAN tags, ARP, frame metadata

Obtain

It structures the work; it is not itself part of the stack

Context and scope

Report
Findings and evidence

Strategize
Plan approach

Collect
Packets, flows, logs

Analyze
Correlate artifacts

FIGURE 2.2.   OSCAR 
workflow surrounding 
the OSI-layer 
evidence model. 
OSCAR structures 
the investigation from 
obtaining context through 
reporting, while the 
OSI layers guide which 
evidence and artifacts 
should be examined at 
each level of analysis. 
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Table 2.2 summarizes Deep Packet Inspection (DPI), including when payload 
inspection at Layers 2–7 is most useful for revealing hidden or encrypted malicious 
traffic. The table also includes representative commercial and open-source framework 
examples to show how DPI can be applied in different environments (Xu et al., 2016; 
Ma, 2020; Kentik, n.d.).

Tool Definition When to use it

Wireshark A free, open-source network protocol 
analyzer with a GUI. It captures 
packets and lets you inspect 
protocol layers in detail, including 
Ethernet, IP, TCP, and HTTP.

Interactive troubleshooting of 
network issues; learning and 
teaching how protocols work; 
deep-dive analysis on specific flows 
or small captures.

tcpdump A command-line packet sniffer that 
captures and displays network 
traffic in real time, usually saving 
it to .pcap files.

Quick captures on servers, routers, 
and remote systems; scripting and 
automation of captures; collection 
of raw traffic for later analysis.

TShark The command-line version of 
Wireshark. It uses the same 
decoding engine in text mode and 
can capture and analyze packets 
without a GUI.

Wireshark-level protocol decoding on 
headless or remote machines; batch 
or scripted analysis of large capture 
files; automated extraction of fields 
and statistics.

Snort An open-source intrusion detection 
and prevention system (IDS/IPS) 
that inspects traffic with rules 
and raises alerts or blocks when 
it detects attacks, scans, or policy 
violations.

Continuous security monitoring on 
network links; detecting intrusions, 
exploits, and scans; generating 
real-time security alerts rather than 
only passive capture.

TABLE 2.1   Common packet analysis tools and typical use cases in network forensics

Tech Definition When to use it

Deep Packet 
Inspection 
(DPI)

A technique that inspects packet 
payloads, not just headers 
and ports, to identify the real 
application or protocol and 
extract useful metadata such 
as URLs or DNS queries.

When analysts need application or 
service identification beyond port 
numbers; for traffic classification, 
QoS, analytics, policy enforcement, 
billing, and security analytics.

Enea Qosmos 
Probe

A high-throughput network 
sensor and DPI probe built 
around the Qosmos engine. 
It identifies the application 
behind each IP session and 
exports rich protocol and 
application metadata.

For telecom and large-enterprise 
environments that need a ready-made 
DPI sensor feeding monitoring, 
security, or analytics platforms and 
require broad protocol recognition 
coverage.

nDPI An open-source DPI library and 
toolkit from ntop, released 
under LGPL, for real-time 
protocol and application 
classification.

When teams want to build or extend 
their own tools with embedded 
DPI; for lab work, research, 
demonstrations, and integration into 
existing collectors.

TABLE 2.2   Deep packet inspection (DPI) approaches and representative framework options
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Log Telemetry Systems and Forensic Data Sources
The next part of the chapter log telemetry systems and other forensic data sources. 
It lists the primary sources of log data on a typical enterprise network. Host-based 
log sources include the host OS itself (syslog or Windows Event Logs), networking 
infrastructure (routers, switches, firewalls, IDS/IPS), specialized devices (VPN con-
centrators, cloud networking, etc.), as well as the heterogeneous nature of log formats 
that these logs are in (ManageEngine, n.d.). Log collection architectures are explained 
in detail in subsequent chapters, including agent-based collection, where host agents 
are deployed to forward to a central SIEM, and agentless syslog/NTP centralization 
(SigNoz, 2024). Cloud-based telemetry ingestion is also covered, detailing methods for 
securely ingesting Office 365 logs, cloud firewall and network telemetry, and event 
streams collected via APIs.

Meticulous Data Parsing for Log Analysis
A significant portion of the book is dedicated to data parsing with meticulous 
detail for forensic log analysis. Regular expression (regex) based pattern matching, 
delimiter-based tokenization, and key-value or schema-based parsing (JSON, XML, 
etc.) are described (Ryciak et al., 2022). The chapter highlights common problems and 
tokenization errors, challenges around semantic drift for when log templates change 
and data transforms, as well as overzealous normalization that may strip event con-
text (e.g., “interesting” error codes that are unique per vendor) (LogIntelligence, 
2024). Emerging parsing-focused architectures are also shown, such as the hybrid 
parsing/embedding pipeline that uses a lightweight “metadata” stage that extracts 
pre-defined labels but also can transform to text embeddings that are used in down-
stream deep-learning components; dynamic template “clustering” for when new tem-
plates appear to aid in classification; and multistage filtering that can be used to filter 
out known benign events prior to more semantic filtering and analysis (Kentik, n.d.).

Evidence Collection and Preservation
Network traffic is inherently volatile: once packets have traversed a network segment, 
they are effectively lost unless actively captured by a monitoring device (CEMCA, n.d.; 
Forensic Focus, 2025). Investigators therefore must collect data in a manner that pre-
serves admissibility. This process includes proper chain of custody from the source of 
capture (honeypot server, router, or firewall) to the investigation workstation, time-
stamp synchronization via NTP across network components and forensic servers, and 
cryptographic hashing or digital signatures for PCAP files, log archives, and related 
evidence files (Dobrynin et al., 2023; PrivacyEngine, n.d.).

Storage, Scalability, and Preservation
Storage and scalability issues, as well as preservation topics, are covered in the fol-
lowing part. The chapter first quantifies the data volumes one might see on a busy 
multi-gigabit enterprise network. Then it shows how flow sampling (1:1,000 NetFlow 
sampling, etc.) and DPI metadata can significantly reduce storage requirements, 
albeit at the cost of granularity (Kentik, n.d.). Trade-offs between a forensic worksta-
tion that can be used for active forensics and can be equipped with high-performance 
NICs and SSD arrays that can help reduce or eliminate packet loss versus historical 
archives (tape libraries, low-cost cloud storage, etc.) are discussed, as well as retrieval 
latency and trade-offs for different storage types (CEMCA, n.d.; Fidelis Security, 2025). 
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Cloud-based forensic analysis platforms are also introduced as viable methods for  
scaling multi-petabyte datasets, but challenges in data sovereignty and cross-jurisdictional 
chain of custody are noted (Fidelis Security, 2025; Forensic Focus, 2025).

Automated Analysis and Tool Integration
ML/AI use cases in forensics include unsupervised clustering for anomaly detection, 
time-series forecasting on parsed session metadata, and end-to-end toolchains that com-
bine packet capture, DPI, log parsing, and analytics-driven correlation (Exabeam, n.d.; 
Feibish et al., 2023; Sikos, 2020). Visualization methods, such as timeline reconstruc-
tion and network-topology mapping, help analysts identify suspect nodes, sequence 
events, and communicate findings more clearly (Renouard, n.d.; Montini, 2024).

HOW IT RELATES TO ADVANCED BEHAVIOR-BASED  
NETWORK FORENSICS

Advanced behavior‐based network forensics is built directly on these foundational 
concepts and techniques, focusing instead on dynamic and context‐rich indicators 
of malicious behavior rather than static or signature‐based identifiers. For example,  
ML–driven anomaly detection models trained on packet and flow metadata require 
high‐quality, structured input derived from the capture and parsing pipelines presented  
in this chapter (Feibish et al., 2023; Yadav et al., 2023).

DPI frameworks supply the payload‐level detail needed to detect and feed behavior 
classifiers for identifying command‐and‐control channels, lateral movement, or data 
exfiltration patterns (Cheng et al., 2021; Xu et al., 2016).

Log parsing techniques are used to ensure that behavioral anomalies identi-
fied in network traffic can be directly correlated to system‐level events like unusual 
process launches or failed authentication attempts for a cross‐layer behavioral view 
(LogIntelligence, 2024; Ryciak et al., 2022).

Without core competencies in packet and flow capture, log parsing, and evi-
dence preservation – including documented chain of custody, time synchronization, 
and scalable storage – advanced behavior‐based network analysis would not have the 
data integrity and temporal accuracy needed to detect sophisticated threats (Forensic 
Focus, 2025; PrivacyEngine, n.d.).

WHY IT MATTERS

Behavior-based detection and response rely on foundational forensic techniques that 
are only as effective as the data they collect and preserve.

	▪	 Incomplete or manipulated packet captures that result from missing continuous 
capture, misconfigured SPAN, or manual stop/start capture train anomaly detec-
tion models on biased or missing data, creating blind spots in behavior‐based 
threat coverage (Sikos, 2020; Montini, 2024).

	▪	 Misparsed logs resulting from unexpected, evolving log formats or tokenization 
errors in the parser create misconfigured correlation rules, which lead to false pos-
itives or missed accurate indicators of compromise, undermining the value and 
credibility of behavior‐based alerts (LogIntelligence, 2024; Yadav et al., 2023).
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	▪	 A rigorous documented chain of custody and evidence preservation with  
cryptographic hashing is essential for ensuring that behavior‐based evidence of 
compromise is defensible in legal proceedings, by which preserving organiza-
tional accountability and trust in response and reporting (Forensic Focus, 2025; 
PrivacyEngine, n.d.).

	▪	 In high‐velocity and large‐scale environments, flow telemetry must be used to pre-
filter large volumes of traffic for closer packet inspection so investigators can scale 
monitoring without sacrificing critical context.

Additionally, Figure 2.3 ensures rigorous packet and flow capture, log parsing, 
and evidence preservation practices directly supports the accuracy of behavior‐based 
detection, analytical speed, and organizational accountability.

Blind spots in anomaly models

False positives and missed compromises

INCOMPLETE CAPTURES

MISPARED LOGS

CHAIN OF CUSTODY & HASHING

PREFILTERED FLOW TELEMETRY

1

2

3

4

Defensible evidence for legal trust

Focus compute on real anomalies

THE SO WHAT:
WHY RIGOROUS FORENSICS MATTERS

FIGURE 2.3.   Why rigorous forensics matters in behavior-based investigations: incomplete 
captures, misparsed logs, prefiltered flow telemetry, and weak evidence handling degrade 
detection quality and legal defensibility. 
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WHY I NEED TO KNOW THIS

As adversaries increasingly turn to encrypted, polymorphic malware and living‐off‐
the‐land tactics, traditional signature‐based defenses struggle to keep pace; behavior‐
based network forensics offers a dynamic alternative, but it is only as reliable as its 
underlying data.

Static, signature‐based defenses struggle to detect encrypted or obfuscated threats 
(Figure 2.4) (Cheng et al., 2021; Ma, 2020; Xu et al., 2016). By contrast, behavior-based 
network forensics can detect deviations from baseline activity even when payloads 
are hidden or traditional indicators of compromise are absent (Yadav et al., 2023). 
However, the reliability of behavior‐based analytics depends on high‐fidelity packet 
captures, detailed log parsing, and robust evidence preservation techniques.

Neglecting foundational practices leads to flawed, inaccurate datasets that result 
in missed detections, wasted resources, and loss of confidence in forensic capabilities 
(Feibish et al., 2023; LogIntelligence, 2024). Only by investing in precise data capture, 
robust log parsing, and unassailable evidence preservation can we hope to fully  
realize the promise of behavior‐based network forensics and ensure that our dynamic, 
intelligence‐driven defenses can continue to counter increasingly stealthy adversaries 
effectively.

HOW DO I APPLY THIS?

Network forensics and log analysis are essential skills and tools for cybersecurity pro-
fessionals because they enable the capture and analysis of volatile network data that 
can yield valuable insights into cyberattacks and incidents. Volatile data changes con-
stantly and is often lost unless it is actively captured and preserved with packet- and 
flow-monitoring techniques such as SPAN, SMON, or network TAPs (CEMCA, n.d.; 
LightYear AI, n.d.; Sikos, 2020). In high-speed environments, packet- and flow-level 
analysis work together to identify and contextualize attack timelines, isolate anom-
alies, and accelerate incident response (Feibish et al., 2023; Kentik, 2025; Sikos, 2020). 
Additionally, DPI frameworks may reveal payload details across Layers 2–7, providing 
insight into otherwise hidden or encrypted threats (Cheng et al., 2021; Ma, 2020; Xu 
et al., 2016).

“Insufficient against encrypted threats”

STATIC DEFENSES

BEHAVIOR BASED FORENSICS

WHY IT
MATTERS

1

2

3

4

FLAWED PRACTICES

RELIABLE DATA

“Detects hidden and uncommon threats”

“Lead to wasted resources and missed
detections”

“High-quality capture, parsing, and
preservation”

FIGURE 2.4.   Why it 
matters: reliable data 
and behavior-based 
analysis outperform static 
defenses when hidden or 
uncommon threats are 
present. 
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Question: How does DPI enable behavior-based network forensics beyond what 
can be achieved through header information?

Answer: Deep packet inspection (DPI), or analysis of the packet payloads (appli-
cation data) at Layers 2–7, is used for purposes as varied as application protocol 
identification, file extraction of transferred files, and detection of encrypted or 
obfuscated malicious content. DPI can be used to find indicators of compromise 
that would have been hidden if only packet headers were analyzed, such as mal-
ware C2 traffic or executable files with embedded exploits (PDF, document files, 
etc.) This is very reassuring for analysts because they can be sure the technique is 
looking at every possible byte of network data to find them. Information provided 
from payload analysis is also used to support behavior-based models.

Explanation: Behavior-based analytics (patterns found in the metadata of size, tim-
ing, and payload content) are highly detailed. They are used to extract fine-grained 
features, URLs, and payload signatures and file fragments, which support more 
advanced classification and anomaly detection. Behavior analysis is more precise 
and reassuring, indicating that all possible information from the forensic subject 
has been found, and that inspires confidence in the process.

Logs are essential not only for auditing and compliance but also for post-event 
analytics and correlation across systems. When logs are collected centrally, parsed 
carefully, and normalized without losing context, they can corroborate packet and flow 
findings, support timeline reconstruction, and reveal behaviors that are not obvious 
from network traffic alone (LogIntelligence, 2024; Ryciak et al., 2022; SigNoz, 2024).

Automated analysis, including ML‐based anomaly detection, behavior classifi
cation, and visualization (timeline reconstruction, network topology mapping, etc.), 
helps to triage events and prioritize investigation efforts by rapidly searching large vol-
umes of data and surfacing relevant events (Exabeam, n.d.; Montini, 2024; Sikos, 2020). 
For example, flow‐based filtering allows the analyst to quickly identify a spike in the 
exfiltration and trigger a more granular packet‐level analysis, and AI/ML models can 
help identify anomalous events that deviate from the baseline of “normal” network 
behavior (Feibish et al., 2023; Yadav et al., 2023). As cyber threats and adversary tactics 
continue to evolve with sophisticated attacks through encrypted tunnels, APTs, and 
polymorphic malware, the role of network forensics and log analysis becomes ever 
more critical in the effort to detect and respond to threats promptly and to preserve  
evidence in the form of actionable intelligence (Fidelis Security, 2025).

To better understand this chapter’s guidance in a real-world environment, 
follow the steps consistent with the OSCAR framework and techniques outlined in 
the project files.

The proposed enterprise forensic readiness plan can be developed with several  
key components, as shown in Figure 2.5.

Establish Context and Prepare the Environment
	 1.	 Map network topology and identify critical assets before deciding where to collect 

packet, flow, and log evidence.
	 2.	 Document sources of time synchronization (NTP servers) and verify that all net-

work elements, servers, and workstations are synchronized to a standard time ref-
erence (PrivacyEngine, n.d.).

	 3.	 Identify legal and organizational policies for data capture, retention, and privacy.
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Plan Deployment of Capture Infrastructure
Packet capture:
	 1.	 Configure SPAN (switch port mirroring) on distribution/core switches to mirror 

traffic to a designated forensic workstation (LightYear AI, n.d.).
	 2.	 Consider deploying network TAPs at chokepoints of critical network segments 

when SPAN is not feasible due to performance overheads or inability to capture 
VLAN-tagged traffic (Fidelis Security, 2025).

	 3.	 Use SMON (switch monitoring) on multi‐gigabit uplinks to capture specific 
VLANs or ports on demand instead of copying all traffic to the forensic host 
(CEMCA, n.d.).

	 4.	 Install and configure a network packet capture tool (Wireshark, tcpdump/tshark) 
on the forensic workstation to receive and store PCAP files in a designated capture 
folder (Sikos, 2020).

Question: What is the justification for a TAP as opposed to SPAN for packet capture?

Answer: A TAP (sometimes called a monitor port) is a very robust device that can 
mirror all traffic on a physical link. It is passive and does not add any latency or 
change any packets. It will reliably provide a lossless, bit-perfect copy of the traffic 
on the link. A SPAN session on a switch might drop packets when traffic is heavy or 
fail to capture VLAN-tagged packets, so it is not as accurate a mirror of the traffic 
as a TAP would be.

Explanation: A TAP is usually placed inline on a network segment and can mirror 
every frame passing over it to a single monitoring port. SPAN sessions work by hav-
ing the switch copy packets from its internal buffers and storage, so heavy loads 
and/or a lack of buffering capacity can cause SPAN to fail to provide a complete or 
properly timed set of packets. A TAP is necessary for any forensic analysis, network 
troubleshooting, or security monitoring that must not lose or alter any traffic, and 
when there is no higher-level intelligence on the source network to filter out unnec-
essary traffic.

OBTAIN CONTEXT AND
PREPARE ENVIRONMENT

ITERATE AND
IMPROVE

OSCAR

1 2

3

4

56

7

8

VISUALIZE
AND REPORT

FINDINGS

IMPLEMENT
PARSING

PIPELINES

PERFORM ANALYSIS AND
ANOMALY DETECTION

COLLECT AND
CENTRALIZE LOG DATA

STRATEGIZE
DEPLOYMENT OF

CAPTURE MECHAN

PRESERVE
EVIDENCE AND

MAINTAIN CHAIN
OF CUSTODY

FIGURE 2.5.   OSCAR-aligned enterprise forensic readiness workflow for applying Chapter 2 
concepts in practice. 
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Flow telemetry:

	 1.	 Configure NetFlow or IPFIX export on routers and switches to stream flow records 
to a dedicated flow collector (Kentik, 2025).

	 2.	 Store flow telemetry records separately from full packet captures to conserve 
storage space while maintaining high‐level metadata for anomaly detection 
(Feibish et al., 2023).

Collect and Centralize Log Data
	 1.	 Agent‐based collection: Install lightweight agents on mission‐critical hosts 

(servers, workstations) to forward syslog or Windows Event Logs to a centralized 
SIEM or log‐management platform (ManageEngine, n.d.; SigNoz, 2024).

	 2.	 Agentless collection: Configure network devices (routers, firewalls, IDS/IPS) to 
send syslog messages to the log collector over UDP/TCP. Verify logs are properly 
NTP tagged.

	 3.	 Cloud telemetry: For cloud‐native workloads or SaaS applications, enable 
API‐driven log exports (Office 365, AWS CloudTrail) to be ingested into the same 
log management system.

	 4.	 Validation: Confirm that all logs are received with accurate time stamps, and test 
cross‐referencing times of known test events to validate NTP synchronization 
(PrivacyEngine, n.d.).

Question: Why is NTP synchronization important in a forensic investigation that 
involves multiple sources of data?

Answer: NTP synchronization is critical because it provides a standard, accurate 
time reference for all devices, switches, routers, servers, and endpoints involved 
in the investigation. NTP synchronization is essential for correlating events across 
different packet captures and log entries, as well as for reconstructing a precise 
timeline of an incident. If clocks are not synchronized, timestamps may not match, 
skewing the sequence of events and leading to incorrect conclusions. Additionally, 
accurate timing is often necessary to prove causality in an investigation.

Explanation: If the clocks are not synchronized, an investigator might misorder 
events or assume they happened at the same time when they were separated by 
minutes. By ensuring that all systems maintain accurate, consistent time, NTP 
synchronization helps investigators construct a coherent narrative of an attacker’s 
behavior. Verifying the integrity of evidence, which is paramount in forensic inves-
tigations, is enabled by NTP synchronization.

Implement Parsing Pipelines
Choose parsing methods:
	 1.	 For plain text syslog messages, write regular expressions to extract key fields (time-

stamp, host, process, severity) (Ryciak et al., 2022).
	 2.	 For delimiter-separated logs (e.g., CSV exports), set tokenization rules to split entries 

on commas or tabs, then map tokens to standard field names (LogIntelligence, 
2024).

	 3.	 For JSON/XML logs (e.g., application logs, cloud service outputs), use schema- 
derived parsers to extract nested fields directly (SigNoz, 2024).
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To account for changing formats, monitor parsing errors or drop rates. If log tem-
plates change, use clustering or ML-driven template generation to dynamically update 
parsing rules (LogIntelligence, 2024; Yadav et al., 2023).

Question: Give three standard log-parsing techniques and explain why it is impor-
tant to continually refit parsing rules.

Answer: (1) Regular expression extraction, (2) delimiter- or token-based pars-
ing (comma-delimited, space-delimited), (3) parsing based on known schema 
(JSON, XML). Parsing rules need to be continually updated to account for 
format changes that occur as software is updated, configuration changes are 
made, or new applications are deployed. There is also a phenomenon called 
semantic drift, where fields shift position or drop out entirely. If the parsing 
rules are not updated along with those changes, the SIEM may miss alerts or 
produce false positives.

Explanation: Free-text and even semi-structured or structured logs can change 
over time. A parser written for one version of a log file may break or drop data when 
a new template with only a few changed or updated fields is introduced. Automated 
clustering or machine learning–assisted automatic template generation can make 
these changes detectable.

Perform Analysis and Anomaly Detection
Packet‐level analysis:

	 1.	 Use Wireshark’s display filters to isolate suspicious traffic (e.g., uncommon ports, 
protocols). Reassemble TCP streams to review file transfers or application pay-
loads (Sikos, 2020).

	 2.	 Deploy a DPI framework (e.g., nDPI) on the packet capture workstation and apply 
it to classify application protocols and flag encrypted or obfuscated channels for 
further review (Xu et al., 2016; Ma, 2020).

Flow‐level analysis:

	 1.	 In the flow collector interface (e.g., Kentik), create threshold‐based alerts for 
spikes in data transfer or abnormal peer relationships (Kentik, 2025).

	 2.	 Use flow records to identify “top talkers” or unusual bidirectional flows that may 
be related to data exfiltration (Feibish et al., 2023).

Log‐based analysis:

	 1.	 Correlate parsed log events across hosts and network devices to reconstruct mul-
tistage attacks. For example, link a firewall “deny” event to a suspicious Windows 
Event Log execution (ManageEngine, n.d.; Ryciak et al., 2022).

	 2.	 Use unsupervised ML models, like clustering, to find anomalous patterns in large 
log datasets (Yadav et al., 2023).

Preserve Evidence and Maintain Chain of Custody
	 1.	 Verify integrity. Immediately after capture, compute and record SHA-256 hashes 

for each PCAP and log archive (PrivacyEngine, n.d.). Store hash values in a pro-
tected ledger to demonstrate that they have not been altered.
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	 2.	 Document evidence. Log every transfer of evidence to a different storage loca-
tion or forensic workstation, with date/time, personnel involved, and reason for 
transfer (Forensic Focus, 2025).

	 3.	 Secure storage. Archive raw PCAP files and log repositories in read‐only,  
tamper‐evident storage (e.g., WORM storage, write‐once media) for long‐term 
retention (Kentik, 2025).

Visualize and Report Findings
	 1.	 Reconstruct the timeline. Create a chronological sequence of critical events 

(e.g., initial compromise, lateral movement, data exfiltration) by aligning packet 
timestamps with log timestamps (Exabeam, n.d.).

	 2.	 Map the topology. Overlay identified malicious IP addresses or compromised 
hosts onto network diagrams to illustrate attack paths and pivot points (Montini, 
2024).

	 3.	 Build dashboards. Build interactive dashboards that display key metrics, like 
top‐N source IPs, most frequent event types, and real‐time alerts, for continuous 
monitoring and executive reporting (Kentik, 2025).

Iterate and Improve
	 1.	 Create a feedback loop. After each investigation, review which capture points 

or parsing rules missed critical data. Update SPAN/TAP configurations or refine 
regular expressions as needed (Forensic Focus, 2025).

	 2.	 Evaluate tools. Periodically evaluate new DPI engines, flow collectors, and log‐
analysis platforms to ensure scalability and detection accuracy.

	 3.	 Continually train. Perform regular tabletop exercises simulating network intru-
sions, where analysts must apply packet and log analysis techniques under time 
constraints (Montini, 2024). Use lessons learned to improve incident response 
playbooks and forensic processes.

By following the practical steps rooted in the methodologies and techniques 
described in this chapter, security teams can build effective network forensic capabil-
ities and uncover actionable insights from both packet and log data.

COHESIVE AND SYNERGISTIC RESPONSE

This chapter provides a robust foundation that weaves the individual threads of 
packet-level capture, flow telemetry, log collection, parsing techniques, and preserva-
tion practices into a cohesive fabric for conducting effective and comprehensive net-
work forensic investigations. It defines network forensics as the process of proactively 
obtaining and examining temporary data, such as packets, flows, and logs, for investi-
gative and evidentiary purposes. The chapter explains that continuous capture mech-
anisms (SPAN, TAPs, SMON) are how ephemeral or transient evidence is preserved 
from active networks before it disappears or is overwritten (CEMCA, n.d.; Sikos, 2020). 
Equally, the OSCAR framework (Montini, 2024) offers a structured approach to net-
work forensics, ensuring each step is taken with consideration of OSI‐layer implica-
tions, from physical capture points to application‐layer network reconstruction.

DPI is a crucial technique within the collective strategy because it extends 
visibility beyond header metadata and into payload content, improving detection 
of obscured or encrypted threats (Cheng et al., 2021; Ma, 2020; Xu et al., 2016). 
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Combined with flow-level telemetry (NetFlow/IPFIX), which summarizes commu-
nication sessions through IP addresses, ports, byte counts, and timing, investigators 
gain both breadth and depth: flow data highlights suspicious sessions quickly, and 
targeted packet captures can then be taken for deeper inspection (Feibish et al., 2023; 
Kentik, 2025).

Log telemetry and parsing is another area of focus: agent‐based versus agentless 
telemetry collection ensures high‐fidelity logs are collected from hosts, and syslog archi-
tectures offer a centralized agentless means to aggregate logs from network devices 
(ManageEngine, n.d.; SigNoz, 2024). Parsing uses regular expressions, delimiter‐ 
based tokenization, or even more advanced JSON/XML schema‐based parsing to 
normalize the otherwise heterogeneous log data into structured datasets, ready for 
cross‐source correlation (LogIntelligence, 2024; Ryciak et al., 2022; Yadav et al., 2023). 
Tying network‐level anomalies to host‐level events requires accurate, synchronized 
timestamps, which can be managed via NTP. Log integrity or chain of custody can 
be enforced via cryptographic hashes (e.g., SHA‐256) on PCAPs and log archives, 
ensuring that behavioral indicators can be defensible in any legal or regulatory pro-
ceedings (Forensic Focus, 2025; PrivacyEngine, n.d.).

Automation and visualization are the final tools that turn disparate data sources 
into human-consumable intelligence. ML-based anomaly detection algorithms can 
use features derived from packet payloads and flow metadata to generate alerts when 
deviations from baseline behavior are detected, while timeline and topology visualiza-
tion techniques help contextualize complex attack sequences (Exabeam, n.d.; Montini, 
2024; Sikos, 2020). When DPI outputs are merged with parsed syslog events, analysts 
can build richer behavioral models for detecting command-and-control channels and 
lateral movement (Yadav et al., 2023).

This chapter culminates in a cohesive set of best practices for data acquisi-
tion, parsing, analysis, and preservation that equip the reader to conduct effec-
tive network-forensic investigations while also establishing a scalable, repeatable 
foundation for later behavior-based analysis.

CASE STUDY: DETECTING ENCRYPTED DATA EXFILTRATION  
IN A FINANCIAL SERVICES ENVIRONMENT

Overview
GlobalTrust Bank is a mid‐sized financial services firm. The SOC analysts noticed an 
alert from their network intrusion detection system (NIDS) indicating suspicious out-
bound traffic on the network. The suspicious data was encrypted and did not contain 
any known malware signatures. Using the information provided in this chapter, we 
can walk through the steps used to respond to this incident.

Network Forensics and Log Analysis
	 1.	 Obtain: Identification of the asset of concern
	 ▪	 Evidence that a crime or incident has occurred: Alert was triggered by a 

high activity of DNS request volumes from a research server, ResearchServer‐01, 
between 02:00 a.m. and 04:00 a.m. on June 15, 2025.

	 ▪	 Affected assets: Security analysts confirmed that ResearchServer‐01 contained 
highly confidential assets, including financial models and client reports. No 
user‐created tickets were generated, and no scheduled jobs ran during the time 
of the alert.
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	 ▪	 Legal issues/policies that should be considered: GLBA and internal 
data-privacy policies apply because customer data could have been exposed. 
Immediate forensic preservation steps were also required to protect the integ-
rity of any recovered evidence (PrivacyEngine, n.d.).

	 2.	 Strategize: How to proceed with the incident
	 ▪	 Mapping the network: Analysts created a graphical map showing that 

ResearchServer‐01 was on a separate VLAN (VLAN 12) that was a segmentation 
boundary for data analytics. VLAN 12 has its own firewall and intrusion detec-
tion sensor.

	 ▪	 Identification of capture points: Analysts recognized that the core switch 
had SPAN (port mirroring) turned on for VLAN 12 and was sending a copy of 
all traffic to ForensicWorkstation‐01. They also identified that the firewall has a 
NetFlow exporter that was sending flow records to FlowCollector‐01.

	 ▪	 Legal considerations: The analysts started a chain-of-custody form to record 
every collection, analysis, and storage activity associated with the evidence 
(Forensic Focus, 2025).

	 3.	 Collect: Packet, flow, and log data
	 ▪	 Packet capture (SPAN): The SPAN session on the core switch was mirroring 

all VLAN 12 traffic to ForensicWorkstation‐01. The analysts used Wireshark to 
capture PCAP files from 1:30 a.m. to 5:00 a.m. in local time, to capture data 
before and after the alert was generated (Sikos, 2020).

	 ▪	 Flow telemetry (NetFlow/IPFIX): The firewall NetFlow exporter was con-
figured to send flow records to FlowCollector‐01. Analysts extracted all flows for 
the ResearchServer‐01 IP address (10.3.12.45) from 00:00 to 06:00 on June 15, 
2025, and discovered that the DNS response byte counts were suspiciously high 
(Feibish et al., 2023; Kentik, 2025).

	 ▪	 Log aggregation: Host-based system logs (Windows Event Logs) were config-
ured to forward to the SIEM through an agent. Network devices (core switches, 
firewall, IDS) were configured to export syslog to the same collection pipeline 
for centralized correlation.

	 4.	 Analyze: Packet, flow, and log data
	 ▪	 DPI: Analysts run the PCAP through nDPI for classification of application pro-

tocols. Although DNS traffic appears normal, DPI identified response packets 
from the external domain name server (203.0.113.55) contained suspiciously 
large TXT record payloads (up to 15 KB) with many base64-encoded data 
chunks, indicating a DNS tunnel (Cheng et al., 2021; Xu et al., 2016).

	 ▪	 Flow‐level anomaly detection: Analysts from FlowCollector‐01 interface 
noted ResearchServer‐01 had issued DNS queries of uniform length (~512 bytes)  
at 0.5-second intervals from 2:00 a.m. to 3:30 a.m., well outside its historical 
baseline of <10 DNS queries per hour (Kentik, n.d.; Feibish et al., 2023).

	 ▪	 Log parsing and correlation: Windows Event Logs on ResearchServer‐01 
were parsed using delimiter-based tokenization and regex pattern matching 
to extract event IDs, process names, and user accounts (Ryciak et al., 2022; 
LogIntelligence, 2024).

	 ▪	 The analysts observed that a high‐privilege service account, svc_analytics, 
had launched a custom DNS‐tunneling tool (dns_tunnel.exe) at 1:58 a.m., 
immediately before the start of the DNS anomalies (LogIntelligence, 2024; 
Ryciak et al., 2022).

	 ▪	 Firewall logs, parsed using JSON schema extraction, showed that outbound 
TCP port 53 traffic from 10.3.12.45 accounted for 3 GB of data over 90 min-
utes, many times the amount normally expected for DNS exchanges (Ryciak 
et al., 2022; LogIntelligence, 2024).
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	 5.	 Preserve evidence
	 ▪	 Hashing and chain of custody: Analysts created SHA‐256 hashes for the 

PCAP files, flow records, and extracted log archives.
	 ▪	 Hash values were stored in an append-only ledger: All evidence trans-

fers, such as copying PCAPs to a read-only archive, were logged with date/
time, personnel, and purpose to establish admissibility (Forensic Focus, 2025; 
PrivacyEngine, n.d.).

	 6.	 Automate analysis and apply behavioral indicators
	 ▪	 ML-driven anomaly detection: A behavior‐based model (trained on standard 

DNS patterns) identified abnormal deviations in DNS request intervals and 
payload sizes and automatically generated an alert for possible DNS tunneling 
(Yadav et al., 2023).

	 ▪	 Analysts performed unsupervised clustering on flow metadata to iden-
tify a new cluster that corresponded to the abnormal DNS behavior from 
ResearchServer-01 (Yadav et al., 2023).

	 ▪	 Visualization: Timeline reconstruction displayed the following key events: a 
process launched at 1:58 a.m., initial anomalous DNS query at 2:00 a.m., peak 
data exfiltration at 2:30 a.m., and termination of dns_tunnel.exe at 3:30 a.m. 
(Forensic Focus, 2025).

	 ▪	 A network topology map was created that highlighted ResearchServer-01’s 
connection with an external DNS server (203.0.113.55), the apparent data 
exfiltration path (Montini, 2024; Kentik, n.d.).

	 7.	 Report and provide remediation
	 ▪	 Summary of findings: Between 2:00 a.m. and 3:30 a.m., ResearchServer‐01, 

using svc_analytics credentials, exfiltrated approximately 2.8 GB of customer 
data via DNS tunneling to external IP 203.0.113.55.
		 The attack was facilitated by a custom DNS_tunnel.exe tool, encoded con-
fidential data in DNS TXT records, and evaded signature‐based detection by 
mimicking DNS request/response patterns (Cheng et al., 2021; Renouard, n.d.).

	 ▪	 Recommended actions: (1) Disable and reset svc_analytics credentials, rotate 
service account secrets; (2) Implement DNS query size thresholds/rate limiting, 
deploy DPI appliances that inspect DNS payloads (Ma, 2020); (3) Enhance SIEM 
correlation rules to alert on high‐entropy DNS TXT records and anomalous DNS 
volumes (LogIntelligence, 2024); (4) Restrict ability to run unauthorized execut-
ables on sensitive servers, enable application whitelisting (Sikos, 2020).

	 ▪	 Legal and regulatory notification: Based on chain‐of‐custody documen-
tation and hashed evidence, GlobalTrust’s legal department drafted a breach 
report for relevant regulatory agencies (e.g., OCC) and customer notification 
per GLBA requirements.

WHAT WE HAVE LEARNED

In the GlobalTrust Bank incident case study, every technique from Chapter 2 had a 
direct, real-world application. Here’s a breakdown of how the chapter’s lessons were 
applied, what we learned, and how we’re using those lessons forward.

Application of Chapter Concepts
	 1.	 Applied in case study
	 ▪	 Obtain: The SOC gathered context, timing of the IDS alert, affected server 

(ResearchServer-01), and regulatory obligations (GLBA).
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	 ▪	 Strategize: Analysts mapped the VLAN, identified SPAN and NetFlow collec-
tion points, and secured legal approval for evidence capture.

	 ▪	 Collect: They activated Wireshark for full-packet capture on VLAN 12, pulled 
NetFlow from the firewall, and centralized Windows Event Logs and device sys-
logs into the SIEM.

	 ▪	 Analyze: Using DPI, flow analysis, and log parsing, they correlated a suspi-
cious DNS_tunnel.exe process to anomalous, large‐payload DNS queries.

	 ▪	 Report: Findings were documented with SHA-256 hashes, a precise timeline, 
and recommendations for remediation and compliance reporting.

	 ▪	 Lesson learned: Having a clearly defined, repeatable process (OSCAR) ensured 
no critical step was missed, legal, technical, or procedural. Any future incident 
can be addressed with the same rigor by following these phased steps.

	 2.	 Importance of continuous, high-fidelity packet capture
	 ▪	 SPAN was already configured for VLAN 12, allowing full‐packet capture without 

disrupting production networks.
	 ▪	 As soon as the anomaly was detected, investigators recorded traffic from 1:30 a.m.  

to 5 a.m., capturing pre-incident, peak-incident, and post-incident activity.
	 ▪	 Lesson learned: Without SPAN (or a network TAP), those large DNS payloads, 

key evidence of DNS tunneling, would have disappeared the moment packets 
left the switch. Moving forward, the bank reinforced SPAN configurations 
across other critical VLANs and added inline TAPs at strategic chokepoints to 
ensure lossless capture, even under heavy load.

	 3.	 Leveraging DPI for hidden payloads
	 ▪	 Applied in case study: Raw PCAP data alone did not look suspicious until 

analysts ran it through nDPI. DPI revealed that DNS responses contained exten-
sive TXT records, a classic sign of data exfiltration via DNS tunneling.

	 ▪	 Lesson learned: Standard header inspection (e.g., looking only at source/ 
destination IPs or ports) would not have exposed the covert channel. The bank 
now deploys DPI on its primary egress points, particularly for DNS and HTTPS, 
to flag oversized or encoded payloads in real time.

	 4.	 Flow telemetry to triage high‐volume traffic
	 ▪	 Applied in case study: NetFlow records showed ResearchServer-01 issuing 

hundreds of DNS queries with huge response sizes. This metadata‐level 
anomaly guided analysts to the server of interest before even loading complete 
packets, saving critical time.

	 ▪	 Lesson learned: In a multi-gigabit environment, storing every packet is imprac-
tical. Flow telemetry enabled the SOC to immediately detect an abnormal  
“top talker” (ResearchServer-01). The bank expanded flow collection from its 
DMZ and core routers to supplement DPI alerts and feed a baseline model that 
automatically flags sudden shifts in flow volume or frequency.

	 5.	 Meticulous log parsing and correlation
	 ▪	 Applied in case study:

	 ▪	 Windows Event Logs on ResearchServer-01 were parsed using regex and 
tokenization to extract process launch events. Log parsing pinpointed svc_
analytics spawning dns_tunnel.exe at 1:58 a.m., two minutes before DNS vol-
umes spiked.

	 ▪	 Firewall and IDS logs, parsed via schema-based techniques, revealed that 
DNS requests to 203.0.113.55 deviated sharply from baseline and matched 
the timestamps of packet and flow anomalies.

	 ▪	 Lesson learned: Without precise parsing, that key process launch event could 
have been lost in free-text logs. The bank now maintains a library of regular 
expression patterns and JSON schemas for each critical log source. When 
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vendor-supplied formats change, a parsing-centric pipeline flags mismatches, 
prompting updates to extraction rules.

	 6.	 Evidence preservation and chain of custody
	 ▪	 Applied in case study: Every PCAP file, flow export, and log archive was 

hashed (SHA-256) immediately upon collection. Each transfer, e.g. copying 
PCAPs to a read-only server, was logged, including the date/time and personnel 
involved.

	 ▪	 Lesson learned: Because customer data may have been exfiltrated, pre-
serving evidentiary integrity was legally critical. The bank formalized a 
“forensics locker” process: any disk or file containing forensic artifacts is 
hashed, sealed, and logged before movement. This standardization prevents 
inadvertent tampering and ensures compliance with GLBA and potential 
legal proceedings.

	 7.	 Automated anomaly detection and behavioral analytics
	 ▪	 Applied in case study:

	 ▪	 A ML model, trained in benign DNS behavior, flagged that ResearchServer-01’s 
DNS patterns (volume, uniform packet size, frequency) were anomalous.

	 ▪	 Clustering of flow metadata further isolated that outbound DNS traffic 
formed a distinct pattern unseen in prior months.

	 ▪	 Lesson learned: Even after manually confirming DNS tunneling, the 
automated model issued the first alert. The SOC enhanced its ML pipeline by 
adding new features (DNS payload entropy, interpacket timing variance) and 
retraining weekly to capture evolving benign baselines.

	 8.	 Visualization for rapid triage and communication
	 ▪	 Applied in case study:

	 ▪	 Timeline reconstruction aligned: svc_analytics process launch at 1:58 a.m. →  
first anomalous DNS query at 2:00 a.m. → peak exfiltration at 2:30 a.m. → 
process termination at 3:30 a.m.

	 ▪	 Network topology mapping highlighted ResearchServer-01’s path to 
203.0.113.55, demonstrating a clear exfiltration route.

	 ▪	 Lesson learned: Visual timelines and topology maps helped analysts and exec-
utives alike quickly grasp “who did what, when, and where.” The bank invested 
in a dashboard that automatically plots these event sequences, enabling on-call 
responders to understand incidents in real time and make faster containment 
decisions.

Lessons Learned
	 1.	 Anomalies may need to be detected with different mechanisms. The Base64- 

encoded channel did not appear in packet capture (PCAP) evidence. NetFlow/
IPFIX triggered the initial alert, but only DPI showed hidden data payloads. Log 
parsing for suspicious processes associated the network traffic with a specific 
account.

	 2.	 Preservation must be immediate and rigorously documented. Hashing evi-
dence immediately on collection and logging the chain‐of‐custody actions pre-
vented legal challenges and confusion later.

	 3.	 Automation and visualization can significantly speed up response. ML and 
visualization dashboards reduce the time to full awareness.

	 4.	 Continuous improvement is nonnegotiable. Threats and TTPs evolve contin-
uously, so you should also capture your configurations, parsing rules, ML models, 
and tabletop drills and improve them on an ongoing basis.
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Taken together, Chapter 2’s core practices—structured investigation through 
OSCAR, continuous capture, DPI, flow telemetry, precise log parsing, rigorous pres-
ervation, and automated analytics—enabled the bank to transform a suspicious alert 
into a defensible and actionable incident response.

Moving Forward: Leveraging Lessons Learned
	 1.	 Expand the scope of deployed DPI as soon as possible, to include, in order of 

decreasing priority:
	 ▪	 Core switches
	 ▪	 Remote office egress points
	 ▪	 Cloud-based name resolvers

Potential channels that use steganography, custom SSL-wrapped protocols, 
or DNS tunneling will never trigger an alert based solely on NetFlow/IPFIX or 
packet-capture evidence unless hidden data is observed on the network.

	 2.	 Broaden the sources of flow telemetry as soon as possible to include:
	 ▪	 Routers
	 ▪	 Firewalls not previously instrumented with NetFlow/IPFIX

Enhance your flow collection with metadata-enriched flows (application tags) 
so your ML-algorithms and heuristics can correlate anomalies across flows, even 
for other protocols not mentioned here, such as SMTP and SMB.

	 3.	 Codify and continuously stress-test the log parsing pipelines as follows:
	 ▪	 Build and maintain a continuous parsing audit: When a new OS patch, firm-

ware builds for a firewall or IPS, or threat intelligence is released, automatically 
parse a sample of expected logs against the parsing rules in the environment.

	 ▪	 If a field is renamed, goes offline, comes online, or a brand-new log format 
is discovered, correct the regular expression (regex) pattern matching or JSON 
object schema before any alerts fail to process.

	 4.	 Automate evidence handling (e.g., hashing and secure archiving) as much as 
possible and document these processes so evidence collection doesn’t become a 
burden for security teams, for example:

	 ▪	 When a new PCAP directory is created with several files exceeding a preconfig-
ured threshold, have a cron job or background service hash the evidence files, 
move them to a write-once-read-many (WORM) storage device, and log the 
operation without the operator having to issue any commands or manually run 
any scripts.

	 5.	 Retrain your anomaly detection models, such as ML or statistical heuristics, at 
least weekly using the most recent 30 days of clean traffic to avoid having seasonal 
or cyclical tasks trigger false positives.

	 6.	 Improve the coverage and fidelity of user and entity behavior analytics (UEBA) sys-
tems by correlating DNS anomalies with any anomalous behaviors, for example:

	 ▪	 Show if svc_analytics (or any other service account) is also performing any 
unusual or nonstandard outbound remote connections or process launches, 
since this network-based anomaly also maps to a host-based indicator of com-
promise (IOC).

	 7.	 Conduct periodic red team–style tabletop exercises to make sure analysts can 
respond to these incidents, especially to DNS tunneling and other covert exfiltra-
tion attempts, in a sandboxed lab environment.
	 Make sure analysts practice their proficiency in running OSCAR to set base-
lines, configuring SPAN/TAPs for continuous capture, verifying that network 
time protocol (NTP) time sources are synchronized, and running DPI/flow tools 
to identify data exfiltration streams while under pressure.
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CHAPTER SUMMARY

Chapter 2 established the operational foundations of network forensics by distin-
guishing network-focused investigation from host-based forensics and by empha-
sizing that volatile evidence must be captured continuously across multiple OSI layers  
(Figure 2.6). It also showed why capture infrastructure such as SPAN/port mirroring, 
SMON, TAPs, and related packet-analysis tooling must be designed and deployed in 
advance if investigators are to preserve short-lived network activity for later recon-
struction (Corey et al., 2002; Meghanathan et al., 2010; Sikos, 2020; Agorsah, 2022; 
Asiedu, 2022; LightYear AI, n.d.).

The chapter further clarified how a defensible workflow such as OSCAR helps 
organize acquisition, analysis, and reporting, while packet-centric analysis, DPI, and 
session reassembly complement flow telemetry rather than replace it. Full packet 
capture provides deep visibility into protocols and payloads, whereas NetFlow/
IPFIX supports scalable monitoring through aggregated metadata; together, these 
approaches support hybrid workflows that use flow data broadly and reserve deeper 
packet inspection for sessions that merit closer investigation (Dobrynin et al., 2023; 
Montini, 2024; Cheng et al., 2021; Ma, 2020; Xu et al., 2016; Renouard, n.d.; Feibish  
et al., 2023; Kentik, n.d.).

Chapter 2 also showed that packet and flow evidence become more valuable when 
correlated with log telemetry from hosts, network devices, security appliances, and 
cloud services. Effective log parsing and normalization enable cross-system analysis, 
but investigators must also manage timestamp accuracy, parsing errors, semantic 
drift, and overnormalization if they want analytics that remain trustworthy at scale 
(CEMCA, n.d.; ManageEngine, n.d.; SigNoz, 2024; LogIntelligence, 2024; Ryciak et al., 
2022; Yadav et al., 2023).

Equally important, the chapter emphasized preservation and operational read-
iness: synchronizing clocks with NTP, hashing PCAPs and log archives, document-
ing chain of custody, and balancing live-analysis speed against long-term storage, 
retrieval, and data-sovereignty requirements across workstations, tape archives, and 

NETWORK
FORENICS

Continuous acquisition of
network and log data

Transforming data into
structured format

Ensuring integrity and
maintaining chain of

custody

Automated detection and
visualization of threats

CAPTURE

ANALYSIS

PARSING

PRESERVATION

FIGURE 2.6.   Integrated network-forensics lifecycle showing how capture, parsing, analysis, 
and preservation reinforce one another. 
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cloud platforms. These preservation and scalability decisions directly affect whether 
forensic findings remain usable, defensible, and accessible when an incident must be 
reconstructed under pressure (EC-Council, n.d.; Dobrynin et al., 2023; Fidelis Security, 
2025; Kentik, 2025).

FINAL THOUGHTS

The chapter positioned automation, visualization, and behavioral analytics as the 
bridge between raw telemetry and actionable understanding. Timeline reconstruction, 
topology mapping, dashboards, anomaly detection, and behavior-based correlation are 
not stand-alone capabilities; they depend on the capture, parsing, preservation, and 
integration practices introduced here. Taken together, packet capture, flow telemetry, 
log collection and parsing, evidence preservation, and automated analysis form a syn-
ergistic whole that underpins the more advanced behavior-based network-forensics 
methods developed in later chapters (Forensic Focus, 2025; Kentik, 2025; Threat 
Intelligence, 2023; Montini, 2024; Sikos, 2020).
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INTRODUCTION

A network forensics lab provides a controlled environment for security research, adversary 
emulation, training, and evidence handling (Figure 3.1). To be effective, the lab must isolate 
risky activity from production systems while still mirroring operational conditions closely 
enough to support realistic testing and defensible findings (Allwood et al., 2020; Hicklin  
et al., 2022; Miller et al., 2014).

This chapter focuses on the practical design choices that make such a lab useful: 
physical and logical isolation, virtualization, realistic traffic generation, adversary emulation, 
and digital forensics workflows. It also addresses repeatability, compliance, evidence integ-
rity, and lessons drawn from applied case work (Eclipse Forensics, 2024; Kashande et al., 
2020; Rathebe & Kholopo, 2025).

In line with the description above, the chapter is organized to provide an in-depth walk-
through of the main concepts from the high-level goals and purpose of such a facility to the 
best practices of technical implementation. First, the isolation aspect is briefly discussed, 
as this is one of the main selling points of a forensics lab: it’s safe, risk-free testing, exper-
imentation, and evaluation of attacks, adversary tools, and mitigation solutions, as well 
as its ease of repeatability and predictability (Hicklin et al., 2022). The second part of 
the chapter is focused on the main components, physical infrastructure, controls, network 
separation (segmentation), and virtualization and emulation use cases, as well as best 
practices to create a resilient and flexible environment (Rathebe & Kholopo, 2025; Sieberth 
et al., 2019). The subsequent sections describe the use cases and best practices for mir-
roring the operational environment and configuration to maintain high forensic accuracy 
(Eclipse Forensics, 2024), including threat modeling, the MITRE ATT&CK matrix, and creat-
ing scenarios that emulate adversaries for research or training needs (Allwood et al., 2020). 
The last part of the chapter briefly covers how best to design and operate a lab, including 
digital forensics processes that enable evidence acquisition and management, preserve the 
chain of custody, and securely store all necessary digital evidence (Kashande et al., 2020;  
Salfati & Pease, 2022). The chapter then briefly delves into the challenges of technical 
implementation, including, but not limited to, scalability, ease of use, resource management, 
and forensic and industry accreditation, as needed. As a powerful and relevant example, 
it also covers a real-world forensics lab for the financial sector with an educational focus 
(Rathebe & Kholopo, 2025).

CHAPTER 3
Building a Network Forensics Lab  
Environment
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KEY TERMS

	▪	 adversary emulation
	▪	 air-gapped environment
	▪	 chain of custody
	▪	 digital forensic analysis workflow
	▪	 evidence acquisition
	▪	 infrastructure-as-code

	▪	 mirrored operational environment
	▪	 network isolation
	▪	 traffic generation system
	▪	 virtualization platform
	▪	 VLAN segmentation
	▪	 write blocker

LEARNING OBJECTIVES

	 1.	 Apply isolation and segmentation techniques to contain testing activity and protect pro-
duction networks.

	 2.	 Mirror production systems and traffic closely enough to support realistic testing and 
defensible evidence collection.

	 3.	 Use MITRE ATT&CK and infrastructure-as-code to reproduce adversary TTPs consistently.
	 4.	 Implement evidence acquisition, chain-of-custody, analysis, and secure storage work-

flows that preserve forensic integrity.
	 5.	 Evaluate lab results to improve detection content, analyst readiness, and organizational 

resilience.

WHY THIS CHAPTER IS IMPORTANT

Networking forensics lab setup is a marketable skill that is often in demand and can 
be helpful for organizations, academic programs, and individual practitioners alike. 
It can make practitioners more independent and powerful in situations related to ele-
vating network security (Figure 3.2).

STEP 2

ENVIRONMENT MIRRORING

STEP 4

ADVERSARY EMULATION

STEP 6

BEHAVIOR-BASED ANALYTICS

STEP 1

NETWORK FORENSICS LAB ENVIRONMENT

ISOLATION AND SEGMENTATION

STEP 3

TRAFFIC GENERATION

STEP 5

FORENSIC WORKFLOWS

FIGURE 3.1.   Network forensics 
lab environment. The six-step 
overview maps the chapter’s 
core lab functions: isolation 
and segmentation, environment 
mirroring, traffic generation, 
adversary emulation, forensic 
workflows, and behavior-based 
analytics. 
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	▪	 Forensics lab setup helps to prevent placing production networks in harm’s way 
and creating irreproducible test environments when testing Intrusion Detection/
Prevention Systems (IDPS/IPS), conducting forensic examinations, or training 
behavior analytics models for the detection of future suspicious activity (Hicklin 
et al., 2022; Rathebe & Kholopo, 2025).

	▪	 It provides a contained, safe environment for malware analysis and adversary 
emulation without risking exposure to sensitive data or violating compliance reg-
ulations. In this way, it acts as a firewall against the darknets.

	▪	 It can be leveraged to craft replicas of real-world networks and network traffic 
at a per-packet level of fidelity, enabling legally defensible evidence collection 
when necessary for regulatory reporting, litigation, or incident response (Eclipse 
Forensics, 2024; Miller et al., 2014).

The purpose of this chapter is to provide the reader with the practical skills and 
knowledge needed to build an environment in which safe testing, forensically sound 
processes, and continuous improvement can come together to create a more resilient, 
better organization.

WHY I NEED TO KNOW THIS

You may need to build, evaluate, or improve a lab when testing a detection stack, 
tuning SIEM content, rehearsing incident response, or teaching analysts without 
exposing production systems to unnecessary risk.

	▪	 A well-designed lab lets you validate behavior-based detections before 
deployment.

	▪	 It also helps you judge whether evidence collection, emulation fidelity, and com-
pliance controls are strong enough for operational or legal use.

KEY TAKEAWAYS

PREVENTS
DESTABILIZATION
OF PRODUCTION

NETWORKS

1

2

3Ensures reproducible results
for instrusion detection

testing and forensic
investigations

Prevents compliance
breaches and

protects sensitive
data

Supports regulatory
reporting, litigation,

and incident
response

OFFERS A SECURE
HAVEN FOR

MALWARE ANALYSIS

ENABLES LEGALLY
DEFENSIBLE

EVIDENCE COLLECTION

FIGURE 3.2.   Key 
takeaways from building 
a network forensics lab. 
The figure emphasizes 
safe experimentation, 
evidence preservation, 
and legally defensible 
collection. 
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HOW IT RELATES TO ADVANCED BEHAVIOR-BASED NETWORK 
FORENSICS

Advanced Behavior-Based Network Forensics depends on controlled environments 
where analysts can observe behavior, validate detections, and connect behavioral find-
ings to defensible artifacts. A well-designed lab makes that possible by pairing realistic 
traffic and adversary activity with structured forensic collection.

The primary purpose of this research is to operate and test behavior-based ana-
lytics in a dedicated laboratory. Network and cybersecurity forensics practitioners can 
observe real-time examples of lateral movement, DNS tunneling, living off the land, 
or other real-world patterns under realistic load and conditions, while being fully 
immersed in the development and validation of behavior-based analytics.

Traffic generators that emulate legitimate user behavior, combined with adver-
sary TTPs inserted via MITRE ATT&CK-based scenarios, enable cybersecurity and 
network forensics practitioners to use machine learning models or rules-based sys-
tems to detect anomalies. MITRE ATT&CK is a knowledge base of adversary TTPs 
(Kebande et al., 2020; Sieberth et al., 2019). The framework can be used to test and 
validate security products (tools) and to develop effective detection techniques that 
simulate real-world attack scenarios.

Integrating forensic analysis workflows, from evidence acquisition to reporting, 
is enabled through smooth handoffs, and behavioral conclusions are made action-
able and forensically sound by being associated with validated artifacts, such as disk 
images, memory dumps, and log extracts (Miller et al., 2014; Salfati & Pease, 2022).

For all these reasons, Chapter 3 focuses on laying the foundation for building and 
thoroughly testing a mature, effective behavior-based network forensics method.

THE “SO WHAT?”: WHY IT MATTERS

	▪	 Behavior-based analytics need ground truth, verified, reproducible adversary 
behaviors in realistic network conditions to limit false positives and false negatives 
(Casey et al., 2020; US Department of Defense, 2019).

	▪	 A lab provides security teams the opportunity to fine-tune anomaly detection 
thresholds, calibrate SIEM parsing rules, and train staff on incident response 
without risking live operations (Casey et al., 2020; US Department of Defense, 
2019).

	▪	 A solid chain of custody and evidence integrity allows behavioral lead findings to 
be proven in court or during compliance audits, bridging technical observations 
and legally defensible actions (Kashande et al., 2020; Salfati & Pease, 2022).

In short, the “so what” is that real-world cyber threats, which increasingly use 
advanced behavioral techniques, cannot be successfully defended against without a 
solid lab to prove out detection methods and forensic approaches.

Question: Why is it so important to be able to generate accurate traffic when test-
ing behavior-based detection tools?

Answer/Explanation: High-fidelity traffic generation for testing behavior-based 
detection tools ensures that noise background activity is as close to reality as possible 
(DNS, HTTP/S, IoT telemetry). This is to make sure that behavior-based analytics 
are challenged in the testing lab just like how they are challenged in the network.  
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With highly realistic network traffic, behavior-based detection will not be capable 
of functioning properly when deployed in a production network. The lack of accu-
racy in detecting real-world malicious behavior under high-volume loads will 
thus be exposed only in the production environment (Casey et al., 2020; Kashande  
et al., 2020).

Why It Matters
Why build a network forensics lab? Adversaries in the digital domain are rapidly evolv-
ing, and organizations have a growing need to shift their defense strategy away from 
signature-based approaches toward a forensics-based, behavior-focused approach. 
There are several advantages to making this shift, which can directly and materially 
impact security detection and response.

	▪	 Advancing and maturing anticipatory, preventative security: In addition to 
further honing the security team’s ability to “see like an adversary,” a forensic lab 
helps an organization stay one step ahead of attacks (Eclipse Forensics, 2024) and 
better substantiate its evidence (Rathebe & Kholopo, 2025).

	▪	 Improving the security team’s understanding of adversary emulation: As 
practitioners work to isolate and emulate adversary behavior, this must be done 
in a repeatable, adversarial manner (Hicklin et al., 2022; Sieberth et al., 2019). 
Validation is a key step in building a network forensics lab’s capability and capacity.

	▪	 Decreasing dwell time, stopping data exfiltration, and minimizing finan-
cial and reputation harm: A forensic lab built with behavior-based objectives in 
mind not only adds value from a security standpoint but also mitigates the chances 
of falling victim to advanced persistent threat attacks.

In sum, a network forensics lab and the processes associated with it can help 
organizations (1) advance and mature their ability to defend against and stop attacks, 
(2) validate existing detection and prevention techniques, and (3) meet the legal and 
regulatory requirements necessary to prevail in legal proceedings.

Question: What are the important steps of a forensics analysis workflow in a lab-
oratory setting?

Answer/Explanation: A typical workflow will include (1) acquisition of the 
evidence, including use of write blockers to create a bit for bit image or memory 
dump of the evidence; (2) chain-of-custody documentation; (3) analysis using vali-
dated tools on high-performance workstations; and (4) storage of both original and 
working copies on encrypted, access-controlled storage devices (Kashande, et al., 
2020; Miller, Glendowne, Dampier, & Blaylock, 2014; Salfati & Pease, 2022).

HOW DO I APPLY THIS?

The information provided in this chapter leads to eight action steps to consider when 
creating and running a network forensics lab for realistic adversary emulation, robust 
evidence collection, and training for academic or operational purposes:

	 1.	 Evaluate needs and define goals.
	 2.	 Plan the physical environment and network isolation.
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	 3.	 Choose and configure the virtualization/emulation platform.
	 4.	 Implement traffic generation and monitoring tools.
	 5.	 Build adversary emulation plans and playbooks.
	 6.	 Operationalize digital forensics procedures.
	 7.	 Address scaling, resource management, and compliance considerations.
	 8.	 Refer to financial case example and best practices.

The following sections explore these steps in more detail.

Evaluate Needs and Define Goals
Before anything else, one must evaluate the requirements and goals one has set for 
one’s network forensics lab. From this foundation, the rest of the steps can be built. For 
example, several key questions to help target use cases for their laboratory, including 
but not limited to:

	▪	 Training for academic purposes or incident response exercise drill rooms
	▪	 Red-team/blue-team exercises
	▪	 Research on emerging threats and APT campaigns
	▪	 Tailored objectives such as targeted platforms (Windows, Linux, IoT), attack vec-

tors, malware analysis, artifact collection and analysis (mobile devices, server logs, 
PCAP files), and preferred fidelity of adversary emulation (Allwood et al., 2020; 
Sieberth et al., 2019).

Evaluating this early on enables lab administrators to establish key success met-
rics down the line that they can track to see how practical the lab is being and evolv-
ing. This can be as simple as time-to-detection for emulated threats, the percentage of 
successes in evidence collection against X load, or the number of bit-for-bit identical 
reproductions of given forensic workflows.

Plan the Physical Environment and Network Isolation
Find a secured room or suite for the lab with controlled access to it and with physical 
security and environmental controls (temperature/humidity control, anti-static 
flooring) and data safeguards (Faraday cages or secured lockers to prevent RF emis-
sions from mobile devices) for any sensitive equipment (Rathebe & Kholopo, 2025; 
Kashande et al., 2020).

Next, design an air-gapped or well-segmented network environment with its own 
suite of dedicated switches to build VLANs of different lab zones (adversary simu-
lation, forensics analysis, management/administrative) and use inter-VLAN firewall 
rules to enforce strong traffic control policies allowing only specific protocols/ports 
needed between VLANs (Allwood et al., 2020; Sieberth et al., 2019). Require any 
remote access (i.e., for instructors, remote students, etc.) to the lab environment to 
tunnel through a hardened VPN solution with MFA, strong encryption, and verbose 
logging (Hicklin et al., 2022).

Choose and Configure the Virtualization/Emulation Platform
	 1.	 Pick virtualization software wisely. Whether an enterprise-ready hypervi-

sor (VMware ESXi, Proxmox VE, etc.) or a workstation-level product (VMware 
Workstation Pro, Oracle VirtualBox, etc.), choose one that is compatible with your 
budget, scalability, and licensing needs. Additionally, if malware sandboxing is 
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within the expected scope, confirm that the platform supports nested virtualiza-
tion (Sieberth et al., 2019; Rathebe & Kholopo, 2025). This foundational decision 
will set the groundwork for the rest of the security testing environment.

	 2.	 Build virtual machine templates to match the real-world production sys-
tems. This means using identical OS versions, patch levels, and applications, with 
network virtual appliances (firewalls, routers, IDS/IPS, etc.) where applicable, to 
mirror the target environment’s network topology and routing policies. Replicate 
them as closely as possible (Casey et al., 2020).

	 3.	 Capture baseline snapshots. Capture these baseline snapshots in good states to 
roll back quickly after an experiment (Eclipse Forensics, 2024; Miller et al., 2014).

Question: How does mirroring a production environment in the lab contribute to 
the legal defensibility of forensic findings?

Answer/Explanation: The practice of mirroring a production environment in the 
lab is instrumental in bolstering the legal defensibility of forensic findings. By rep-
licating exact system configurations, network topologies, and traffic patterns, lab 
analyses produce evidence that accurately mirrors what would have occurred in a 
real incident. This fidelity ensures that artifacts are reproducible and that reports 
can withstand scrutiny in legal or regulatory contexts, as they are based on environ-
ments that are indistinguishable from production (Eclipse Forensics, 2024; Miller 
et al., 2014).

Implement Traffic Generation and Monitoring Tools
	 1.	 Deploy a toolset for background noise. One should strive to replicate real-world 

noise as accurately as possible by using HTTP/S web browsing, DNS lookups, 
SMB shares, and IoT telemetry when creating environmental baselines. Be sure 
also to tune the traffic volume to reflect the expected real-world loads of a given 
deployment (e.g., several million HTTP requests daily for a large financial institu-
tion) to stress and validate one’s security controls under the expected production  
duress (Casey et al., 2020; Kashande et al., 2020). This approach will help prepare 
to defend against the worst-case scenario.

	 2.	 Ensure logging and monitoring integrations are in place. Forward syslog, 
NetFlow, and host-based logs from VMs to a centralized syslog server in the lab 
(Splunk, ELK Stack) with properly configured parsing rules, aggregations, and 
alerting thresholds for adversary activity. Test and validate these detections dur-
ing adversary-emulation exercise(s) to provide a high-fidelity view of the expected 
security posture (Rathebe & Kholopo, 2025), thereby building confidence and a 
sense of control.

Build Adversary Emulation Plans and Playbooks
	 1.	 Leverage the MITRE ATT&CK framework. This framework is a start to pick 

threat actor profiles (APT29, FIN7, etc.) and build step-by-step playbooks to follow 
for each including known tactics, phishing payload delivery, credential dumping, 
lateral movement, and/or data exfiltration techniques as shown in Chapter 3 and 
automate these with an orchestration tool (CALDERA, Empire, etc.) for unifor-
mity across repeat lab sessions (Allwood et al., 2020; Hicklin et al., 2022).
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	 2.	 Look into automation of lab environment deployment. The benefits of 
Infrastructure-as-Code (Terraform, Ansible, etc.) solutions are not lost on the lab 
author, as utilizing these IaC toolsets can significantly increase the efficiency and 
repeatability of your lab deployments. The author’s system will ensure a baseline 
system environment for each new lab user and/or tester, minimizing the potential 
for manual configuration errors, thereby providing confidence and trust in the 
system itself (Hicklin et al., 2022; Sieberth et al., 2019).

Operationalize Digital Forensics Procedure
	 1.	 Implement trusted evidence collection methods. When it comes to evi-

dence acquisition, this includes the use of trusted write blockers (hardware/ 
software) for imaging of physical/virtual disks without modifying the source media 
and memory captures with trusted tools that produce bit-for-bit dumps. These 
methods and processes should be sound and free of concern, thereby providing 
confidence in the evidence (Kashande et al., 2020; Salfati & Pease, 2022).

	 2.	 Incorporate chain-of-custody procedures. Utilize pre-formatted forms, whether  
digital or paper-based, to track all transfers, examinations, and storage events 
related to each evidence item in the lab. Timestamp all such events with a trusted 
time source (NTP-synced server, etc.) along with unique barcodes or crypto-
graphic hashes of each item to prevent mix-ups and tampering (Kashande et al., 
2020; Rathebe & Kholopo, 2025).

	 3.	 Configure and test analysis and reporting tools. Configure a suite of forensic 
software tools (Autopsy, EnCase, FTK, etc.) on lab workstations with sufficient 
CPU, memory, and storage (multi-core CPU, 64GB+ RAM, SSDs, etc.) and test 
the toolset with large volumes of data or production-like forensic copies to ensure 
performance is not bottlenecked and results are reproducible by comparing cryp-
tographic hashes of known extracted artifacts from disk to those from the tools’ 
extractions (Miller et al., 2014; Salfati & Pease, 2022). Document these testing 
steps in a repeatable reporting template that mirrors industry reporting standards 
(ISO 17025, NIST).

Address Scaling, Resource Management, and Compliance Considerations
	 1.	 Scale resources wisely. Monitor resource utilization (CPU, memory, I/O) on 

hypervisors and scale vertically (larger nodes) or horizontally (additional nodes) 
before one’s experiments experience performance degradation due to insufficient 
computational power. This design also allows one to explore a hybrid approach, 
hosting lab workloads that do not include sensitive data or processes in a private 
cloud (VMware vCenter/ESXi, Proxmox VE) and keeping malware analysis and 
data exfiltration assessment on local air-gapped servers or appliances (Hicklin 
et al., 2022; Sieberth et al., 2019).

	 2.	 Ensure accreditation and legal compliance. Audits of one’s lab environment, 
such as evidence handling, data retention policies, and access control management, 
are a great way to track alignment with internal processes and industry best prac-
tices, such as ISO 17025, as well as with international regulatory requirements 
(GDPR, HIPAA, etc.) that could become binding at any time. Update SOPs as 
needed, then train personnel on these SOPs to maintain a defensible forensic pos-
ture (Kashande et al., 2020; Salfati & Pease, 2022).
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Refer to Financial Case Example and Best Practices
This section offers additional applied examples and best practices from real-world sce-
narios that can serve not only as a reference but also as practical solutions for various 
problems one might encounter:

	 1.	 Consider APT emulation lessons in the financial sector. The scale of 
high-volume transaction systems, such as the SWIFT network, must be consid-
ered when dealing with cyber threats, including the ability of IDS/IPS to be tuned 
and thus detect living-off-the-land techniques. Observations of false-positive 
rates and detection lag (0.5 seconds in the case study) can help calibrate parsing  
rules and API performance (Casey et al., 2020; Rathebe & Kholopo, 2025; US 
Department of Defense, 2019).

Question: In the financial-sector APT emulation case study, what operational 
benefit resulted from reducing detection lag from 0.5 seconds?

Answer/Explanation: The reduction of the 0.5-second detection lag in the 
financial-sector APT emulation case study had a significant operational benefit. It 
enabled the bank to swiftly identify and counter FIN7’s living-off-the-land tech-
niques, thereby averting a projected $23 million loss. This faster detection also facil-
itated the refinement of Splunk parsing rules and API performance, resulting in 
a reduction in false negatives and an enhancement of the overall security posture 
(Casey et al., 2020; Rathebe & Kholopo, 2025; US Department of Defense, 2019).

	 2.	 Iterate and document improvements. This awareness embraces a culture 
of continuous improvement. After each adversary emulation exercise, hold a 
postmortem to highlight gaps, whether in network segmentation, logging config-
urations, or tooling capabilities that should be met. Update lab artifacts such as 
VM templates, automation scripts, and SOPs to reflect those changes to instill a 
cycle of continuous improvement.

By following these steps and applying the concepts as shown in Chapter 3 and 
throughout these labs, one can confidently and effectively build, maintain, and con-
tinuously improve one’s own network forensics laboratory.

COHESIVE AND SYNERGISTIC RESPONSE

Chapter 3 integrates foundational best practices and practical recommendations to 
build a purpose-built network forensics laboratory (LAB) as the underlying infra-
structure for behavior-based network forensics. The chapter serves as a cohesive 
roadmap, providing instructions that span physical and virtual design choices, net-
work topology, adversary emulation frameworks, and digital forensics workflows. The 
goal is to ensure that practitioners are informed and well-equipped to prepare a real-
istic, contained environment for testing, observation, and analysis of emulated threat 
scenarios.

The chapter first addresses the importance of isolation and segmentation as pri-
mary measures to secure production systems and create a controlled sandbox for 
malware analysis and threat replication. An air-gapped environment, where the lab’s 
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network is physically isolated from external and corporate networks, establishes the 
first line of defense against inadvertent code propagation. The emphasis on VLAN 
segmentation enforces logical separation, effectively partitioning the lab into dedi-
cated zones for adversary emulation, forensics, and administration. This segmentation 
also serves as a safeguard against lateral movement of malicious artifacts and helps 
contain experiments within predefined boundaries.

Building on this secure foundation, the chapter advocates for mirroring opera-
tional environments with high fidelity (Figure 3.3). As forensic analysts, cybersecurity 
professionals, and digital forensics researchers, we must replicate production system 
configurations, network topologies, and traffic patterns to ensure the evidence collected 
in the lab reflects what can be expected in a live environment (Eclipse Forensics, 2024; 
Miller et al., 2014). These lab environment efforts must be dedicated and sustained to 
ensure legal defensibility, court-admissible artifacts, and reproducible forensic work-
flows, which rely on the premise that lab conditions mirror their real-world counter-
parts (Eclipse Forensics, 2024; Miller et al., 2014).

Traffic generation systems should be able to produce second- and third-order 
effects (ARP requests, DNS resolution) of network traffic, placing defensive tools 
under realistic load conditions to preclude overly optimistic performance evaluation. 
The behavior-based analytics themselves should be error-tolerant, function reliably, 
and generate confidence in the detection tools through real-world traffic (Casey et al., 
2020; Kashande et al., 2020). Simulating adversary behavior forms the cornerstone 
of the chapter, with an emphasis on adversary emulation frameworks. Frameworks 
like the MITRE ATT&CK model can be used to construct attack playbooks that simu-
late the TTPs of specific adversaries, where adversary emulation’s primary focus is to 
replicate real-world cyber-attacks in a controlled environment, allowing analysts to 
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practice and hone their skills (Allwood et al., 2020; Sieberth et al., 2019). Tools such 
as IaC (Terraform, Ansible) automate the provisioning and de-provisioning of these 
scenarios, enabling the execution of a repeatable, consistent test case across a scalable 
number of servers and configurations (Hicklin et al., 2022; Sieberth et al., 2019). Such 
automation enables faster research and training cycles while precluding configuration 
drift, a well-known source of test case divergence that can introduce forensic invalidity 
(Hicklin et al., 2022; Sieberth et al., 2019).

Emulation-driven test cases can then be used for behavior-based network foren-
sics, which is predicated on detecting behavioral patterns that may signal the presence 
of an adversary. Security teams can create ground-truth datasets in a controlled envi-
ronment that comprise labeled benign and malicious traffic. Machine-learning (ML) 
models for detection can be built by correlating datasets with labeled artifacts across 
the whole timeline of a security incident, ensuring no mistakes in ground-truth 
creation. That labeled data will then inform behavior-based analytics in the produc-
tion environment by enabling rapid detection of even novel or stealthy living-off-the-
land or advanced lateral-movement threats (Kebande et al., 2020; Sieberth et al., 2019).

The digital forensics workflow is woven into every step of the lab’s opera-
tions. Procedures such as evidence acquisition are highlighted, including the use of  
write blockers to create bit-for-bit images of storage devices, memory dumps, and the 
retrieval of volatile artifacts without modifying or contaminating the original evidence 
(Kashande et al., 2020; Salfati & Pease, 2022). Chain-of-custody must be meticulously 
documented, strictly adhered to, and should be reproducible. Metadata that uniquely 
identifies each evidence file, every handoff and transfer between analysts and worksta-
tions, and timestamps for each action will then support auditing and forensic evidence 
production (Kashande et al., 2020; Rathebe & Kholopo, 2025). High-performance 
forensic workstations with multi-core CPUs, 64 GB+ RAM, and SSD storage are pre-
requisites for efficient analysis. They must be able to run the full suite of forensic tools, 
such as Autopsy, EnCase, and FTK, without degradation, especially in cases where 
large datasets need to be processed (Miller et al., 2014; Salfati & Pease, 2022).

Technical implementation challenges such as scalability, resource allocation, and 
legal/compliance accreditation (ISO 17025, NIST guidelines, GDPR, HIPAA) are also 
discussed. Hybrid infrastructure, which marries air-gapped on-premises segments 
for high-risk malware analysis and secure private cloud or virtual lab nodes for less 
sensitive testing, is recommended as a balance between cost and forensic fidelity 
(Hicklin et al., 2022; Sieberth et al., 2019). For cybersecurity professionals and labora-
tory managers in the financial sector, reading this recommendation, your role in exe-
cuting those recommendations is pivotal. Periodic SOP audits, combined with regular 
training on compliance requirements, will ensure that all labs are accredited and meet 
their respective regulatory mandates (Kashande et al., 2020; Salfati & Pease, 2022).

The chapter then discusses a small case study later in the chapter on financial-sector 
APT emulation, which brings all the previous advice into focus. Replicating a SWIFT 
network at a multinational bank with more than 2.4 million transactions daily, 
the authors found a 0.5-second detection lag for any SWIFT packet in the bank’s 
Splunk-based security stack, where adjusting API performance and parsing rules 
later remediated the gap and prevented a $23M loss. This practical example shows 
that a well-designed and executed network forensics laboratory directly correlates to 
operational resilience, which is the ability to maintain essential functions during and 
after a disruptive event, while informing the defense and precluding time-to-detect of 
adversary behavior (Casey et al., 2020; Rathebe & Kholopo, 2025; US Department of 
Defense, 2019).

Chapter 3 provides a synergistic recipe for a network forensics LAB: (1) physical 
and virtual infrastructure securely isolates and mirrors production environments; 
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(2) adversary emulation frameworks, which are now automated, create realistic 
threat scenarios; (3) high-fidelity traffic generation and forensics workflows capture 
network data; and (4) behavior-based analytics transform that data into actionable 
intelligence. These four components come together as a holistic system that under-
lies advanced behavior-based network forensics.

CASE STUDY: HEALTHSECURE HOSPITAL NETWORK 
FORENSICS LAB DEPLOYMENT

Background and Objectives
HealthSecure Hospital is a medium-sized medical organization that provides health 
care services to the metropolitan area. Recent events included targeted attacks with 
objectives such as exfiltrating patient records and disrupting critical care systems. 
The hospital’s IT security team realized that their signature-based defenses could not 
adequately protect against advanced threats and decided to build a network forensics 
laboratory. The goals were to (1) simulate attacks against a clone of the production 
environment that was isolated from clinical devices, (2) test and tune behavior-based 
detection rules for EHR systems, and (3) create forensic workflows with legal defensi-
bility for incident response and regulatory reporting (e.g., HIPAA).

Lab Design
Physical and logical isolation:

	▪	 Air‐gapped segments: The lab was physically located in a locked server room 
with no direct internet access (Figure 3.4). A dedicated switch was used to ensure 
that lab devices were connected only to internal evaluation networks (Rathebe & 
Kholopo, 2025; Sieberth et al., 2019).

	▪	 VLAN segmentation: The air‐gapped network was logically segmented into three 
VLANs: (1) “Emulation VLAN” for adversary payload injection and active threat 
emulation; (2) “Analysis VLAN” for forensic workstations; and (3) “Management 
VLAN” for lab administrative and logging servers. Access control lists (ACLs) 
were applied to prevent lateral movement from the Emulation VLAN to any other 
network segment (Casey et al., 2020; Sieberth et al., 2019).
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FIGURE 3.4.   Foundational case-study build sequence. Physical and logical isolation enable 
virtualization and environment mirroring, which together support realistic traffic generation. 
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Question: What is the purpose of VLAN segmentation in a network forensics lab, 
and how does it enhance security?

Answer/Explanation: VLAN segmentation, a key strategy in network forensics, 
divides the lab network into logically isolated zones (e.g., adversary emulation, 
forensic analysis, administration). Enforcing strict firewall rules between VLANs 
effectively prevents unauthorized lateral movement of malware or adversary tools. 
This control ensures that experiments in one zone do not impact other zones or  
production systems, thereby enhancing the network’s security (Rathebe & Kholopo, 
2025; Sieberth et al., 2019).

Virtualization and Environment Mirroring
	▪	 Hypervisor platform: HealthSecure deployed VMware ESXi hosts with dual‐

socket Intel Xeon processors, 256 GB RAM, and SSD storage arrays to support 
nested virtualization. This configuration allowed the lab to emulate production 
EHR servers (Windows Server 2019 with latest patches) and supporting infrastruc-
ture (e.g., database servers, Active Directory) in isolated virtual machines (Sieberth 
et al., 2019; Rathebe & Kholopo, 2025).

	▪	 Mirrored network topology: A virtual network topology replicated critical seg-
ments of HealthSecure’s live network, including EHR traffic flows, firewall pol-
icies, and IDS placements. Virtual routers and firewalls were configured with 
ACLs identical to those in production to ensure any observed attack paths in the 
lab accurately reflected potential paths in the live environment (Eclipse Forensics, 
2024; Miller et al., 2014).

Traffic Generation
	▪	 High‐fidelity background traffic: The lab incorporated a traffic generation 

system, based on open-source tools augmented with custom scripts, that pro-
duced realistic EHR traffic, including HL7 message exchanges, SQL queries to the 
Cerner Millennium database, and common workstation-to-printer communica-
tions. DNS lookups, ARP broadcasts, and other “chatty” background behaviors 
were simulated to stress behavior‐based analytics under production‐like loads 
(Casey et al., 2020; Kashande et al., 2020).

Adversary Emulation and Scenario Development
	 1.	 Threat actor profile selection. HealthSecure’s red‐team analysts, leveraging  

their extensive knowledge and experience, strategically chose to emulate 
“APT‐Health,” a fictitious adversary that combined known tactics from MITRE 
ATT&CK. APT-Health was modeled on real healthcare, targeting groups that 
deploy phishing campaigns to steal credentials and use living-off-the-land tech-
niques (e.g., PowerShell script abuse) to move laterally (Allwood et al., 2020; 
Sieberth et al., 2019).

	 2.	 IaC automation. With meticulous attention to detail, the team used Terraform 
and Ansible to script the deployment of virtual machines, network segments, fire-
wall rules, and baseline EHR server configurations. This IaC approach ensured 
that each emulation exercise started from an identical, known-good state, thereby 
reducing human configuration errors and streamlining teardown and rebuild 
cycles (Hicklin et al., 2022; Sieberth et al., 2019).
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	 3.	 Attack playbook execution. The emulation workflow followed a multi‐stage 
playbook:

	 a.	 Initial access: Simulated spear‐phishing with a malicious Word document 
exploiting a realistic CVE, delivering a reverse PowerShell shell to an emulated 
clinician’s workstation.

	 b.	 Credential theft: Extracted stored LDAP credentials from the compromised 
workstation using Mimikatz, then moved laterally to a virtualized Active 
Directory server.

	 c.	 Privilege escalation: Abused a misconfigured service on the DC to gain 
SYSTEM privileges.

	 d.	 Persistence: Created a scheduled task that persisted across reboots.
	 e.	 Lateral movement and data collection: Executed PowerShell scripts to enu-

merate the EHR database filesystem, exfiltrating CSV extracts to a simulated 
drop server in the Emulation VLAN.

	 f.	 Cleanup: Removed artifacts and logs to test forensic detection of stealthy 
traces (Allwood et al., 2020; Casey et al., 2020; Hicklin et al., 2022).

	 4.	 Ground truth dataset generation. Throughout the emulation, the lab captured 
network traffic (in the form of PCAP files), host logs, memory dumps, and disk 
images at each stage. Each artifact was timestamped and labeled with MITRE 
ATT&CK’s tactic and technique identifiers, forming a ground-truth dataset of 
paramount importance. This dataset was used to train HealthSecure’s behavior‐ 
based detection engine, a crucial step in our research (Kebande et al., 2020; 
Sieberth et al., 2019).

Digital Forensics Workflow and Evidence Handling
	▪	 Evidence acquisition: The evidence-acquisition process is meticulous. It uses  

both hardware (USB 3 write-blocker devices) and software (OpenDML write- 
blocker modules) to ensure bit-for-bit acquisitions that do not alter the source 
data when imaging virtual disk files and memory captures (Kashande et al., 2020; 
Salfati & Pease, 2022).

	▪	 Chain of custody (CoC): The chain of custody process is designed with secu-
rity in mind. Each digital artifact (e.g., forensic images, pcap files) is assigned a 
unique identifier and entered a digital CoC ledger hosted on the Management 
VLAN. The ledger records who accessed the artifact, when, and for what purpose, 
with NTP‐synced timestamps to ensure legal defensibility (Kashande et al., 2020; 
Rathebe & Kholopo, 2025).

	▪	 Analysis and reporting: Forensic analysts used Autopsy and EnCase on high‐
performance workstations (Intel Xeon, 128 GB RAM, NVMe SSDs) to parse disk 
images and reconstruct attack sequences. This process involves examining disk 
images for signs of malicious activity and piecing together the sequence of events 
that led to the attack. Memory analysis utilized Volatility to extract PowerShell 
command history, loaded modules, and scheduled tasks (Miller et al., 2014; 
Salfati & Pease, 2022). Findings are compiled into structured reports detailing 
Indicators of Compromise (IOCs), confirmed TTPs, and recommended detection 
rule adjustments.

	▪	 Secure storage: All forensic images and captured logs are encrypted at rest using 
AES‐256 and stored on a network‐attached storage array. This storage array was 
equipped with RAID 6 redundancy, a data protection technology that ensures the 
system can continue to function even if two drives fail simultaneously. Role‐based 
access controls (RBAC) restrict access to the final artifacts to senior analysts and 
legal counsel (Rathebe & Kholopo, 2025).
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Outcomes and Findings
	▪	 Detection lag identification and remediation: Initial behavior‐based detec-

tion rules (deployed in a Splunk SIEM instance) exhibited an average 0.8‐second 
lag between the execution of PowerShell commands on the clinician’s workstation 
and alert generation (Figure 3.5). By adjusting the sysmon configuration to log pro-
cess command line parameters more comprehensively and refining Splunk’s pars-
ing rules, the team reduced detection latency to 0.3 seconds, improving response 
time and minimizing attacker dwell time (Casey et al., 2020; US Department of 
Defense, 2019).

	▪	 False‐positive reduction: Emulation runs revealed that specific benign adminis
trative scripts (e.g., scheduled database backups) were triggering false positives. 
The lab team calibrated analytics to exclude signed Microsoft binaries and added 
context-aware whitelists for routine EHR maintenance tasks, resulting in a  
45% reduction in daily alert volume without compromising accurate favorable 
rates (Casey et al., 2020; Kashande et al., 2020).

	▪	 Policy and SOP updates: Post-exercise reviews identify gaps in incident response 
playbooks, specifically in the ambiguous roles of legal and compliance teams dur-
ing evidence handling. HealthSecure has updated its standard operating proce-
dures (SOPs) to delineate responsibilities clearly: the red team initiates evidence 
acquisition, forensic analysts validate the chain of custody, and legal review 
reports are completed before external disclosure. These changes enhanced overall 
coordination and compliance readiness (Kashande et al., 2020; Salfati & Pease, 
2022).

	▪	 Staff training and skill development: A series of hands-on workshops utilized 
the lab for training SOC analysts on behavior-based network forensics princi-
ples. Participants gained practical experience in reconstructing attack timelines 
from network traffic and host artifacts, thereby improving their ability to identify 
stealthy lateral movement and living-off-the-land techniques. Post-training assess-
ments showed a 30% increase in the correct classification of suspicious behaviors 
(Hicklin et al., 2022; Kebande et al., 2020).
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Lessons Learned and Best Practices
Figure 3.6 illustrates the four steps for best practices based on the lessons learned from 
HealthSecure.

	 1.	 Realistic traffic patterns are important. Simulated HL7 and EHR-specific 
traffic were critical for stress-testing behavior-based detection. A lab without real-
istic background noise risked overly optimistic performance metrics; this under-
scores the importance of investing in high‐fidelity traffic generators to approximate 
production conditions (Casey et al., 2020; Kashande et al., 2020).

	 2.	 Continuously maintain and update lab environments. Threat actor tac-
tics evolve rapidly; lab environments must be updated frequently, including OS 
patches, new vulnerability simulations, and updated playbooks (detailed guides 
or instructions for responding to specific types of cyber threats) based on emerg-
ing MITRE ATT&CK techniques (a knowledge base of adversary tactics and 
techniques). These updates ensure that the lab remains relevant and effective in 
detecting and responding to the latest cyber threats (Allwood et al., 2020; Sieberth 
et al., 2019).

	 3.	 Balance the cost with fidelity. HealthSecure balanced on‐premises air‐gapped 
hosts (for high‐risk malware analysis) with a private cloud segment (for lower‐risk 
emulations). This hybrid model reduced hardware costs while preserving forensic 
fidelity where it mattered most (Hicklin et al., 2022; Sieberth et al., 2019).

	 4.	 Integrate the legal and compliance elements. Involving legal counsel early 
in lab design, specifically for chain‐of‐custody requirements and reporting stan-
dards, provides a solid foundation and avoids later conflicts during evidence 
handoffs and disclosure. Regular audits and documentation of SOP adherence 
solidify regulatory compliance, providing peace of mind (Kashande et al., 2020; 
Rathebe & Kholopo, 2025).

LESSONS LEARNED AND
BEST PRACTICES

IMPORTANCE OF
REALISTIC
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INTEGRATION
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1 2 03 04

FIGURE 3.6.   Lessons learned from the HealthSecure deployment. The case highlights traffic 
realism, continuous maintenance, cost-fidelity balance, and legal/compliance integration. 
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Case Conclusion
The HealthSecure Hospital network forensics lab exemplifies how a healthcare organi-
zation can leverage principles of isolation, realistic environment mirroring, adversary 
emulation, and rigorous digital forensic workflows to refine behavior‐based detec-
tion and strengthen incident response. By systematically implementing air-gapped 
segments, VLAN segmentation, high-fidelity traffic generation, IaC automation, and 
detailed chain-of-custody procedures, HealthSecure achieved measurable improve-
ments in detection latency, false-positive reduction, and staff competency. This case 
study highlights that establishing a dedicated lab is not merely an academic exercise 
but a strategic imperative that improves security posture, enhances legal defensibility, 
and builds greater resilience against advanced persistent threats.

WHAT WE HAVE LEARNED

Application of Chapter Concepts
The HealthSecure Hospital case study shows how the chapter’s design principles 
translate into a practical, behavior-based network defense. The points below connect 
the chapter’s main concepts to the case study’s operational outcomes.

Lessons Learned
	 1.	 Implement air-gapped isolation and VLAN segmentation. Earlier in this 

chapter, we described air-gapped isolation and VLAN segmentation as the first 
steps in securing a forensic lab. In the HealthSecure environment, separate emula-
tion, analysis, and management VLANs contained lateral movement during test-
ing and reinforced the need for strict physical and logical barriers (Rathebe &  
Kholopo, 2025; Sieberth et al., 2019). HealthSecure can build on this design by 
automating quarantine actions for higher-risk lab segments.

	 2.	 Maintain high-fidelity environment mirroring. SOPs guide readers in rep-
licating production configurations, operating systems, network services, and 
firewall rules to create legally defensible evidence and actual behavior patterns 
(Eclipse Forensics, 2024; Miller et al., 2014). HealthSecure verified its virtu-
alization of EHR servers and network topologies by accurately duplicating the 
responses of its EHR systems to simulated attacks in a controlled lab setting. The 
lab setup’s ability to capture HL7 traffic and replicate Cerner database queries 
demonstrated that forensic artifacts, such as log entries and disk images, would be 
representative. The lesson learned is that partial or inaccurate mirroring may pro-
duce deceptive ground truth. Hence, HealthSecure will audit the virtual templates 
to ensure they align with the production snapshots in the future and capture con-
figuration drift.

	 3.	 Generate realistic traffic patterns. The chapter emphasized the significant 
benefit of high-fidelity traffic generation to stress-test detection tools under 
real-world loads (Casey et al., 2020; Kashande et al., 2020). The case involved 
simulating HL7 exchanges, SQL queries, and even background DNS lookups for 
HealthSecure’s EHR systems. This realistic traffic generation provided evidence 
that initial behavior-based detection rules were too sensitive, resulting in too many 
false positives and high latency. The key lesson here is that realistic traffic pat-
terns and a lack of security cannot be overlooked. Unless background traffic accu-
rately mirrors actual usage patterns, behavior-based analytics may be ineffective 
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or even overwhelm analysts with false alarms. In the future, HealthSecure will 
leverage machine–learning–driven traffic synthesis to keep pace with shifting 
user behavior.

	 4.	 Automate adversary emulation through infrastructure-as-code (IaC). The 
SOPs provide recommendations for IaC to ensure repeatability and prevent con-
figuration drift in adversary emulation (Figure 3.7) (Hicklin et al., 2022; Sieberth 
et al., 2019). In the HealthSecure example, Terraform and Ansible were used to 
automate the provisioning of identical virtual machines, networks, and firewall 
policies. The goal was to ensure red-team exercises started from a known-good 
state every time. The insight was discovered that manual, ad-hoc lab provisioning 
risks creating inconsistent environments and therefore invalidates comparative 
analyses. HealthSecure will expand its IaC scripts to include self-healing routines 
that automatically revert any unintended changes (such as incomplete malware 
cleanup) to the baseline, thereby minimizing downtime and ensuring continuous 
lab readiness in the future.

	 5.	 Integrate rigorous digital forensics workflows. The SOPs detail the end-to-
end forensic process, write blocker usage, CoC, and secure storage to maintain 
evidentiary integrity (Figure 3.8) (Kashande et al., 2020; Salfati & Pease, 2022). In 
the HealthSecure lab, consistent application of write blockers during disk imaging 
and meticulous logging of every artifact handoff-built confidence in the admissi-
bility of findings. The discovery that their initial chain-of-custody ledger did not 
account for emergency snapshot grabs during active incidents was a blind spot 
that HealthSecure identified in its forensic process. This finding emphasized the 
importance of planning and preparing exceptional scenarios in forensic workflows. 
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FIGURE 3.7.   Adversary emulation and scenario development cycle. Steps 1–4 correspond 
directly to the numbered discussion above: threat actor profile selection, IaC automation, 
attack playbook execution, and ground-truth dataset generation. 
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The HealthSecure will address this issue and improve its forensic capabilities by 
integrating automated timestamping in the future.

	 6.	 Leverage ground truth for behavior-based analytics. The case study described 
using curated datasets, mixing benign traffic with deliberately injected adversary 
TTPs to create ground truth for behavior-based detection models. HealthSecure’s 
multi-stage playbook (phishing, PowerShell abuse, and lateral movement) was 
developed to generate labeled datasets to improve the hospital’s ML-driven detec-
tion engine. This reduced detection latency from 0.8 seconds to 0.3 seconds in 
real-time monitoring. This outcome demonstrated that controlled lab emulation 
directly translates to operational defensive strength. The lesson learned is the need 
to continuously update ground truth datasets to keep pace with evolving adver-
saries. It is important to inject new persistence techniques, encryption tactics, or 
evasion methods to keep detection models relevant and robust in the future.

	 7.	 Balance cost, scalability, and compliance. The case study suggested hybrid 
architecture that combine on-premises, air-gapped segments with private-cloud 
resources to optimize costs without sacrificing forensic fidelity. The HealthSecure 
will continue using the model the authors recommend, which uses on-premises 
hosts for high-risk malware analysis and private-cloud VMs for routine emula-
tion in the future. The authors will begin to over-budget their cloud allowance as 
more researchers run scenarios concurrently, a challenge the HealthSecure lab 
faced. This problem indicates that further cost optimization is a continued focus: 
HealthSecure will implement usage quotas, schedule non-critical experiments 
during off-peak hours, and investigate spot instance pricing where appropriate 
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FIGURE 3.8.   Digital forensics workflow and evidence handling cycle. Steps 1–4 align with 
the numbered discussion above: evidence acquisition, chain of custody, analysis and reporting, 
and secure storage. 
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in the future. The lab’s use of cloud resources must be HIPAA-compliant, and the 
authors plan to address this, as regulatory requirements have recently changed, 
which is another oversight. HealthSecure must ensure that any cloud-based seg-
ment fully encrypts all patient data in transit and at rest, beyond what the authors 
have already discussed, to maintain this hospital’s compliance going forward.

Moving Forward: Leveraging Lessons Learned
The HealthSecure Hospital case study demonstrates that the Chapter 3 foundational 
framework of air-gapped isolation, environment mirroring, realistic traffic genera-
tion, automated adversary emulation, and rigorous forensics delivers tangible secu-
rity improvements: faster detection, fewer false positives, and stronger auditing 
capabilities.

The plans are to:

	▪	 Continuously audit and update lab configurations to account for “production 
drifts” and changing threat landscapes in the future.

	▪	 Enhance traffic generation with adaptive, AI-driven synthesis to accommodate 
new clinical workflows (e.g., telehealth surges).

	▪	 Expand IaC to include self-healing and dynamic quarantine mechanisms, further 
reducing the need for manual intervention.

	▪	 Integrate immutable audit log technologies (e.g., blockchain-backed chain of cus-
tody) to cover emergency acquisitions.

	▪	 Periodically reassess cloud usage models to balance cost, performance, and com-
pliance obligations.

Iterating on these lessons will help HealthSecure ensure its network forensics lab 
remains an agile, effective engine for advancing behavior-based network forensics and 
protecting patient data in the ever-evolving cyber threat landscape.

CHAPTER SUMMARY

Chapter 3 details the process for designing, building, and operating a network foren-
sics laboratory for adversary emulation, forensic accuracy, and behavior‐based network 
analysis. First, it emphasizes the importance of isolating the lab from the production 
environment, noting that both air‐gapped and VLAN‐segmented networks are critical 
for containing malicious code and preventing collateral damage to other production 
systems (Rathebe & Kholopo, 2025; Sieberth et al., 2019). Isolation not only protects 
the live infrastructure but also creates a more controlled setting for reproducible exper-
iments by minimizing the impact of external factors (Hicklin et al., 2022).

The chapter then proceeds to discuss the design of the laboratory, starting with 
the required physical infrastructure and followed by the network topology. Physically, 
a lab needs a dedicated, access-controlled environment with protective measures 
against environmental hazards such as temperature and humidity, as well as secure 
storage for forensic hardware and evidence (Kashande et al., 2020; Rathebe &  
Kholopo, 2025). Logically, network isolation can be achieved with either a 
completely air‐gapped topology or a well‐segmented VLAN topology where all inter‐
segmental traffic is funneled through firewall rules and policies that effectively  
prevent any lateral movement of threats (Casey et al., 2020; Sieberth et al., 2019). The 
use of Virtualization platforms such as VMware, VirtualBox, or Proxmox VE allows 

c03.indd   63c03.indd   63 03-06-2026   14:40:0003-06-2026   14:40:00



64 FOUNDATIONS OF ADVANCED NETWORK FORENSICS USING A CYBER-BEHAVIORAL SCIENCE APPROACH

for multiple isolated, logically separated environments on shared physical hardware, 
thus saving on hardware costs while still providing flexibility and resource allocation 
to create them (Sieberth et al., 2019; Rathebe & Kholopo, 2025).

Mirroring is the next topic, as the chapter further describes the process for ensuring 
forensic accuracy in the laboratory by recreating an exact copy of the production envi-
ronment, including the same underlying configurations, down to the OS versions, net-
work services, and even the traffic characteristics such as rate, periodicity, and packet 
sizes. By doing so, the digital evidence captured in the lab is not only representative 
of real-world conditions but can also be defensible and admissible in a court of law 
(Eclipse Forensics, 2024; Miller et al., 2014). Augmented and virtual reality tools also 
provide high precision and accuracy for reconstructing network topology and crime 
scene context, with exact spatial and temporal dimensions for further forensic analysis 
(Eclipse Forensics, 2024).

On the topic of adversary emulation, the chapter guides the reader through the 
process of using MITRE ATT&CK as a framework for building scenario playbooks 
that can accurately recreate the TTPs of specific threat actors, with special attention 
on the IaC (e.g., Terraform, Ansible) as an automated and scalable way to deploy, test, 
and tear down reproducible and realistic complex topologies. Automation through IaC 
helps ensure consistency, scalability, and ease of use by enabling repeatable, reliable 
testing across multiple copies of the lab (Hicklin et al., 2022; Sieberth et al., 2019). 
Behavior‐based network forensics depends on the capability to generate ground‐truth 
data via these meticulously controlled emulations in the lab, which in turn combine 
the authentic background noise with the precisely injected adversarial behavior to 
train and test the detection models in order to spot anomalies that may otherwise be 
difficult to detect (Kebande et al., 2020; Sieberth et al., 2019).

Integration with digital forensics (DF) practices is then covered in depth, with 
a special focus on workflows encompassing acquisition, CoC, analysis, and secure 
storage. Evidence needs to be acquired from live hosts using write blockers to create 
bit-for-bit disk images and memory captures without altering the source data, both of 
which help preserve the integrity of the evidence for later legal examination (Kashande 
et al., 2020; Salfati & Pease, 2022). CoC documentation must track every transfer and 
analysis step applied to the evidence, timestamped and cross‐referenced with a unique 
index, to ensure that all findings remain defensible for legal or regulatory proceedings 
later (Kashande et al., 2020; Rathebe & Kholopo, 2025). High‐performance forensic 
workstations and redundant forensic software suites provide efficiency and continuity 
in the event of tool or system failure (Miller et al., 2014; Salfati & Pease, 2022).

The chapter also addresses some technical implementation challenges and solu-
tions, particularly around scalability and resource management. A hybrid infrastruc-
ture is often suggested, which uses both on-premises and air-gapped segments for 
higher-risk, more sensitive tasks, and private-cloud nodes for lower-risk workloads, 
to strike the right balance between cost, performance, and data sovereignty (Hicklin 
et al., 2022; Sieberth et al., 2019). Accreditation and compliance requirements (ISO 
17025; NIST IR 8428, GDPR, HIPAA, etc.) typically mandate strict SOPs, regular 
internal and external audits, and staff training to remain aligned with any legal or 
regulatory changes (Kashande et al., 2020; Salfati & Pease, 2022).

One final case study on financial-sector APT emulation ties together all the pre-
ceding principles. A large multinational bank emulated its SWIFT infrastructure, 
which typically sends over 2.4 million transactions a day. The bank then injected  
FIN7’s living-off-the-land techniques, using MITRE CALDERA as the C2 orchestrator, 
and successfully penetrated the SWIFT environment. However, the bank’s detection 
and logging in Splunk had a 0.5-second average time delay in its parsing rules, result-
ing in the attack going undetected for a longer period than necessary. In this case study,  
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a real cyberattack was emulated in the bank’s high‐fidelity forensic laboratory, result-
ing in an additional $23 million in losses had the bank not addressed the previously 
unknown vulnerability (Casey et al., 2020; Rathebe & Kholopo, 2025; US Department 
of Defense, 2019). This case study is a practical example of how a high‐fidelity labora-
tory can directly and concretely contribute to an organization’s operational resilience 
by enabling rapid detection and preemptive defensive tuning.

Chapter 3 has underscored the criticality of a well-equipped, flexible network 
forensics laboratory as the bedrock of an enhanced behavior‐based network forensics 
capability. By meticulously crafting an environment that mirrors production systems, 
configurations, network topologies, and the underlying traffic profile (including the 
implementation of sophisticated traffic generation tools), the laboratory stands as a 
controlled, high‐fidelity ecosystem in which adversary behavior can be safely emu-
lated, observed, and scrutinized in isolation (Casey et al., 2020; Eclipse Forensics, 2024; 
Miller et al., 2014). With air‐gapped and VLAN‐segmented laboratory systems, which 
may be bolstered by full encryption, malicious code and experiments can be safely 
executed without risking the integrity and availability of the production environment, 
much less legal defensibility (Rathebe & Kholopo, 2025; Sieberth et al., 2019).

Through IaC tools, configurations can be scripted to create a deterministic, repeat-
able lab that can quickly instantiate adversary emulation scenarios grounded in frame-
works like MITRE ATT&CK to generate behavior data with ground-truth labels of 
benign background traffic and injected threat actor TTPs, the gold standard in data 
for behavior-based analytics (Casey et al., 2020; Eclipse Forensics, 2024; Miller et al., 
2014). Leveraging this high-fidelity dataset generated in the lab, machine learning 
models and anomaly-detection thresholds can be trained and tuned with confidence 
to identify emerging threats, from living-off-the-land techniques to lateral movement 
within a production environment.

Additionally, with the integration of structured and robust digital forensics work-
flows, including evidence acquisition with write blockers, chain-of-custody logging, 
high-performance analysis, and secure evidence storage, investigators gain the addi-
tional confidence that their evidence remains untampered with and legally defensible 
to a court of law, accreditation bodies (ISO 17025; NIST IR 8428, GDPR, HIPPA), and 
internal and external stakeholders who may be impacted by the forensic investiga-
tion’s findings (Kashande et al., 2020; Salfati & Pease, 2022; Sieberth et al., 2019). In 
this way, laboratory rigor enables both enhanced operational defense capabilities and 
eases the burden of legal accountability and, by extension, reinforces confidence in the 
findings’ validity (Kashande et al., 2020; Rathebe & Kholopo, 2025). For instance, by 
emulating FIN7’s tactics against a SWIFT network and fine-tuning detection rules and 
API performance, it was possible to demonstrate a 0.5-second reduction in the previ-
ously unaddressed time-to-detection gap and avoid a potential $23 million loss (Casey 
et al., 2020; US Department of Defense, 2019). This case study is significant because it 
illustrates a tangible, impactful use case that serves as a litmus test for the value of the 
entire research endeavor. In other words, it provides a concrete example that validates 
and justifies the continued exploration and investment in the broader topic of network 
forensics (Casey et al., 2020; US Department of Defense, 2019).

FINAL THOUGHT

Chapter 3 sets the stage for the remainder of the book by highlighting the benefits of 
a well-designed network forensics laboratory and the unique insights it can provide. 
In this environment, a properly trained practitioner can outpace the adversary by vali-
dating advanced behavior-based analytics in a safe, repeatable manner. By integrating 
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high-fidelity adversary emulation with rigorous digital forensics workflows, prac-
titioners can extract forensically relevant information from raw network data for 
near-real-time detection, efficient incident response, and legally defensible investiga-
tions. As the modern cyber threat landscape evolves, the content in this chapter will 
remain a key enabler for the next generation of behavior-based network forensics and 
ensure that defensive capabilities are not only proactive but also resilient.
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INTRODUCTION

Chapter 4 introduces behavioral analysis as the human-centered layer of cybersecurity, 
showing how motive, emotion, and group behavior complement technical evidence. Rather 
than treating cyberattacks as purely technical events, the chapter frames them as social, 
psychological, and operational campaigns that can be anticipated as well as investigated 
(Lahcen et al., 2020; Mallikarjunan et al., 2015; Rich & Aiken, 2024).

After providing a general overview of behavioral analysis, the chapter introduces 
forensic cyberpsychology, a subdiscipline of critical importance. Forensic cyberpsychol-
ogy studies how offenders present and behave in online environments, complementing 
conventional forensic psychology with an understanding of the digital domain (Capitol 
Technology University, n.d.-a; Savithri & Kacker, 2021). This field of study, unlike the more 
general subdiscipline of cyberpsychology, is exclusively devoted to human behavior or 
user activity in cyberspace that can be criminal, socially undesirable, or otherwise fall 
outside the norm (Do, 2024; Rich, 2024). Theoretical foundations were first provided by 
Aiken and McMahon (2014) and Connolly et al. (2016), which informed subsequent pro-
filing approaches (Capitol Technology University, n.d.-a; Savithri & Kacker, 2021). Kirwan 
and Power (2013) pioneered research on psychological markers that can help in predicting 
cybercriminal intent (Capitol Technology University, n.d.-a).

The remainder of the chapter moves quickly from overview to practice by applying 
behavioral analysis to profiling, affective analysis, psycholinguistics, attribution, insider-risk 
monitoring, and ethics in operational cybersecurity settings.

KEY TERMS

	▪	 behavioral profiling
	▪	 Cyber Adversary Psychological  

Evaluation (CAPE) framework
	▪	 Dark Triad
	▪	 dark-web monitoring
	▪	 forensic cyberpsychology
	▪	 GeoCrime

	▪	 affective analysis
	▪	 inverse reinforcement learning (IRL)
	▪	 linguistic inquiry and word count (LIWC)
	▪	 large language models (LLMs)
	▪	 psycholinguistic analysis
	▪	 social dynamics

CHAPTER 4
Behavioral Analysis in Cybersecurity
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LEARNING OBJECTIVES

After reading Chapter 4, readers should be able to:

	 1.	 Differentiate cyberpsychology from forensic cyberpsychology in cybersecurity 
practice.

	 2.	 Explain how behavioral frameworks such as the Dark Triad, the Big Five, and IRL support 
threat profiling and prediction.

	 3.	 Analyze emotional triggers, victim reactions, and neurobiological cues that shape phish-
ing, awareness, and incident response.

	 4.	 Evaluate how group dynamics, social influence, and insider-risk indicators affect cyber 
campaigns and investigations.

	 5.	 Apply psycholinguistic, LLM-based, and digital-forensic techniques to attribution and 
behavioral detection.

	 6.	 Assess privacy, bias, and governance requirements for responsible behavioral analysis 
in cybersecurity.

Question: How is inverse reinforcement learning (IRL) used to predict adver-
sary behavior in cybersecurity contexts?

Answer and Explanation: IRL plays a crucial role in cybersecurity by inferring 
an attacker’s underlying reward function and decision preferences through their 
behavior sequences (e.g., login attempts, lateral movements, payload deployment). 
By modeling what “reward” (such as persistence, data access, or avoidance of detec-
tion) best explains those actions, analysts can anticipate likely next steps in the 
attack chain and prioritize corresponding defensive measures (Rich & Aiken, 2024; 
Shinde & Doshi, 2025).

WHY I NEED TO KNOW THIS

Cybersecurity defenses are as strong as their weakest link, which is frequently the 
human element. Recognizing and addressing the underlying human motivations, 
cognitive biases, and social dynamics is what cybersecurity methods like behavioral 
analysis aim to do. It is possible that current security controls, such as firewalls, intru-
sion detection/prevention system (IDS/IPSs), and signature‐based AV tools, despite 
their technical rigor, leave a void in comprehending the “why” of a threat or the 
logic of a hacker (Mallikarjunan et al., 2015). Psychologically informed practice, on 
the other hand, assists professionals in pinpointing potential motivating factors (e.g., 
money, political views, or thrill‐seeking) and anticipating attacker conduct before it 
occurs (Abbasi et al., 2016; Do, 2024). This transition from response to prevention not 
only improves organizational security postures but also reduces remediation costs and 
reputational damage. This work is important (Rich & Aiken, 2024).

One of the most important aspects of cybersecurity is the cognitive and affective 
component. Cybercriminals and social engineers may frequently use emotional trig-
gers such as fear, excitement, or curiosity to persuade victims to click on dangerous 
hyperlinks or leak private data (Budimir et al., 2021a). At the same time, fear, anx-
iety, or trauma (Conrad et al., 2022), victims’ emotional reactions to compromises, can 
have an impact on their behavior and performance, leaving them open to retargeting 
or behavioral nudging. Recognizing these affective patterns or repeating emotional 
response signatures and triggers in cyber assaults can assist security professionals in 
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customizing training, user interfaces, and incident response plans to limit emotional 
vulnerabilities and improve customer resilience (Martineau et al., 2023; Valeri, 2024).

Group psychology and sociology are two additional subjects essential to under-
standing adversaries coordinated campaigns. Hacking teams and criminal groups may 
be swayed by social factors such as shared norms, group identity, and peer influence, 
which may amplify their risk appetites and justify illicit actions (Madhuwantha, 2024; 
Roy, 2024).

Figure 4.1 distills the chapter’s argument into seven recurring benefits of behavioral 
analysis, each of which is expanded in the sections that follow.

As Figure 4.1 suggests, the same behavioral signals that explain motive and emo-
tion also help investigators detect coordinated activity and understand why a campaign 
is escalating.

Without a grasp of these group dynamics, an organization may treat all assaults 
as unconnected incidents or anomalies and thereby ignore more organized or group‐
based hazards arising from group decision‐making. However, armed with behavioral 
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FIGURE 4.1.   Why behavioral analysis matters in cybersecurity. The figure synthesizes seven 
themes developed in the chapter: bridging the human–technical gap, anticipating attacker 
motivation, combating emotional manipulation, reinforcing victim resilience, revealing group 
dynamics, supporting group-based threat detection, and enabling advanced threat detection. 
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analysis solutions such as psycholinguistic profiling (Abbasi et al., 2016) and IRL 
(Shinde & Doshi, 2025), network security analysts can identify group‐based signals in 
chat logs, communication patterns, and other sources to detect emerging adversaries 
that would have otherwise avoided detection (Tshimula et al., 2024).

Ethics and future considerations can be important to this understanding because 
they are not optional add-ons but rather a necessary part of the work that ensures 
important behavioral analysis abilities. For example, there are considerations of pri-
vacy, respect, and bias mitigation that must be considered in profiling adversaries or 
keeping an eye on possible insider dangers (Roy, 2024; Savithri & Kacker, 2021), as well 
as adherence to laws such as GDPR or CCPA and regulatory and licensing require-
ments (Capitol Technology University, n.d.-a). Moreover, because so many contribu-
tions to risk evaluation and adversary prediction come from artificial intelligence (AI) 
and large language models (LLMs), practitioners must also balance performance 
and predictive capabilities with model explainability, accountability, and transparency 
(Skopik et al., 2022; Shu et al., 2018).

WHY THIS CHAPTER IS IMPORTANT

The human factor is a common missing piece in traditional cybersecurity controls. 
This gap can be especially urgent in the era of adversaries’ psychology‐driven methods 
to bypass purely technical security systems. While focusing on packet inspections, 
log files, and signature‐based detection to discover and isolate known cyber threats is 
an ideal network forensics approach, such methods have inherent reactive and blind 
spots when it comes to adapting to and detecting unknown threats. Behavioral anal-
ysis fills this gap by augmenting forensic analyst workloads with human‐centered, 
insights‐based approaches and subject‐matter expert (SME) domains for attacker 
behavior, victim psychology, and human vulnerabilities, such as cognitive biases and 
emotional manipulation. For instance, understanding the individual Dark Triad per-
sonality of an attacker might narrow the range of their preferred intrusion vectors or 
attack sub-goals, enabling more targeted defensive monitoring (Mallikarjunan et al., 
2015). Profiling victims’ cognitive and emotional weaknesses and reactions, on the 
other hand, can help design incident response scripts and security alerts that do not 
overwhelm employees’ decision-making and cause unintentional clicks (Conrad et al., 
2022). This human dimension to cybersecurity and forensics is not only necessary but 
urgent to keep up with today’s threats.

HOW IT RELATES TO ADVANCED BEHAVIOR-BASED NETWORK 
FORENSICS

Behavioral analysis and network forensics intersect whenever investigators use arti-
facts, sequences, and communication patterns to reconstruct not just what hap-
pened on the network but why it unfolded that way (Rich & Aiken, 2024). Advanced 
behavior-based network forensics extends packet and log analysis by adding motive, 
emotion, social context, and decision patterns to the evidence trail.

Figure 4.2 translates the chapter into six operational actions that can be mapped 
directly to an advanced behavior-based network-forensics workflow.

The six points in Figure 4.2 map directly to the chapter’s practical sections: 
behavioral profiling narrows likely actors and motives, psycholinguistic anal-
ysis interprets language and sentiment, affective analysis explains manipulation 
and victim response, monitoring social dynamics exposes coordinated behavior, 
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digital-forensic tools connect artifacts across systems, and ethical safeguards govern 
how behavioral evidence is used. In hybrid adversary models, these behavioral and 
technical layers reinforce one another rather than competing for explanatory value 
(Rich & Aiken, 2024; Sliva et al., 2017).

WHY IT MATTERS

Behavioral analysis’s most significant integration with network forensics is the 
significant decrease in active dwell time, resulting in cost and damage savings, greater 
threat attribution accuracy, and strengthened incident response and preparedness. 
For example, rather than waiting for the signature of a known exploit, analysts and 
threat hunters can now proactively tag network events or packets that match dangerous 
behavioral patterns, such as a rise in negatively charged words on underground forums 
combined with abnormal network scanning from external actors, enabling early detec-
tion and remediation (Rich & Aiken, 2024). This proactivity shortens the adversary’s 
window of opportunity and reduces the impact of intrusions. Also, with the aid of mon-
itoring tools and frameworks for insiders’ risk factors, as well as sudden changes in 
personal emotional states and communications group dynamics (Savithri & Kacker, 
2021), a behavioral analysis setup can allow you to identify malicious insiders before 
they leave the network, preventing data leaks and IP exfiltration. Summarizing, the “so 
what” is moving from a “detect and remediate” to an “anticipate and preempt” paradigm.

Behavioral analysis in forensics is significant because adversaries have grown more 
innovative and technological, combining network exploits with psychological tricks. 
Phishing campaigns now make more use of emotionally customized and well‐written 
messages, and sophisticated advanced persistent threat (APT) collectives leverage 
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FIGURE 4.2.   Applying behavioral analysis to advanced behavior-based network forensics. 
The six actions shown here correspond to the chapter’s application sequence: behavioral 
profiling, psycholinguistic and LLM-driven analysis, affective analysis in awareness, social and 
insider monitoring, digital-forensic tools, and ethical safeguards. 
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end‐to‐end encrypted messaging channels in which groupthink and risk escalation 
(Roy, 2024; Tshimula et al., 2024) are standard. A pure network forensic technique that 
ignores these human aspects is incomplete and inadequate. Embedding behavioral 
analysis into forensic procedures, on the other hand, ensures that IT security teams 
may uncover not only the “how” of an intrusion (attack methods, malware signatures) 
but also the “why” (cause, motivation and emotional dynamics), giving rise to nuanced 
and customized countermeasures—for example, user‐awareness exercises or focused 
hunting—and allowing us to protect what we care about in a more comprehensive  
and guaranteed way, giving our users and organizations a sense of total security.

HOW DO I APPLY THIS?

Practically applying the knowledge from Chapter 4 to cybersecurity operations, one 
may consider the following generic use cases:

Behavioral Profiling as a Forensic Capability
	 1.	 Create baseline profiles. Gather publicly available and internal information 

on known adversaries to create baseline behavioral profiles (e.g., psychopath and 
dark-web/social network troll profiles) using trait‐based frameworks such as Dark 
Triad and Big Five traits. Feature extraction can include psycholinguistics as well 
as technical TTP and known motivation indicators (Mallikarjunan et al., 2015; 
Tshimula et al., 2024).

	 2.	 Apply IRL. Apply IRL techniques to datasets of attack logs or threat incident data 
(e.g., packet captures or suspicious events in SIEM) to recover the adversaries’ 
reward functions and decision preferences. Train these recovered preferences to 
infer likely subsequent actions in the sequence to prioritize defensive controls or 
monitoring efforts (Rich & Aiken, 2024; Shinde & Doshi, 2025).

	 3.	 Incorporate the CAPE framework. The Cyber Adversary Psychological 
Evaluation (CAPE) framework is a model that maps individual psychological risk 
indicators to MITRE ATT&CK™ tactics, techniques, and procedures, can provide 
enriched threat intelligence for correlation in a SIEM or other log aggregation 
tool. In this context, practitioners maintain a CAPE profile that informs CAPE 
scores or assessments, that is, a composite personality profile formed by corre-
lating intrinsic and extrinsic factors with their corresponding TTPs (Salamah, 
2025; Valeri, 2024). These CAPE scores can be added to SIEM dashboards or TIP 
platforms to enhance attribution assurance and enrich alerts.

Hybrid adversary models are especially useful when analysts must correlate 
behavioral sequences with technical telemetry in the same investigation (Sliva et al., 
2017).

Psycholinguistic and LLM-Driven Analysis Integration
	 1.	 Deploy LIWC for email and chat filtering. By scanning inbound emails, chat 

sessions, or dark‐web forum posts, linguistic inquiry and word count (LIWC) can 
detect high‐risk or emotionally charged language that flags possible phishing or 
radicalization activity. Messages with unusually high scores might be forwarded for 
additional investigation by human teams (Shu et al., 2018; Tshimula et al., 2024).

	 2.	 Use LLM for dark-web monitoring. By training or prompting an LLM on dark‐
web crawls or datasets, one can not only recognize context‐specific sentiment 
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changes or new codewords being created and used in offensive hacker commu-
nities but also produce a weekly shift sentiment report on new conversations or 
shifts in specific threat actor chat logs (Shinde & Doshi, 2025; Tshimula et al., 
2024). Create automated pipelines for using sentiment information for alerts or 
early indicators in SIEM platforms (Tshimula et al., 2024).

Question: Provide an example of an emotional trigger commonly used in phishing 
campaigns and explain why it works.

Answer and Explanation: A frequently used emotional trigger in phishing cam-
paigns is urgency (e.g., “Immediate action required to avoid account suspension”). 
This trigger exploits the victim’s fear of negative consequences if they do not act 
quickly, leading them to click on malicious links or reveal credentials without crit-
ically evaluating the request. The sense of urgency overrides their usual caution, 
making them more susceptible (Budimir et al., 2021a; Shu et al., 2018).

Operationalize Affective Analysis for User Awareness and IR
	 1.	 Create emotionally targeted simulations. Design phishing simulation cam-

paigns that leverage specific emotional vulnerabilities (e.g., fear of losing posi-
tion or urgency around invoices), based on known personality and behavioral 
markers. Evaluate these simulations and create phishing training modules to 
directly address these key emotional weaknesses (Budimir et al., 2021a; Conrad 
et al., 2022).

	 2.	 Redesign security alerts with neurobiological input. Translate neurobio-
logical constructs, such as key EEG features, into increased anxiety conditions 
to strengthen security warnings (e.g., login attempt notifications). Use short text 
(e.g., no panic-inducing language), clear instructions on how to proceed, etc., to 
help minimize potential panic and cognitive load (Conrad et al., 2022).

Track Social/Behavioral Influences and Insider Threats
	 1.	 Monitor sentiment and language in team channels. Monitor team-based col-

laboration tools (e.g., Slack, Microsoft Teams) and analyze key risk data, including 
employee performance issues, on terms such as negative sentiment, frustration, 
and language patterns. HR data related to recent performance reviews, disci-
plinary cases, and other harmful business/personal stressors can be combined 
with social platform data to create insider threat scores (Madhuwantha, 2024; Roy, 
2024).

	 2.	 Conduct cross-functional behavioral huddles. Organize regular huddles to 
bring together analysts, HR, legal, and psychology-informed individuals to eval-
uate ongoing behavioral alerts. Follow agreed-upon decision‐making frameworks 
(decision trees, red‐flag matrices) to make risk‐informed judgments on whether to 
elevate for additional research, and apply access changes, additional monitoring/
alerting, or interventions/assistance (Roy, 2024).

Use DFIR Tools with a Behavioral Element
	 1.	 GeoCrime is a tool that allows identification and visualization of where 

cyberattacks are coming from and going to. When determining how a hacker 
gained access to a system (like checking out your front door after someone broke in),  
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one can use GeoCrime to see whether the places where the hacker’s internet 
activity originated or went to match up with where other known hackers are 
working from or targeting. In other words, identify whether the hacker might be 
part of the same group as other hackers one already knows about by looking at 
where they are or where they are trying to go. GeoCrime combines these geo-
spatial details with individual psychology to help deduce likely command‐and‐
control and staging locations (Rich & Aiken, 2024; Skopik et al., 2022).

	 2.	 Integrate the cybersecurity GRID to enhance risk scores. Build GRID’s 
human behavior risk variables (behavioral context events such as high‐risk behav-
iors, e.g., multiple failed after-hours login attempts) into automated risk‐scoring 
engines to complement technical profiles and dynamically create risk scores that 
can trigger real‐time MFA or session termination.

Consider Ethical and Bias Controls
	 1.	 Validate with key privacy controls. When capturing sentiment scores, per-

sonality indicators, and behavioral markers, strip or apply differential privacy/ 
anonymization techniques on all directly identifiable data. Set data‐retention 
standards and policies that meet GDPR as well as enterprise privacy policy and 
guidelines (Roy, 2024; Savithri & Kacker, 2021).

	 2.	 Assess for cultural bias in model results. For models that incorporate ele-
ments of trait- (personality-) based constructs or psycholinguistic features, run 
regular audits to test for unequal disparate impact on specific demographic sub-
groups. Retrain models or adjust inputs using more representative data sets, such 
as key risk data, to minimize biased outputs (Tshimula et al., 2024; Savithri & 
Kacker, 2021).

Consider Key Training, Organizational Considerations
	 1.	 Form a behavioral working group. Establish a formalized internal group com-

posed of psychologists, data scientists, threat researchers, and digital forensic 
investigators to help codify and work together to help create or operationalize stan-
dard operating procedures for behavioral investigations. Run quarterly training on 
key terms, available tools, e.g., LIWC, understanding different IRL frameworks, 
algorithms, and approaches (Connolly et al., 2016; Capitol Technology University, 
n.d.-a).

	 2.	 Build and support the community. Actively partner with academic and industry 
groups doing state-of-the-art research on the front lines of behavioral forensics, 
which regularly publish on new advances and tools, e.g., benchmarking different 
IRL, TRIAD, or feature extraction frameworks, evaluating new transformer-based 
LLMs. Build collaborative programs around shared use cases with relevant, 
aligned partners, and leverage partnerships to drive cutting-edge research and 
analytics innovation, as well as new applications within the enterprise (Rich & 
Aiken, 2024).

COHESIVE AND SYNERGISTIC RESPONSE

Behavioral analysis in cybersecurity is a proactive approach that combines human‐ 
centric strategies with technical defenses to create a comprehensive threat management 
system. It leverages human behavior to anticipate and prevent cyber threats, rather than 
just responding to them. Tools such as LIWC (Shu et al., 2018; Tshimula et al., 2024) 
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are instrumental in this regard, enabling analysts to dissect linguistic and emotional 
cues in digital communication. These insights are paired with trait‐based assessments 
(Mallikarjunan et al., 2015) to profile potential attackers and understand their motiva-
tions. For example, examining cyberattack campaigns through a practical lens can high-
light the use of urgency and fear as psychological triggers (Budimir et al., 2021a; Conrad 
et al., 2022), which can be countered by thoughtfully crafted security alerts that consider 
the human element of stress and emotion.

Question: What is forensic cyberpsychology, and how does it differ from general 
cyberpsychology?

Answer and Explanation: Forensic cyberpsychology is the practical application 
of behavioral science and criminological methods to profile, investigate, and pre-
dict cybercriminal behavior in virtual environments. It differs from general cyber-
psychology, which studies how digital environments affect human cognition and 
behavior, by focusing specifically on criminal or deviant online activity and fitting 
psychological insights into investigative and threat‐intelligence workflows (Capitol 
Technology University, n.d.-a; Connolly et al., 2016).

The role of forensic cyberpsychology is becoming increasingly significant in this 
domain. It merges principles of psychology and criminology with cybersecurity prac-
tices to understand the behaviors and motives of cybercriminals (Capitol Technology 
University, n.d.-a; Connolly et al., 2016). Techniques such as IRL are used to model 
adversaries’ decision-making processes (Rich & Aiken, 2024; Shinde & Doshi, 2025). 
Additionally, studying group dynamics in hacking collectives is essential to under-
standing how peer influence can escalate risk-taking behaviors (Madhuwantha, 2024; 
Roy, 2024). This understanding helps network forensics teams to interpret changes in 
hacker community sentiments using LLMs and correlate them with suspicious net-
work activities (Tshimula et al., 2024).

The integration of these behavioral insights into network forensics has given rise 
to advanced behavior-based network forensics. This approach enhances the traditional 
packet and log analysis by incorporating behavioral IOCs. The CAPE framework, for 
instance, maps psychological risk factors onto cybersecurity threat intelligence, such as 
MITRE ATT&CK™, for more effective threat hunting and attribution (Salamah, 2025; 
Valeri, 2024). Ethical considerations are paramount in this process, ensuring that data 
anonymization and bias reduction techniques are applied to protect individual privacy 
(Roy, 2024; Savithri & Kacker, 2021). Chapter 4 will tie these concepts together, dem-
onstrating how a blend of technical and behavioral analytics creates a more adaptive, 
anticipatory cybersecurity posture.

CASE STUDY: PROACTIVE BEHAVIORAL ANALYSIS MITIGATES 
RANSOMWARE ATTACK AT HORIZON HEALTH NETWORK

In late 2024, Horizon Health Network (HHN), a large regional healthcare provider, 
was targeted by a well-organized ransomware campaign. Traditional security measures 
were up to date (firewalls, endpoint protection), but a combination of technical and 
psychological attacks was used to breach HHN’s network. HHN’s in-house Security 
Operations Center (SOC) and its recently formed Behavioral Cybersecurity Unit 
(BCU) served as first responders, applying forensic cyberpsychology and leading-edge 
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behavior‐based network forensics to prevent a planned attack. In this case study, we 
will highlight how an integrated behavioral analysis approach within a SOC responded 
to a large-scale ransomware campaign, likely before it was deployed.

Background and Initial Observations
In late December 2024, HHN became aware of suspicious login attempts to its 
electronic medical record (EMR) servers. At around the same time, their LLM-based 
dark-web monitoring system detected an increase in negative sentiment scores and 
the appearance of a series of known codewords in a hacker forum, known to host 
several politically motivated threat actors (Tshimula et al., 2024). These codewords 
appeared to refer to an imminent “med‐lock” operation (Shu et al., 2018; Rich & Aiken, 
2024), elevating the threat level to High.

HHN’s BCU has already built its SOC operations around the seamless integration 
of behavioral analysis. The team conducted a psycholinguistic analysis of all the 
data from the observed threads using LIWC. Analysts quickly identified several 
high-arousal language terms, such as “urgent leak” and “patient data hostage,” consis-
tent with the use of emotional triggers and the exploitation of fear and crisis in human 
decision-making (Budimir et al., 2021a). The blend of technical anomalies (failed login 
attempts, port scanning, etc.) with linguistic indicators led the BCU to raise the threat 
level further and engage in more detailed profiling of likely adversary motivations.

Figure 4.3 previews the six workstreams HHN used to move from scattered indica-
tors to a coordinated behavioral investigation.
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FIGURE 4.3.   Behavioral analysis in action at HHN. The case study follows six linked 
activities: initial observations, behavioral profiling and attribution, social and insider 
monitoring, geospatial/network-forensics correlation, incident response and ethics, and 
affective/user-awareness training. 
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Behavioral Profiling and Threat Attribution
BCU analysts began applying trait‐based profiling to identify the personality types 
of individuals in the suspected threat group. Past intelligence reports indicated that 
politically motivated ransomware groups tended to be high in Dark Triad traits, such as 
Machiavellianism and psychopathy, as well as ideological motivation (Mallikarjunan 
et al., 2015; Tshimula et al., 2024). The team also began using IRL algorithms to 
more systematically reconstruct the likely group’s reward function from the observed 
sequence of probing actions (i.e., behavioral trajectories, such as privilege escala-
tion attempts that were directly modeled on previously observed campaigns). This 
IRL‐based model indicated that this group was likely prioritizing the quick encryp-
tion of as many files as possible, rather than stealthy movement, through aggressive 
port scanning followed by attempts to open large numbers of files in quick succession 
(Rich & Aiken, 2024; Shinde & Doshi, 2025).

BCU analysts then shifted to a more proactive approach by integrating the CAPE 
framework. In addition to parsing psychological risk indicators (e.g., the degree of 
ideological rhetoric, financial/monetary, political/electoral, etc.) that could be trian-
gulated from these public hacker-forum discussions, they were now mapping those 
to MITRE ATT&CK tactics with known indicators that had also been identified in 
the same thread (Salamah, 2025; Valeri, 2024). The CAPE scoring yielded a “High 
Political/Ideological Motivation” profile, with the best guess being a likely attempt 
to extort patient data for public release/attention. Utilizing CAPE-enabled HHN’s 
executive leadership prioritized key resources (the SOC and BCU) to harden their 
EMR backups and preauthorize external communication channels in the event of an 
attempted breach.

Affective Analysis and User Awareness Training
At the same time, HHN’s BCU also recognized that the most likely attack vector 
was now phishing, given the observed group’s history of targeting healthcare orga-
nization employees with messages purporting to be urgent credential reset notices 
(Conrad et al., 2022). BCU analysts next reviewed recent results from their phish-
ing simulation suite to determine whether they had any historical data specific to 
this type of attack. They had found that sending emails purporting to be “critical 
patient safety notices” had previously resulted in a 23% click-through rate, signif-
icantly higher than the 5% baseline (Martineau et al., 2023). They then designed 
an adaptive phishing campaign that deliberately mimicked those same messages of 
urgency, adding real-time feedback and educational modules for users who clicked 
through. The simulated “critical EMR update” emails in this A/B test led to the 
deployment of a customized training page that walked users through how affective 
(fear/urgency) cues are likely to be used to make people take the bait (Budimir et al., 
2021a; Shu et al., 2018). A key lesson here is that in such A/B tests, we need adaptive 
security measures, not just static ones, in the face of evolving, psychological attacks. 
Click-through rates among the groups targeted by these adaptive phishing simula-
tions dropped by 40% in the weeks after the training was deployed.

Question: Identify one ethical concern when using behavioral profiling and 
describe a mitigation strategy.

Answer & Explanation: One ethical concern is potential bias, profiling models 
might unfairly flag individuals from specific cultural or demographic groups as 

c04.indd   79c04.indd   79 03-06-2026   14:40:0603-06-2026   14:40:06



80 HUMAN FACTORS AND BEHAVIORAL INTELLIGENCE

higher risk. To address this, a robust mitigation strategy is crucial. It involves reg-
ularly auditing and validating models using diverse datasets, anonymizing and 
minimizing personally identifiable information, and implementing bias-mitigation 
techniques (e.g., adjusting feature weights or retraining with balanced samples) 
to ensure fairness and compliance with regulations such as the GDPR (Roy, 2024; 
Savithri & Kacker, 2021).

Social Dynamics and Insider Threat Monitoring
On closer inspection, the BCU identified a correlation between elevated stress levels 
of specific IT personnel and recent downsizing and increased workloads. By moni-
toring corporate Slack communication channels with sentiment analysis, SOC ana-
lysts identified negative sentiment (e.g., “overworked,” “security no one cares”) from 
a small subteam responsible for EMR maintenance (Madhuwantha, 2024; Roy, 2024). 
Aware that insider risk may amplify external threat actors, the BCU further correlated 
social signals with HR records from recent performance reviews to quantify a granular 
individual Insider Risk Score (Savithri & Kacker, 2021). Among that subteam, a single 
technician had both high-stress scores and anomalous off-hour network activity, 
including copying EMR configuration files to a personal USB drive. Although this 
technician’s behavior ultimately proved to be innocuous (personal, undocumented 
backup activity), the threat huddle (with HR, security, and legal) process reinforced 
the value of cross-functional collaboration in distinguishing benign from malevolent 
intent. This real-world example underscores the efficacy of threat huddles, in which 
cross-functional teams collaborate to address cybersecurity concerns. Such collabora-
tion provides a holistic understanding and an effective response to complex security 
challenges (Roy, 2024).

Geospatial Behavior Mapping and Network Forensics Integration
As the nascent “med‐lock” operation progressed, HHN’s BCU used GeoCrime to map 
IP addresses found in dark‐web forum administrator profiles to likely geographic clus-
ters in Eastern Europe (Rich & Aiken, 2024; Skopik et al., 2022). In parallel, HHN’s net-
work forensics analysts used behavior‐based anomaly detection to flag irregular SMB 
(Server Message Block) traffic in EMR server logs. They recognized that the abnormal 
EMR traffic was consistent with the known ransomware lateral movement signature. 
By correlating geospatial clusters with network traffic anomalies, analysts identified a 
command-and-control (C2) server cluster that could be blocked immediately at the 
firewall level.

Incident Response and Ethical Considerations
HHN ultimately detected and blocked continued attempts to deliver ransomware 
binaries masquerading as legitimate software updates within hours. Based on IRL 
model predictions, HHN automatically initiated a response to isolate the affected EMR 
servers and preserve forensics images for post‐incident review (Rich & Aiken, 2024). 
At the same time, BCU had built-in privacy safeguards by anonymizing logs used for 
behavioral analysis and by ensuring bias‐mitigation checks on profiling algorithms 
(Roy, 2024; Savithri & Kacker, 2021). This transparency fostered trust with key stake-
holders, as measures were in place to ensure that behavioral data collection did not 
violate employee privacy.

Attackers were ultimately unsuccessful in their “med‐lock” extortion attempt. 
Isolated servers were restored from offline backups in under six hours, and patient 
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data remained uncompromised. Informed by behavioral indicators and shared across 
CAPE and psycholinguistic analysis, a joint law enforcement task force disrupted the 
C2 infrastructure in Eastern Europe. The post-incident review cited the BCU’s antici-
patory use of behavioral analysis, which integrated IRL, LIWC, CAPE, and GeoCrime, 
as having transitioned HHN from a previously reactive incident response to a far more 
mature anticipatory defense.

Future Directions for HHN
	 1.	 Combine behavioral and technical analytics. HHN’s success story pro-

vides a glimmer of hope for many. Technical solutions alone are not enough. By 
combining behavioral cues (sentiment changes, Dark Triad personality assess-
ments, etc.) with network forensics, it was possible to go beyond detection and 
shift to proactive threat prediction (Rich & Aiken, 2024; Tshimula et al., 2024).

	 2.	 Affective and social factors matter. Emotional triggers played not just a role, 
but a central one in the phishing emails’ success, which is why the training is 
designed to leverage these affective vulnerabilities to make users less prone 
to them (Budimir et al., 2021a; Martineau et al., 2023). Tracking social interac-
tions between employees can also help predict insider threats before they happen 
(Madhuwantha, 2024; Roy, 2024).

	 3.	 Proper application of IRL and CAPE is vital. IRL is a ML method that learns 
attacker reward functions, which is how HHN predicted ransomware tactics. 
CAPE is a framework that correlates psychological factors with technical indica-
tors to improve the accuracy of threat attribution (Rich & Aiken, 2024; Salamah, 
2025; Valeri, 2024).

	 4.	 Prioritize ethical and privacy issues. HHN ensured compliance with GDPR 
by anonymizing behavioral data and auditing profiling models for biases, show-
ing that ethical measures are a must, not an afterthought (Roy, 2024; Savithri & 
Kacker, 2021).

	 5.	 There is a great need for cross‐disciplinary collaboration. This case study 
points to the pressing need for multidisciplinary teams of psychologists, data sci-
entists, legal and policy experts, and security analysts to contextualize behavioral 
signals and act before it is too late (Capitol Technology University, n.d.-a; Connolly 
et al., 2016).

WHAT WE HAVE LEARNED

The Horizon Health Network (HHN) case was a dynamic example of how the var-
ious aspects discussed in Chapter 4, from forensic cyberpsychology, affective analysis, 
social dynamic analysis, and “beyond-autopsy” behavioral-network forensics, may be 
combined to anticipate and prevent a targeted ransomware attack. Here we summa-
rize how we used each of the main learning points, what we learned from doing so, 
and how we will change our practice as a result.

Application of Chapter Concepts: HHN Cyberattack Case Report
HHN successfully mitigated a targeted ransomware attack on its EMR servers in June 
2025. The BCU, led by Dr. Rich, took the following strategic, proactive actions: (1) pro-
filed the threat actor using trait‐based frameworks, (2) performed psycholinguistic and 
LLM‐based analysis, (3) conducted affective analysis and increased user awareness,  
(4) analyzed social dynamics to monitor insider threats, (5) mapped geospatial behavior 
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and integrated network forensics, and (6) used a framework for threat attribution. The 
BCU’s process linked predicted network threats to observed behavior (APT moni-
toring for indicators of compromise (IOCs)) and threat attribution (Psychological Trait 
Profiling with CAPE) to effectively prevent and defend against the cyber-attack.

	 1.	 Forensic cyberpsychology and behavioral profiling. The BCU took a pro-
active stance by characterizing the attacker group using trait‐based profiling 
frameworks. Dark Triad traits (Machiavellianism, narcissism, psychopathy) 
were associated with politically motivated ransomware operators, leading to 
the prediction that the adversaries would prefer speed (encryption) over stealth 
(Mallikarjunan et al., 2015; Tshimula et al., 2024). This positive approach gave the 
analysts confidence in the process. IRL reconstructed the group’s reward function 
from observed reconnaissance and lateral movement patterns, predicting ransom-
ware deployment (Rich & Aiken, 2024; Shinde & Doshi, 2025).

	 2.	 Psycholinguistic and LLM-driven analysis. Dark-web monitoring using a 
LLM identified increases in negative sentiment and the emergence of “med-lock” 
jargon, indicating a healthcare‐targeted ransomware campaign in the planning 
stages. This detailed analysis, which included LIWC analysis to uncover 
stress-induced language cues such as “patient data hostage” and “critical leak” 
that have been associated with high-impact extortion in the past, gave the analysts 
confidence in the process’s comprehensiveness. By triangulating this with net-
work anomalies (failed logins, port scans), HHN increased its threat‐attribution 
confidence (Shu et al., 2018).

	 3.	 Affective analysis and user awareness. The BCU considered that attackers 
might use social engineering to manipulate emotional states. The team evaluated 
phishing simulations with 23% of users clicking on emails that employed “criti-
cal patient safety notices” (Budimir et al., 2021a; Martineau et al., 2023). Next, 
the BCU implemented an adaptive phishing training campaign that integrated 
the urgency cues and offered real-time feedback, leading to a 40% reduction in 
susceptibility. This success rate gave the analysts confidence in the measures’ 
effectiveness. Neurobiological insights (e.g., EEG markers of stress) were used 
to redesign security notifications to reduce cognitive load and panic (Conrad  
et al., 2022).

	 4.	 Social dynamics and insider threat monitoring. Sentiment analysis of 
HHN’s internal Slack channels revealed negative sentiment among EMR main-
tenance staff, potentially indicating stress and insider risk (Madhuwantha, 2024; 
Roy, 2024). By fusing these signals with HR performance data, HHN generated 
Insider Risk Scores for employees, a measure that could help manage employee 
performance and reduce turnover. The identified technician’s anomalous behavior 
was determined to be benign in this case. However, the cross-functional threat 
huddle (including HR, security, and legal) demonstrated the enormous value of 
differentiating between legitimate and malicious actions, which gave the analysts 
confidence in collaborating on cybersecurity.

	 5.	 Geospatial behavioral mapping and network forensics integration. HHN 
used GeoCrime to map the IP addresses of dark-web forum administrators, sev-
eral of which originated in Eastern Europe. Spatial clusters of these IP addresses 
were then correlated with network anomalies on EMR servers (Rich & Aiken, 
2024; Skopik et al., 2022). Behavior‐based anomaly detection then identified 
unusual SMB traffic that was consistent with ransomware propagation. By cor-
relating geospatial data with protocol anomalies, analysts were able to proac-
tively block C2 servers, giving the analysts confidence in GeoCrime’s ability to 
detect the threat.
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	 6.	 CAPE framework for threat attribution. The CAPE framework uses a positive 
approach to integrate psychological risk indicators (e.g., ideological rhetoric) 
with MITRE ATT&CK tactics identified in dark-web chatter, resulting in a “High 
Political/Ideological Motivation” score (Salamah, 2025; Valeri, 2024). This attribu-
tion led HHN’s executive leadership to focus on EMR backup reinforcement and 
communication planning, giving the analysts confidence in the CAPE’s utility in 
aligning behavior and technical intelligence (Rich & Aiken, 2024).

	 7.	 Ethical and privacy considerations. HHN implemented ethical data-handling 
practices by anonymizing behavioral datasets and implementing bias-mitigation 
checks in the profiling process to ensure compliance with GDPR and minimize 
discriminatory outcomes (Roy, 2024; Savithri & Kacker, 2021). This ethical use of 
behavioral analytics not only preserved the trust of key stakeholders but also vali-
dated that the BCU’s analyses could be both practical and respectful of individual 
privacy.

Lessons Learned
Figure 4.4 pairs the case study’s five lessons learned with five forward actions so the 
chapter closely mirrors the figure’s numbered sequence.
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FIGURE 4.4.   Lessons learned and moving forward from the HHN case. The left column 
summarizes five lessons learned; the right column shows the five forward actions that align 
with the revised Moving Forward list. 
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	 1.	 Proactive threat prediction requires human-centric insights. Traditional 
technical defenses alone would not have detected the ideological motivations or 
emotional triggers driving the “med-lock” campaign. Incorporating trait profiling 
(Dark Triad, Big Five) and IRL provided early warning of the adversaries’ decision 
preferences, shifting HHN from reactive containment to proactive mitigation 
(Mallikarjunan et al., 2015; Rich & Aiken, 2024; Shinde & Doshi, 2025).

	 2.	 Psycholinguistic indicators enhance attribution. LLM-driven sentiment 
analysis and LIWC flagged urgency and negative sentiment in dark-web forum 
discussions, enabling HHN to correlate linguistic cues with reconnaissance behav-
iors (Shu et al., 2018; Tshimula et al., 2024). This dual approach improved threat 
attribution accuracy and guided resource allocation.

	 3.	 Affective training reduces human vulnerabilities. Adaptive phishing simu-
lations that mimic real-world emotional triggers effectively reduced click-through 
rates by 40% (Budimir et al., 2021a; Martineau et al., 2023). Addressing the emo-
tional component of phishing, alongside solely technical characteristics, strength-
ened user resilience.

	 4.	 Social dynamics inform insider risk. The monitoring team’s sentiment anal-
ysis revealed stress-related chatter, which, when combined with performance 
data, provided early indicators of potential insider risk (Madhuwantha, 2024; Roy, 
2024). This holistic perspective ensures that anomalous technical behavior is eval-
uated within its social context.

	 5.	 Ethical safeguards are nonnegotiable. Anonymizing data and auditing pro-
filing models for bias are examples of ethical safeguards that ensured that HHN’s 
behavioral analysis did not infringe on individual rights or violate regulations (Roy, 
2024; Savithri & Kacker, 2021). Ethical considerations foster trust and support the 
sustainable application of behavioral methods.

Moving Forward: Leveraging Lessons Learned
	 1.	 Institutionalize behavioral cybersecurity units. Organizations should estab-

lish dedicated units, such as HHN’s BCU, that bring together a team of experts, 
including psychologists, data scientists, threat analysts, and legal experts. This 
team, with its diverse skills and knowledge, will be well-prepared to handle 
evolving adversary tactics through regular training on emerging psycholinguistic 
tools (LIWC, LLMs) and in-the-real-world IRL techniques (Connolly et al., 2016; 
Capitol Technology University, n.d.-a).

	 2.	 Integrate behavioral indicators into SIEM and SOC workflows. Embedding 
CAPE scores, LIWC metrics, and IRL outputs into SIEM dashboards enables the 
automated correlation of behavioral and technical signals, facilitating a more 
comprehensive understanding of user behavior. This results in real-time alerts 
when high-risk linguistic cues coincide with anomalous network traffic, ensuring 
swift investigation and response (Rich & Aiken, 2024; Salamah, 2025).

	 3.	 Expand phishing simulations with affective variations. Future training 
campaigns should continuously adapt their emotional triggers to emerging 
attacker strategies. This continuous adaptation ensures that the training is always 
up-to-date and effective. Incorporating neurobiological feedback, such as mon-
itoring trainee stress levels, can refine simulation design to maximize learning 
outcomes (Conrad et al., 2022; Martineau et al., 2023).

	 4.	 Maintain ethical oversight and bias auditing. Regularly review and update data 
anonymization protocols and bias-mitigation techniques to ensure alignment with 
evolving regulations and demographic shifts. Independent audits of profiling algo-
rithms will help preserve fairness and stakeholder trust (Savithri & Kacker, 2021).
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	 5.	 Foster academic and industry collaboration. Partner with universities and 
research organizations to pilot new IRL algorithms on streaming network telem-
etry and validate LLM-based dark-web monitoring models. Shared research ini-
tiatives accelerate innovation and keep practice aligned with the latest empirical 
findings (Rich & Aiken, 2024).

Applied consistently, these lessons move HHN’s security posture from reactive 
defense to proactive anticipation and show that behavioral analysis is a foundational 
element of advanced, resilient cybersecurity strategy.

CHAPTER SUMMARY

Chapter 4 provides a comprehensive examination of behavioral analysis in cyberse-
curity, emphasizing how human‐centric insights complement technical defenses. The 
chapter opens by distinguishing cyberpsychology, which explores how digital envi-
ronments influence cognition and behavior, from forensic cyberpsychology, which 
applies psychological and criminological methods to investigate and predict cyber-
criminal activity (Aiken & McMahon, 2014; Capitol Technology University, n.d.-a). 
This foundational distinction underscores the pivotal role of human motivations in 
cyber threats, encompassing not only technical exploits but also manifestations of 
underlying emotions and social dynamics (Do, 2024; Connolly et al., 2016).

The emergence of forensic cyberpsychology is traced through seminal work 
that integrates psychology, criminology, and computer science. Foundational pro-
filing frameworks, such as trait-based models utilizing the Dark Triad and Big Five 
personality dimensions, are introduced to categorize adversary types and infer 
decision-making patterns (Mallikarjunan et al., 2015; Tshimula et al., 2024). IRL tech-
niques are presented to reconstruct attacker reward functions from observed behav-
iors, enabling predictive threat models that proactively anticipate the next steps in 
an attack chain (Rich & Aiken, 2024; Shinde & Doshi, 2025). Together, these method-
ologies illustrate how behavioral profiling enhances traditional network forensics by 
providing a richer understanding of attacker intent.

Affective analysis and emotional dynamics are then explored, highlighting how 
attackers exploit emotional triggers, such as urgency and fear, to manipulate victims 
(Budimir et al., 2021a; Shu et al., 2018). Victim emotional responses, including trauma 
and anxiety, are shown to affect decision-making during and after security incidents 
(Conrad et al., 2022). Neurobiological research into affective markers further suggests 
that security notifications can be designed to minimize cognitive overload and improve 
user resilience (Conrad et al., 2022). The importance of understanding these affective 
layers is stressed, as it enables security practitioners to develop training programs and 
alert systems that urgently address both technical and psychological vulnerabilities 
(Martineau et al., 2023).

Social dynamics and group psychology are addressed next, examining how hacking 
collectives form, adopt group identities, and make collective decisions (Madhuwantha, 
2024; Roy, 2024). The significant role of group norms and peer influence in escalating 
risk‐taking behaviors is highlighted, leading to coordinated campaigns that evade 
detection by traditional means (Roy, 2024). Psycholinguistic analysis, utilizing tools 
such as LIWC and LLMs, enables the monitoring of dark-web communications for 
sentiment shifts and the emergence of new jargon, providing early warnings of devel-
oping threats (Shu et al., 2018; Tshimula et al., 2024). GeoCrime and Cybersecurity 
GRID are presented as additional tools for contextualizing adversarial activity (Rich & 
Aiken, 2024; Skopik et al., 2022).
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The chapter further illustrates practical applications of forensic cyberpsychology 
in threat attribution, insider threat detection, and security training. The CAPE frame-
work integrates psychological risk indicators with MITRE ATT&CK tactics, improving 
attribution accuracy and enabling proactive defenses (Salamah, 2025; Valeri, 2024). 
Insider threat models leverage behavioral markers, such as sudden or emotional finan-
cial distress, to identify at-risk employees before incidents occur (Roy, 2024). Notably, 
security awareness initiatives play a crucial role in incorporating affective and social 
factors by using adaptive phishing simulations that exploit known emotional triggers 
to foster long-term resilience (Budimir et al., 2021a; Martineau et al., 2023).

Finally, ethical and future considerations are discussed, emphasizing data privacy, 
bias mitigation, and compliance with legal frameworks (e.g., GDPR) when collecting 
and analyzing behavioral data (Roy, 2024; Savithri & Kacker, 2021). The chapter under-
scores the crucial role of interdisciplinary collaboration and standardized training in 
ensuring that behavioral analysis methods are applied responsibly and effectively 
(Capitol Technology University, n.d.-a; Skopik et al., 2022). In summary, Chapter 4 
argues that integrating behavioral analysis with traditional cybersecurity measures is 
crucial for anticipating and preempting evolving threats, thereby enhancing organiza-
tional resilience against both technical and human-centric attack vectors.

FINAL THOUGHT

Taken together, the chapter shows that behavioral analysis extends cybersecurity from 
retrospective technical reconstruction to motive-aware, anticipatory defense. When 
psycholinguistic evidence, affective insight, social-context analysis, and ethical con-
trols are combined with network forensics, investigators gain a more resilient and 
actionable model for advanced behavior-based network forensics.
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INTRODUCTION

Chapter 5 introduces the Cyber Forensics Behavioral Analysis (CFBA) model, representing  
an interdisciplinary framework that integrates cyberpsychology, digital forensics, and 
machine learning (ML) to enhance cyber threat prediction and attribution. By synthesiz-
ing the psychological motivations and behavioral patterns of cybercriminals with technical 
forensic techniques, CFBA moves beyond traditional, technically focused approaches (Rich 
& Aiken, 2024; Palem & Palaniswamy, 2023). Empirical studies demonstrate that ML algo-
rithms, such as support vector machines (SVMs) and deep learning networks (DLNs), can 
achieve high accuracy rates (often exceeding 95%) in predicting attack methods and actor 
attribution when combined with behavioral indicators (Bilen & Özer, 2021; Fang et al., 2019; 
Samia et al., 2024).

At its core, CFBA is built on four interconnected pillars. The first pillar, forensic cyber-
psychology, examines the cognitive and emotional drivers behind cybercriminal behavior, 
enabling analysts to identify deception tactics and motivational signatures (Rich & Aiken, 
2024; Bwangah, 2023). The second pillar involves digital forensics, which systematically col-
lects and analyzes digital evidence, such as malware artifacts, network logs, and file system 
metadata, to support behavioral assessments (Rich & Aiken, 2024; Irshad & Siddiqui, 2022). 
The third component leverages predictive modeling, employing historical attack data and 
identified behavioral patterns to forecast potential threats before they materialize (Ohu & 
Jones, 2025). Finally, the fourth pillar is made of Cyber Behavioral Analysis Metric (CBAM) 
and Cyber Behavioral Score (CBS), which provide quantitative measures that evaluate auton-
omous system numbers (ASNs) based on a combination of technical and behavioral factors 
(Rich, 2024; Palem & Palaniswamy, 2023).

ML plays a pivotal role in CFBA’s real-time capabilities. Advanced pattern recognition 
and anomaly detection algorithms process vast datasets, such as login patterns, file access 
sequences, and communication trends, to detect deviations indicative of insider threats or 
external attacks (Kuriakose, 2025). DL architecture and streaming analytics enable continuous 
monitoring, adapting to legitimate user behavior while flagging slow-moving or stealthy threats 
(Kuriakose, 2025). In longitudinal evaluations, CFBA’s predictive models achieved approxi-
mately 70% accuracy in anticipating threats over 45-day periods, representing a substantial 
improvement over conventional detection methods (Rich, 2024; Rich & Aiken, 2024).

Empirical validation underscores CFBA’s effectiveness in improving attribution accu-
racy. By correlating behavioral profiles, such as linguistic markers in phishing messages 
and patterns of social engineering, with technical artifacts and timestamps, CFBA reduces 
false positives and refines threat actor identification (Bwangah, 2023; Rich & Aiken, 2024). 
In comparative analyses, CFBA’s ML-driven scoring system yielded a 92% precision rate in 
attributing nation-state actors and 85% recall for financially motivated groups, outperform-
ing heuristic-based models that rely solely on static technical indicators (Cuzzocrea et al., 
2023; Noor et al., 2023; Rich & Aiken, 2024).

CHAPTER 5
Cyber Forensics Behavioral Analysis (CFBA)
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Question: How can an organization validate the effectiveness of its CFBA 
implementation?

Answer: To validate the effectiveness of CFBA, an organization can conduct 
periodic red-team exercises and retrospective case studies against confirmed attack 
datasets. The key to this validation process is comparing CFBA’s attribution out-
comes, precision, recall, and true-positive rates with ground truth. This ground 
truth could be known as nation-state or financially motivated incidents. The use of 
feedback loops, where newly labeled incidents retrain the model, ensures adaptive 
learning. Tracking improvements, such as achieving 92% precision in nation-state 
attribution over time, validate CFBA’s effectiveness.

Despite its demonstrated benefits, the implementation of CFBA presents several chal-
lenges. Integrating disparate data sources, ranging from behavioral analytics platforms to 
forensic evidence repositories, requires robust architectural frameworks for preprocessing, 
normalization, and real-time analysis (Kuriakose, 2025). Organizations must invest in scal-
able storage, processing capabilities, and visualization tools to manage growing data vol-
umes and support cross-disciplinary collaboration between cybersecurity teams, forensic 
analysts, and behavioral specialists (Rich & Aiken, 2024; Bwangah, 2023). Looking forward, 
emerging artificial intelligence (AI) and machine learning (ML) advances, particularly in 
natural language processing (NLP), promise to enhance CFBA’s capacity to interpret com-
plex communication patterns and socio-psychological cues (EC-Council, 2025; Ohu & Jones, 
2025; ProDiscover, 2025). Standardization efforts and broader adoption of CFBA method-
ologies across diverse sectors (e.g., education, social media, government agencies) will 
further refine best practices and expand its applicability (Center for Internet Security–Cyber 
Threat Intelligence Team, 2025; IABAC, 2023).

KEY TERMS

	▪	 artificial intelligence (AI)
	▪	 advanced behavior-based network 

forensics
	▪	 anomaly detection
	▪	 behavioral analytics
	▪	 Cyber Behavioral Analysis  

Metric (CBAM)
	▪	 Cyber Behavioral Score (CBS)

	▪	 Cyber Forensics Behavioral  
Analysis (CFBA)

	▪	 digital forensics
	▪	 forensic cyberpsychology
	▪	 machine learning (ML)
	▪	 natural language processing (NLP)
	▪	 predictive modeling
	▪	 threat actors

LEARNING OBJECTIVES

By the end of Chapter 5, readers will be able to:

	 1.	 Define CFBA and explain how its four pillars work together.
	 2.	 Distinguish behavioral indicators from technical artifacts in CFBA investigations.
	 3.	 Describe how CBAM and CBS support risk scoring, prioritization, and attribution.
	 4.	 Explain how machine learning and streaming analytics enable prediction and real-time 

monitoring.
	 5.	 Identify the data, governance, and validation requirements for implementing CFBA in 

practice.
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WHY THIS CHAPTER IS IMPORTANT

In today’s rapidly evolving cybersecurity landscape, understanding and effectively 
utilizing the four pillars of the CFBA model has become crucial and empowering 
(Figure 5.1). Traditional cyber defense mechanisms have long relied on indicator‐ 
based detection methods, such as malware signatures, static network logs, and other 
static indicators of compromise (Rich & Aiken, 2024; Irshad & Siddiqui, 2022). 
However, these methods often fall short when dealing with stealthy, obfuscated, or 
socially engineered attacks that adapt to evade detection (Bwangah, 2023; Palem & 
Palaniswamy, 2023). CFBA not only bridges these gaps by aligning human behavioral 
insights with technical forensic evidence but also substantially enhances early threat 
prediction and precise actor attribution, allowing security teams to predict a sophisti-
cated attack at its nascent stage (Fang et al., 2019; Samia et al., 2024). As more sophis-
ticated adversaries leverage social engineering, steganography, linguistic camouflage, 
or inconspicuous command-and-control (C2) communication, a deep understanding 
of CFBA empowers practitioners with actionable methodologies for detecting those 
soft signals missed by traditional cybersecurity systems (Kuriakose, 2025; ProDiscover, 
2025). These signals often include linguistic and formatting idiosyncrasies in phishing 
emails and anomalous deviations in user interaction patterns.

The integration of cyber behavioral sciences with technical cyber forensics in 
CFBA also encourages greater collaboration between behavioral analysts and forensic 
investigators for comprehensive analysis and cyber defense (Ohu & Jones, 2025; 
Rafati, 2025). The behavioral metrics and quantifiable analysis built into CFBA, such 
as the CBAM and CBS, offer actionable, quantifiable measures to improve precision 
and recall, thus reducing false positives and helping to ensure that more time and 
effort are spent on addressing those risks that matter most to the organization, those 
that present a legitimate, substantive threat to the organization’s security (Cuzzocrea 
et al., 2023; Rich & Aiken, 2024). For organizations, this means more time and energy 
spent on investigations can be devoted to follow-up and validation, rather than chasing 

Core CFBA Pillars
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behavioral context
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FIGURE 5.1.   Core CFBA pillars. The model integrates forensic cyberpsychology, digital 
forensics, predictive modeling, and CBAM/CBS scoring to connect behavioral insight with 
technical evidence and practical prioritization. 
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ghosts, leading to faster response times and a reduced window of potential damage 
to the organization (EC-Council, 2025). As the threat landscape continues to grow in 
both volume and complexity, mastering the principles of CFBA is essential for cyber-
security practitioners who want to maintain a truly proactive defense posture and out-
pace rapidly advancing adversaries (Subroto & Apriyana, 2019).

To avoid acronym ambiguity in this chapter, CBS is used only for Cyber Behavioral 
Score; cyber behavioral science, sometimes abbreviated with the same letters, is spelled 
out in running text.

Question: What are the four pillars of the CFBA model, and how does each pillar 
contribute to the overall framework?

Answer:

	 ▪	 Forensic cyberpsychology: Understands the cognitive and emotional 
processes that underpin cybercriminal behavior. It illuminates possible adver-
sarial intent, motivations, or other deceptive tactics not readily apparent from 
technical evidence alone.

	 ▪	 Digital forensics: Collects and analyzes technical artifacts (e.g., malware 
samples, network logs, file metadata) to provide a foundation for behavioral 
analysis.

	 ▪	 Predictive modeling: Applies advanced algorithms (e.g., support vector 
machines, deep learning) to find patterns in historical incidents and predict 
future threats. A robust approach to predictive analysis provides a solid basis 
for our defense strategies, enabling us to prepare for the worst.

	 ▪	 Cyber behavioral analysis metric/cyber behavioral score (CBAM/CBS): 
Converts combined technical/behavioral indicators into a numerical score for 
autonomous system numbers to prioritize high-risk entities.

Together, these pillars integrate human behavioral insights with technical evi-
dence and machine learning to improve threat prediction and attribution accuracy.

HOW IT RELATES TO ADVANCED BEHAVIOR-BASED NETWORK 
FORENSICS

CFBA is a direct logical extension of advanced behavior-based network forensics 
because it adds behavioral analytics to network-level investigation and correlation. 
Traditional network forensics methods include packet captures, flow records, and pro-
tocol anomalies. CFBA adds higher-level behavioral signals that can be correlated with 
technical artifacts to infer adversarial intent and improve attribution.

WHY IT MATTERS

The “so what?” of CFBA is that it enables a proactive posture, not just waiting for a 
breach to occur or for alerts to be triggered but anticipating threats and being ready 
before the attack starts, which means an organization’s security posture is in its con-
trol, making it feel prepared and confident. The combined understanding of behavior 
indicators with ML–based network forensics methods can detect these subtle indi-
cators of anomalous behavior signaling possible malicious activity well in advance, 
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sometimes days or weeks before an attack is visible, thereby reducing dwell time 
and associated risk and impact (Fang et al., 2019; Samia et al., 2024). In short, CFBA 
answers the more important questions—“Who is behind this behavior?” and “What is 
their likely goal?”—rather than the more rudimentary “What signature triggered this 
alert?” (Rich & Aiken, 2024; Palem & Palaniswamy, 2023).

As threat actors evolve more complex methods that blend social engineering, 
deepfake phishing, and quiet lateral movement, technical indicators alone are not 
enough for more resilient cyber defense (Subroto & Apriyana, 2019). The CFBA frame-
work matters because it provides practitioners with a way to understand better and 
apply the power of cognitive and emotional factors, which can now be added to net-
work forensics, making cybersecurity professionals feel more intelligent and informed 
(Figure 5.2). Those who successfully apply this framework can achieve higher attribu-
tion accuracy, faster incident response times, and more efficient allocation of investi-
gative resources, resulting in improved security outcomes (Rich & Aiken, 2024; Ohu & 
Jones, 2025; Cuzzocrea et al., 2023; ProDiscover, 2025).

HOW DO I APPLY THIS?

As Figure 5.2 shows, practical implementation begins by assembling a multidisci-
plinary team of forensic analysts, behavioral specialists, and data engineers. The first 
operational step is a data assessment that inventories available network logs, malware 
artifacts, email archives, and related behavioral sources so that the implementation is 
evidence-driven from the outset.

After the assessment, preprocessing workflows normalize timestamps, formats, 
and identifiers across technical and behavioral data streams. This creates a centralized 
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FIGURE 5.2.   CFBA application flow. The workflow shows how a cross-functional team 
combines data assessment, preparation and correlation, governance, machine learning, and 
real-time deployment to operationalize CFBA. 
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repository that supports reliable feature extraction and correlation across email, 
authentication, endpoint, and network evidence.

The normalized data can then feed a streaming analytics environment in which 
CBAM and CBS are calculated in near real time. In practice, this lets analysts priori-
tize the most suspicious ASNs or campaigns first while preserving the forensic detail 
needed for validation and attribution.

COHESIVE AND SYNERGISTIC RESPONSE

This chapter focuses on the CFBA model and how it integrates forensic cyberpsychol-
ogy, digital forensics, predictive modeling, and a suite of quantitative behavioral met-
rics (CBAM/CBS) that represent a significant evolution in proactive cyber defense. It 
marries cognitive and emotional insights into adversarial behavior with technical arti-
facts like malware signatures, network logs, and file‐system metadata. By doing this, 
CFBA overcomes the limitations of traditional, indicator‐based approaches, which 
often neglect the human aspect of cybercrime (Irshad & Siddiqui, 2022; Rich & Aiken, 
2024). This interdisciplinary framework draws from several fields and enables analysts 
to identify low-and‐slow attacks and social engineering campaigns, using linguistic 
markers, deviations in user interaction patterns, and other anomalies (Bwangah, 2023; 
Palem & Palaniswamy, 2023).

The model’s predictive capabilities, powered by ML algorithms (e.g., SVMs and DL) 
trained on historical incidents and enriched with behavioral features, are noteworthy 
for their real-time applicability. Models are deployed for real-time use, with stream-
ing analytics providing continuous scores for ASNs via CBAM and CBS. The CBAM’s 
aggregation of weighted technical indicators (e.g., anomalous traffic patterns) and 
behavioral signals (e.g., phishing email language complexity) will enable prioritizing 
high‐risk entities. This real-time analysis is a key feature of the CFBA model, enhancing 
its capability not only for forecasting threats but also for attributing nation-state actors 
over 45-day windows—metrics that exceed those of heuristic-based approaches. A suc-
cessful CFBA requires deploying data integration pipelines to synchronize timestamps 
across disparate sources and normalize heterogeneous data types before feeding both 
behavioral and technical features into adaptive learning frameworks (Irshad & Siddiqui, 
2022; Kuriakose, 2025). Organizations must establish cross-functional teams, including 
forensic analysts, behavioral scientists, and data engineers, to design preprocessing 
workflows, develop feature-extraction methods (e.g., sentiment analysis, frequency of 
access attempts), and deploy ML models within low-latency streaming infrastructures 
(Kuriakose, 2025; Samia et al., 2024). Periodic validation through red-team exercises 
and retrospective case studies will ensure continuous model refinement. However, 
CFBA’s backbone is its governance processes, which document data-handling proce-
dures and retraining schedules to ensure data security and transparency, thereby fos-
tering trust among those in the CFBA system (Rich & Aiken, 2024).

CFBA augments the principles of advanced behavior-based network forensics 
by embedding behavioral analytics, such as user communication patterns and senti-
ment shifts, into the network‐level investigation process (Bwangah, 2023; Kuriakose, 
2025). While traditional network forensics often focuses on packet captures and pro-
tocol anomalies, CFBA correlates these artifacts with higher‐level behavioral cues 
to infer adversarial intent and differentiate between state‐sponsored and financially 
motivated actors (Irshad & Siddiqui, 2022; Rich & Aiken, 2024). This synergy enables 
a more nuanced understanding of threat actors’ tactics, techniques, and proce-
dures (TTPs), supporting faster, more accurate incident response and resource allo-
cation (Fang et al., 2019; Samia et al., 2024). Looking ahead, the ongoing evolution 

c05.indd   92c05.indd   92 03-06-2026   14:40:1303-06-2026   14:40:13



93Cyber Forensics Behavioral Analysis (CFBA)

of NLP can be leveraged to enhance further CFBA’s capacity to interpret complex  
communication patterns on social media and dark web forums. This development will 
significantly improve the early detection of evolving threats (EC-Council, 2025; Ohu & 
Jones, 2025). Privacy-preserving techniques, such as federated learning, can be used to 
enable cross-organizational sharing of behavioral insights without exposing sensitive 
user data. This development will foster collective cyber resilience (Subroto & Apriyana, 
2019). Standardizing CBAM/CBS metrics across industries will further support the 
comparability of behavioral risk scores and encourage collaborative threat intelligence 
efforts (Palem & Palaniswamy, 2023; ProDiscover, 2025). Collectively, these innova-
tions will consolidate CFBA as a cornerstone of future cyber defense strategies.

Question: Why is timestamp synchronization between behavioral data and forensic 
logs critical in CFBA’s implementation?

Answer: Timestamp synchronization, with its precision, ensures that behavioral 
indicators (e.g., a suspicious email sent at 2:15 p.m.) align exactly with corresponding 
technical artifacts (e.g., an unusual network connection at the same time). This 
accurate alignment instills confidence in analysts, allowing them to correlate 
actions and evidence with certainty, thereby reducing false positives and enabling a 
coherent reconstruction of adversary activity across multiple data sources.

CASE STUDY: EARLY DETECTION AND ATTRIBUTION  
OF A SOPHISTICATED INSIDER-ASSISTED PHISHING 
CAMPAIGN AT TERRABANK

Background
TerraBank is a mid‐size financial services firm with an international presence that 
experienced a wide range of cyber threats, from opportunistic attacks, such as phish-
ing campaigns, to sophisticated persistent threats from nation‐state‐sponsored groups 
(APTs). In early 2024, TerraBank’s SOC observed a spike in spear‐phishing targeting 
its senior leadership. The emails were personalized with employee information and 
closely resembled legitimate internal communications. Concurrently, network logs 
indicated anomalous user authentication patterns that were not detected by signature‐
based alerts.

In response, the chief information security officer (CISO) approved a pilot project 
using the CFBA model to (1) detect the emerging phishing campaign before any 
significant financial loss could be incurred and (2) attribute the source of the campaign 
to determine if it was the result of a financially motivated cyber-criminal group or a 
state‐sponsored actor collaborating with an insider.

Methodology
Figure 5.3 outlines the TerraBank methodology used to apply CFBA during the phish-
ing investigation.

	 1.	 Team composition:
	 ▪	 Digital forensic experts: This group of professionals will oversee gathering 

samples of the malware used during the attack and capturing the network arti-
facts (Irshad & Siddiqui, 2022).
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	 ▪	 Behavioral analysts, with a specialty in forensic cyberpsychology, can offer 
a valuable perspective on linguistic cues and motivation signatures embedded 
within phishing communications (Rich & Aiken, 2024).

	 ▪	 Data engineers: Will oversee data ingestion and preprocessing of all disparate 
data points (Kuriakose, 2025).

	 2.	 Data gathering and preprocessing

Technical data:
	 ▪	 Email headers and bodies: These data were acquired through TerraBank’s 

email security gateway.
	 ▪	 SIEM logs: These include authentication logs, firewall logs, and DNS query 

logs.
	 ▪	 End-point forensics: Memory dumps and file‐system metadata will be 

extracted from the victims’ workstations.

Behavioral data:
	 ▪	 Linguistic indicators: These are extracted from the email contents. These 

indicators can include sentiment changes, unusual syntax, and “insider‐like” 
vocabulary (Bwangah, 2023).

	 ▪	 User activity logs: These can include unusual login times, switching to a dif-
ferent device type (desktop/mobile), and any anomalous deviations from the 
norm (e.g., logging in from a different country) (Kuriakose, 2025).

INTERDISCIPLINARY TEAM
FORMATION

DATA COLLECTION AND
PREPROCESSING

FEATURE EXTRACTION AND
DATASET CONSTRUCTION

QUANTITATIVE BEHAVIORAL
METRICS

FEATURE EXTRACTION

REAL-TIME DEPLOYMENT

METHODOLOGY

1

2

3

4

5

6

FIGURE 5.3.   TerraBank case-study methodology. The methodology moves from team 
formation and data collection through feature extraction, quantitative scoring, and real-time 
deployment. 
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	 ▪	 Timestamp alignment: All the data are converted to the same timestamp 
format (UTC) to be able to align behavioral data (e.g., a phishing email sent at 
14:07UTC) with the technical data (e.g., a suspicious VPN login at 14:08UTC) 
(Irshad & Siddiqui, 2022).

	 3.	 Feature extraction and dataset construction

Behavioral features (forensic cyberpsychology pillar):
	 ▪	 Linguistic markers: e.g., ratio of second‐person pronouns (“you”), occur-

rences of urgency terms (“urgent,” “ASAP”), unusual greetings.
	 ▪	 Sentiment shifts: e.g., abrupt transition from a conversational to a hyper‐formal 

writing style.
	 ▪	 Access deviations: e.g., email server logins outside normal business hours or 

from unusual IP ranges.

Technical features (digital forensics pillar):
	 ▪	 Executable hashes: MD5/SHA‐256 values of attached files that antivirus scans 

flagged as possible malware.
	 ▪	 Network traffic anomalies: e.g. spikes in outbound DNS lookup activity to 

suspicious domains.
	 ▪	 File-system artifacts: newly created.LNK files or suspicious macros/scripts in 

document attachments.

Labeling and ground truth:
	 ▪	 A manually labeled set of previously validated phishing attacks and APT cam-

paigns served as ground truth.
	 ▪	 Known threat intel sources (IP addresses belonging to known nation‐state APT 

groups, etc.) were used to label external IPs and domains.

	 4.	 Predictive modeling

Algorithm selection:
	 ▪	 SVM: Good performance in high‐dimensional feature spaces, such as our blend 

of behavioral and technical features (Fang et al., 2019).
	 ▪	 DNN: A four‐layer feedforward network to better model nonlinear relation-

ships between features, especially low‐and‐slow behavioral anomalies (Samia 
et al., 2024).

Training and validation:
	 ▪	 The data was divided into 70/15/15 training/validation/testing split.
	 ▪	 Stratified cross‐validation was performed to ensure the models learned general-

izable patterns across executives and departments.
	 ▪	 Hyperparameters (e.g., kernel type for SVM, number of neurons/learning rate 

for DNN) were tuned with grid search to maximize precision in attributing 
phishing campaigns.

	 5.	 Quantitative behavioral metrics (CBAM/CBS)

CBAM calculation:
	 ▪	 Technical score component: Weighted score based on presence of known 

malicious hashes (weight: 0.4), DNS traffic to high‐risk domains (weight: 0.3), 
anomalous VPN logins (weight: 0.3).
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	 ▪	 Behavioral score component: Weighted score based on frequency of linguistic 
markers (weight: 0.5), deviation from typical login times (weight: 0.3), senti-
ment shift magnitude (weight: 0.2).

	 ▪	 Combined score: CBAM = (0.4 × Technical score) + (0.6 × Behavioral score).
	 ▪	 CBS computation: CBAM scores were normalized to a 0–100 scale to produce 

the Cyber Behavioral Score (CBS).
	 ▪	 CBAM scores were normalized to a 0–100 scale: Higher CBS values indi-

cated greater malicious or state‐sponsored involvement (Palem & Palaniswamy, 
2023).

	 6.	 Real‐time deployment

Streaming analytics infrastructure:
	 ▪	 Implemented in Apache Kafka to ingest real‐time email metadata/network logs.
	 ▪	 Feature extraction microservices (Python scripts) computed linguistic features/

login behavior deviations in real‐time.
	 ▪	 A TensorFlow Serving cluster deployed trained SVM/DNN models for inference, 

providing real‐time predictions on incoming emails & authentication events.

SOC dashboard:
	 ▪	 Displayed live CBS values per active ASN and flagged high‐risk emails with 

color‐coded risk levels (e.g. red for CBS > 85).
	 ▪	 Analysts could click on a flagged campaign to drill down, and view correlated 

forensic artifacts (malicious hash details, packet captures) alongside behavioral 
insights (sentiment analysis plots).

	 7.	 Results

Early detection:
	 ▪	 Within 48 hours of going live, CFBA identified a wave of spear‐phishing emails 

targeting TerraBank’s CFO. While the email body superficially mimicked an 
internal memo, CFBA’s linguistic analysis detected subtle sentiment shifts, 
notably an atypical emphasis on changing wire transfer instructions (Bwangah, 
2023).

	 ▪	 Concurrently, the network logs revealed a new VPN login from a low‐reputation 
IP range five minutes after the email was sent. The combined CBAM score for 
the ASN controlling the IP climbed to 87/100, prompting an automatic high‐
risk alert (Palem & Palaniswamy, 2023).

Preemptive response:
	 ▪	 Guided by CFBA’s real‐time alerts, the proactive SOC team quarantined sus-

picious email before the executive opened it, thereby nipping the wire transfer 
fraud in the bud. Endpoint forensics later found a malicious macro embedded 
in the attachment, one that had never been previously seen on TerraBank’s 
network.

	 ▪	 The DNN model’s prediction confidence for this specific incident was exception-
ally high (95%+), indicative of a high likelihood of a coordinated, targeted APT. 
This high confidence level bolsters trust in the model’s accuracy & reliability in 
identifying threats.

Actor attribution:
	 ▪	 By correlating behavioral & technical signals, particularly the linguistic idiosyn-

crasies matching those in a known state‐sponsored attack (Triton Hydra APT), 
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CFBA associated the attack to an Eastern European APT group previously known 
to recruit insiders (Irshad & Siddiqui, 2022).

	 ▪	 The CBS for the ASN associated with the VPN endpoint was 92, a combined 
score of high technical risk (domain previously associated with state‐sponsored 
groups) and high behavioral risk (phishing language closely matched previ-
ously APT‐attributed samples).

Insider assurance:
	 ▪	 A parallel investigation, backed by HR, confirmed that a junior network engi-

neer under duress did in fact provide his VPN credentials to an external actor. 
Forensic cyberpsychology interviews found the engineer was in financial straits 
and feared for his job.

	 ▪	 This contextual information, combined with CFBA’s behavioral profiling, 
allowed TerraBank to see this actor as an opportunistic insider rather than a 
coerced one, guiding a more measured internal response (Rich, 2024).

Performance metrics:
	 ▪	 Precision: CFBA showed 94% precision in attributing the campaign to Triton 

Hydra APT, 14 ppt better than TerraBank’s previous heuristic‐based system 
(80%). This high precision rate provides confidence in the system’s ability to 
identify and attribute cyber threats accurately.

	 ▪	 Recall: The model achieved 88% recall in identifying phishing attempts across 
all executives, significantly lowering dwell time vs. past (Irshad & Siddiqui, 
2022).

	 ▪	 Mean time to detect (MTTD): Improved from an average of 72 hours (legacy 
IDS/IPS) to under 6 hours post‐CFBA deployment. This significant decrease in 
MTTD means that potential threats are caught much earlier and are less likely 
to succeed in breaching TerraBank’s systems.

	 ▪	 Mean time to respond (MTTR): Reduced from 48 hours to 12 hours, thanks 
to automated CBAM/CBS prioritization & quarantining.

Future Directions for TerraBank
	▪	 The value of interdisciplinary integration: Integrating behavioral signals (e.g., 

sentiment shifts, use of phishing language) with technical forensics (malware 
hash matches, network flow anomalies) was a big eye‐opener. Forensic cyberpsy-
chology unearthed adversarial intent that would’ve stayed hidden with a purely 
technical analysis (Rich & Aiken, 2024; Bwangah, 2023).

	▪	 Real-time CBAM/CBS scoring: Automating CBAM calculations was a game‐
changer for SOC analysts. Real‐time triage of alerts by risk level allowed high‐risk 
ASNs to get addressed ASAP, while lower‐risk events were quietly monitored in 
the background (Palem & Palaniswamy, 2023).

	▪	 The challenges of data integration: Initial forays in data integration into CFBA 
revealed a siloed data landscape. Email archives were in one system, network logs 
in another, and endpoint forensics were scattered across multiple sources. Having 
unified preprocessing pipelines and timestamp synchronization was a key move 
for CFBA to work properly, underscoring the need for attention to detail in this 
front (Irshad & Siddiqui, 2022; Kuriakose, 2025).

	▪	 Human–machine collaboration: CFBA’s models did most of the heavy lifting in 
this case (high‐confidence predictions), but the human analysts played a key role, 
especially in contextualizing behavioral anomalies and insider interviews (Rich, 
2024; Ohu & Jones, 2025).
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Application to Advanced Behavior-Based Network Forensics
CFBA not only provided a counter-forensic tool but also served as an extension to 
advanced behavior-based network forensics by incorporating high-level human 
behavioral signals (Bwangah, 2023; Irshad & Siddiqui, 2022). CFBA gave a network 
security analyst the tools to gain more confidence in conducting complex network 
investigations, including:

	▪	 Network artifact correlation: CFBA tied network packet anomalies at 
low-reputation DNS lookup (e.g., PUA distribution) to behavioral cues (digital 
clues indicating human behavior, for example, the use of urgent language in phish-
ing emails) to provide a comprehensive threat profile (Bwangah, 2023; Irshad & 
Siddiqui, 2022).

	▪	 Behavioral signal amplification: CFBA identified subtle outliers, such as minor 
spikes in failed login attempts from geographically distant locations, by elevating 
them through a behavior-based signal amplification that correlated low-noise user 
activities with a series of potential stealthy, low-volume attacks (Kuriakose, 2025).

	▪	 Proactive response: Traditional network forensics is typically an after‐incident 
(post‐breach) response. With CFBA’s focus on predictive modeling and CBAM/
CBS scores, TerraBank was able to respond before it was too late. The integration 
of cyberpsychology, predictive analytics, and quantitative behavioral analysis 
with network forensics represents a shift from reactive to proactive, behaviorally 
informed network forensics and marks an evolution for the field (Fang et al., 2019; 
Samia et al., 2024). Figure 5.4 summarizes TerraBank’s key CFBA lessons for prac-
tical behavior-based network forensics.

Case Conclusion
The TerraBank case study is a clear demonstration of the CFBA model’s ability to 
establish a collaborative effort to boost cyber defense. Forensic cyberpsychology, 
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FIGURE 5.4.   Lessons learned from TerraBank. Interdisciplinary integration, real-time 
CBAM/CBS scoring, data integration, and human–machine collaboration were central to the 
outcome. 
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digital forensics, predictive modeling, and quantitative behavioral metrics were all 
used in conjunction to predict future activities and prepare for them. In this instance, 
the CFBA approach allowed TerraBank to successfully prevent a significant targeted 
state‐sponsored phishing operation before any loss of value. The applied setting at 
TerraBank also served as an example of interdisciplinary cooperation, data integration, 
and model refinement in pursuit of real-world active cyber defense. The CFBA  
model’s success in the TerraBank case study emphasizes the value of the whole model 
as part of the discipline of advanced behavior-based network forensics. In the future, 
defenders will need to be predictive and agile to stay ahead of attackers and build a 
holistic cyber defense strategy that accounts for all available adversarial approaches, 
while also boosting cyber resilience.

WHAT WE HAVE LEARNED

Application of Chapter Concepts
Chapter 5’s detailed exploration of the CFBA model provides a structured frame-
work for integrating behavioral science, digital forensics, and ML into proactive cyber 
defense. In the TerraBank case, these theoretical constructs directly informed the suc-
cessful early detection and attribution of a sophisticated, insider-assisted phishing 
campaign.

	 1.	 Interdisciplinary team formation (Rich & Aiken, 2024; Bwangah, 2023)
CFBA hinges on the invaluable collaboration among forensic cyberpsychologists, 
digital forensic analysts, and data engineers. The unique insights of behavioral 
scientists play a crucial role in enhancing technical analysis, underscoring their 
value.

	 ▪	 Case application: TerraBank’s cross-functional team, mirroring CFBA’s inter-
disciplinary approach, demonstrated its effectiveness. Behavioral scientists 
identified linguistic anomalies in spear-phishing emails, forensic analysts col-
lected and analyzed malware artifacts, and data engineers-built pipelines to 
ingest and normalize data streams (Irshad & Siddiqui, 2022). This structure 
facilitated the rapid correlation of disparate evidence types.

	 2.	 Behavioral feature extraction and profiling (Bwangah, 2023; Kuriakose, 2025)
This chapter emphasizes extracting cognitive and emotional indicators, such as 
sentiment shifts, urgency language, and deviations from typical user patterns, to 
uncover adversarial intent.

	 ▪	 Case application: TerraBank’s behavioral scientists successfully extracted fea-
tures, such as sudden shifts in email tone and unusual login times. These indi-
cators, when combined with technical features (e.g., malicious hash matches), 
created enriched datasets for modeling (Palem & Palaniswamy, 2023). The 
behavioral profiling was instrumental in flagging the CFO’s phishing email as 
high risk, preventing any potential financial transaction.

	 3.	 Technical artifact collection and correlation (Irshad & Siddiqui, 2022; Rich & 
Aiken, 2024)
Digital forensics provides the concrete foundation, malware binaries, network 
logs, and file-system metadata necessary to corroborate behavioral assessments.

	 ▪	 Case application: In a high-stakes scenario at TerraBank, analysts leveraged 
digital forensics to collect endpoint memory snapshots and network logs. These 
logs revealed a new VPN login shortly after a phishing email was sent. By syn-
chronizing these timestamps, the team established a direct link between the 
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deceptive email and a suspicious network event, demonstrating the practical 
value of digital forensics in threat detection (Irshad & Siddiqui, 2022).

	 4.	 Unlocking the power of predictive modeling with ML (Fang et al., 2019; Samia 
et al., 2024)
SVMs and DNNs can learn from combined behavioral and technical features to 
forecast future threats.

	 ▪	 Case application: TerraBank’s use of SVMs and DNNs in conjunction with 
digital forensics was a resounding success. Trained on labeled phishing and 
APT data enriched with behavioral markers, the DNN achieved an impressive 
95%+ confidence in flagging the Triton Hydra APT-style phishing attempt. 
This success story is a testament to the predictive strength of CFBA (Cuzzocrea 
et al., 2023).

	 5.	 Quantitative behavioral metrics: CBAM and CBS (Palem & Palaniswamy, 2023; 
ProDiscover, 2025)
CBAM combines weighted technical indicators with behavioral signals, and CBS 
normalizes these values into a 0–100 risk score, enabling analysts to prioritize 
high-risk ASNs in real time and ensuring efficient threat management.

	 ▪	 Case application: TerraBank computed CBAM scores by assigning weights to 
malware signature matches (0.4), anomalous DNS traffic (0.3), and linguistic 
marker frequency (0.5). The resulting CBS reached 92, exceeding the high-risk 
threshold and prompting immediate quarantine of the phishing email. This 
scoring mechanism exemplified CFBA’s ability to surface subtle, high-impact 
threats (Palem & Palaniswamy, 2023).

	 6.	 Data integration and timestamp synchronization (Irshad & Siddiqui, 2022; 
Kuriakose, 2025)
Effective CFBA implementation requires normalizing heterogeneous data streams 
and aligning timestamps to ensure accurate event correlation.

	 ▪	 Case application: TerraBank’s data engineers developed preprocessing pipe-
lines that unified timestamps across email logs, VPN authentication records, 
and endpoint snapshots. This synchronization was critical for linking the 
dispatch of the phishing email at 14:07 UTC with a VPN login at 14:08 UTC, 
enabling rapid attribution.

	 7.	 Human–machine collaboration and model validation (Rich & Aiken, 2024; Ohu & 
Jones, 2025)
While CFBA’s algorithms provide high-confidence predictions, human analysts 
remain essential for contextual interpretation and insider interviews. The role of 
periodic red-team exercises, and in particular retrospective validations, in refining 
model performance is of utmost importance.

	 ▪	 Case application: After CFBA flagged the Triton Hydra-style phishing attempt, 
behavioral analysts conducted interviews that confirmed the involvement of a 
coerced insider. Simultaneously, red-team exercises benchmarked CFBA’s pre-
cision (94%) and recall (88%), guiding adjustments to model parameters (Samia 
et al., 2024).

Lessons Learned
	 1.	 Interdisciplinary integration is vital. By combining behavioral science with 

digital forensics and ML, TerraBank was able to identify the campaign, which 
could have slipped past signature-based defenses (Rich & Aiken, 2024; Subroto & 
Apriyana, 2019). Behavioral profiling allowed for the identification of adversarial 
intent earlier than technical analysis alone could.
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	 2.	 Quantitative behavioral metrics provide useful information. A Reassuring 
Beacon of Effectiveness: The CBAM/CBS scoring system was critical in converting 
raw behavioral data into a quantifiable risk level. The normalization of scores to 
a 0–100 scale enabled automated triage and immediate action for the highest-risk 
ASNs. This measurability reduced MTTD from 72 hours to less than 6 hours 
(Palem & Palaniswamy, 2023).

	 3.	 Data integration and timely correlation are both important. The meticu-
lous synchronization of timestamps across email, network, and endpoint data was 
essential for the accurate correlation of data. Without this precision, there was a 
risk of either misattributing the source of the phishing attack or failing to recog-
nize the insider attacker’s use of VPN (Irshad & Siddiqui, 2022; Kuriakose, 2025).

	 4.	 Predictive models are helpful, but humans can’t be left out. CFBA’s predic-
tive models were developed to provide high confidence, but the human analyst’s 
experience and intuition were necessary—especially when interpreting the history 
of the employee, their recent activities, and their relationship to the company—to 
understand intent and differentiate between a coerced insider and a malicious 
insider. This element of human–machine cooperation again demonstrated 
that CFBA augments human decision-making rather than replacing it (Ohu &  
Jones, 2025).

	 5.	 CFBA is feedback-driven and adaptive by design. Regular red-team assess-
ments and post-incident reviews are a vital feedback mechanism to ensure 
that the CFBA’s models can counter evolving TTPs such as social engineering, 
APTs, and zero-day exploits. TerraBank’s subsequent tweaking of the feature 
weights and retraining schedule is an example of the need for adaptive learning 
(Cuzzocrea et al., 2023).

Moving Forward: Leveraging Lessons Learned
Figure 5.5 highlights the next steps for maturing CFBA after the TerraBank case.

	 1.	 Improve NLP capabilities (EC-Council, 2025; Ohu & Jones, 2025). Enhance 
CFBA’s NLP component by adding support for additional social engineering indi-
cators, such as sarcasm or implied persuasion, across emails, chat logs, and social 
media. These improvements would better support feature extraction and further 
reduce false positives.

	 2.	 Privacy-preserving threat intelligence sharing (Subroto & Apriyana, 
2019). Collaborate with other financial institutions through federated learning 
to securely share threat intelligence about APTs. Aggregating insights with peer 
organizations can improve CFBA’s behavioral profiles by training the model on 
more diverse data sets without compromising user privacy.

	 3.	 Standardized CBAM/CBS metrics across industry (Palem & Palaniswamy, 
2023; ProDiscover, 2025). Engage with financial services industry to standardize 
CFBA’s weight scheme and scoring thresholds. Establishing standard metrics 
would enable cross-organizational benchmarking and accelerate collaborative 
defense initiatives more effectively.

	 4.	 Scale real-time streaming infrastructure (Kuriakose, 2025; Samia et al., 
2024). Invest in horizontal scaling of TerraBank’s streaming analytics platform 
and incorporate additional data sources, such as IoT devices and third-party APIs. 
By using edge computing to distribute the architecture, low-latency processing 
further ensures near-instantaneous CBAM updates when new behavior or 
technical data is ingested.
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	 5.	 Institutionalize human-centered CFBA training (Rich & Aiken, 2024). 
Provide specialized training for SOC analysts on best practices for CFBA inter-
pretation, as well as conducting forensic cyberpsychology interviews and collabo-
rating with data engineers. Human–machine teaming should be a central part of 
overall SOC effectiveness.

	 6.	 Conduct periodic model audits and red-team testing (Cuzzocrea et al., 
2023). Institute regular quarterly red-team exercises that simulate the latest 
APT tactics. Analyze model performance on targeted data to identify gaps in fea-
ture extraction, model drift, or misaligned CBAM weighting schemes, so CFBA 
remains well-adapted to new adversarial behaviors.

	 7.	 Expand CFBA to other business units (ProDiscover, 2025). Deploy CFBA in 
TerraBank’s retail banking division to detect fraudulent mobile transactions and 
social engineering attempts against customers. Broadening CFBA’s scope beyond 
executive phishing use cases will help demonstrate the platform’s versatility across 
various threat vectors.
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FIGURE 5.5.   Moving forward priorities. The figure groups the next-phase actions around 
analytics, privacy-preserving sharing, standardization, scalable infrastructure, training, audits, 
and broader deployment. 
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By applying the insights from Chapter 5, TerraBank successfully overhauled its 
cybersecurity capabilities, including adopting the four pillars and related implemen-
tation practices of CFBA’s model architecture, establishing quantitative thresholds for 
key metrics, and enabling a dynamic loop of adaptive learning. This rapid institutional 
transformation resulted from keeping all stakeholders safe and well-informed by taking 
an interdisciplinary approach to effective data integration. For future work, improving 
NLP components, privacy-preserving data sharing, and streaming infrastructure 
should maintain CFBA as a leading-edge platform for advanced behavior-based net-
work forensics.

Question: In what way does CFBA extend traditional behavior-based network 
forensics?

Answer: Traditional behavior-based network forensics focuses on anomalies in 
packet captures, flow records, and protocol usage. CFBA extends this by incorpo-
rating higher-level behavioral features, such as shifts in user communication pat-
terns, changes in sentiment in messaging, and rapid escalation of access privileges. 
By correlating these behavioral features with network artifacts, CFBA provides a 
more nuanced and contextual understanding of attacker intent. Its role in enabling 
the detection of stealthy or socially engineered attacks that network-only indicators 
might miss is crucial, emphasizing its significant contribution.

CHAPTER SUMMARY

CFBA constitutes a significant advancement in network forensics by integrating dis-
ciplines that are frequently addressed in isolation. Instead of relying solely on static 
indicators or post-incident artifact analysis, CFBA merges forensic cyberpsychol-
ogy, digital forensics, predictive modeling, and CBAM/CBS scoring into a unified, 
behavior-informed framework. This approach enables analysts to correlate technical 
artifacts, such as malware signatures, network logs, and file-system metadata, with 
behavioral indicators, including user communication patterns, linguistic markers, 
and sentiment changes. Consequently, CFBA provides a more comprehensive threat 
assessment that facilitates not only incident reconstruction but also the early prediction 
of potential threats, improved prioritization of high-risk entities, and more accurate 
attribution of adversarial actions. By converting integrated behavioral and technical 
evidence into quantifiable risk scores, CFBA helps organizations reduce information 
noise, focus investigative resources, and transform network forensics from a reactive 
process into a proactive decision-support function.

FINAL THOUGHTS

A key insight from Chapter 5 is that the primary challenges associated with CFBA arise 
not from conceptual abstraction, but from the rigor required for effective implemen-
tation. Successful deployment necessitates normalized data pipelines, synchronized 
timestamps, and low-latency preprocessing to ensure accurate cross-source corre-
lation. It further depends on interdisciplinary teams comprising forensic analysts, 
behavioral specialists, and data engineers who collaboratively interpret evidence, 
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refine analytical features, and translate findings into actionable outcomes. Sustaining 
CFBA as an effective capability requires ongoing red-team exercises, case reviews, 
feedback mechanisms, and scheduled retraining to validate performance and adapt to 
evolving adversary tactics. When these conditions are satisfied, CFBA transitions from 
a theoretical construct to a credible, transparent, defensible tool for prediction, priori-
tization, and attribution.
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INTRODUCTION

Chapter 6 translates behavior-based network forensics from concept to practice by show-
ing how behavioral analytics, deception technologies, deep pack inspection/network traffic 
analysis (DPI/NTA), and psychological profiling can be combined into a unified detection, 
investigation, and response workflow.

KEY TERMS

	▪	 behavioral indicators
	▪	 cognitive bias
	▪	 deception networks
	▪	 deep packet inspection (DPI)
	▪	 insider threat

	▪	 network traffic analysis (NTA)
	▪	 psychological profiling
	▪	 threat hunting
	▪	 zero-day attacks

LEARNING OBJECTIVES

By the end of Chapter 6, readers will be able to:

	 1.	 Explain why behavior-based detection is more effective than signature-only approaches 
against polymorphic and zero-day threats.

	 2.	 Describe how SIEM/UEBA platforms use behavioral baselines and machine learning to 
detect anomalous user, device, and network activity.

	 3.	 Assess how honeypots, decoys, and deception frameworks generate high-fidelity indica-
tors of compromise and reveal attacker TTPs.

	 4.	 Compare DPI and NTA for monitoring plaintext and encrypted network traffic.
	 5.	 Explain how behavioral analytics, deception networks, and DPI/NTA can be integrated 

into a unified threat-detection workflow.
	 6.	 Apply psychological profiling and linguistic analysis to improve threat classification and 

reduce false positives.
	 7.	 Evaluate insider-threat mitigation strategies, including predictive analytics and the CPIR 

framework.
	 8.	 Identify the operational, ethical, and privacy challenges associated with advanced 

forensic detection tools.

CHAPTER 6
Advanced Techniques and Tools
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WHY THIS CHAPTER IS IMPORTANT

Considering this emergent pattern of attack behaviors, signature-based defenses are 
inadequate against polymorphic and self-morphing cyber threats. Fortunately, the 
adaptability and intelligence-driven nature of some advanced defense techniques are 
found to allay cybersecurity professionals’ concerns over this latest development in 
the threat landscape. Behavioral analytics can detect zero-day threats and unknown 
attack threats using behavioral modeling and anomaly detection (MixMode, 2023; 
Stanham, 2025). Deception networks can effectively divert attackers from sensitive 
targets and assets and provide actionable intelligence on adversaries’ attack patterns 
and capabilities (Baksi & Upadhyaya, 2020; Beltrán López et al., 2024). Deep pack 
inspection (DPI) and network traffic analysis (NTA) plug any visibility gaps in the 
traffic stream and detect threats based on malicious patterns they identify, all without 
requiring decryption (Cybersecurity Insiders, n.d.; Nosferatu, 2019). Forensic cyber-
psychology also adapts to new variations in threat patterns and attacker motivations/
emotions, resulting in more accurate detection rates for both external and insider 
threats (Gurucul, 2024; Wormwood et al., 2022). Taken together, these advanced 
defensive techniques are seen as crucial elements in building layered defense solutions 
to the existing threat landscape.

WHY I NEED TO KNOW THIS

Why is it important to know advanced cybersecurity techniques and tools? Advanced 
techniques and tools are necessary because many traditional signature‐based detection 
methods are no longer effective at defending against the growing number of malicious 
cyberattacks from intelligent attackers. Behavioral analytics allow security teams to 
continuously update and adjust baselines for normal user and network behavior, 
increasing the detection and identification of zero‐day attacks and insider anomalies 
(i.e., employees accessing data they are not permitted to access and performing sus-
picious activities) (Anashkin & Zhukova, 2022; Huda et al., 2019; MixMode, 2023; 
Stanham, 2025).

Deception technologies, including honeypots and adaptive decoy environments, 
can be used to bait adversaries and engage them in the environment so that high‐
fidelity IoCs can be harvested and observed to collect TTPs for faster and more precise 
threat intelligence (Baksi & Upadhyaya, 2020; Beltrán López et al., 2024; Cybersecurity 
Insiders, n.d.). DPI for computer network packets, along with NTA solutions, gives net-
work administrators better network traffic visibility, even if packets are encrypted, using 
metadata, packet headers, and traffic patterns to detect abnormal network traffic without 
decrypting packets (Nosferatu, 2019; Villalón‐Huerta et al., 2022; Wang & Zhu, 2022).

Incorporating Dark Triad trait analysis and linguistic cues into psychological 
profiling of cybercriminals also provides a better understanding of forensic detection, 
as this psychological analysis reduces false positives while providing better charac-
terization of threat actors (Gurucul, 2024; Wormwood et al., 2022). In addition, the 
predictive analytics framework CPIR models and plots significant behavioral stressors 
and specific time frames for an individual’s life cycle, drastically reducing the time 
needed to detect insider threats (Kotenko et al., 2023; University of Hawaiʻi at Mānoa 
ScholarSpace, n.d.). Moreover, understanding the effects of biases and cognitive 
decision-making, privacy considerations, and the importance of continuous feedback 
loops for retraining models and AI solutions equips data scientists and cybersecu-
rity professionals with the necessary skills to deploy these solutions ethically and 
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effectively (Mathew & Xavier, 2024). In short, cybersecurity professionals and data 
scientists must be familiar with advanced techniques and tools so they can adopt a 
multidimensional cybersecurity posture and be more proactive than reactive in their 
security approach.

HOW IT RELATES TO ADVANCED BEHAVIOR-BASED  
NETWORK FORENSICS

Figure 6.1 shows these four layers as a single operating model: behavioral baselines 
surface anomalies, deception assets capture adversary interaction, DPI/NTA recon-
struct network activity, and psychological profiling helps analysts infer intent from 
digital artifacts.

Advanced behavior-based network forensics relies on monitoring and analyzing 
user and entity behavior and on intelligent data-correlation techniques to identify 
threats that are often hard to detect. In fact, the solutions discussed in this chapter all 
embody that approach. Behavioral baselines from SIEM or User and Entity Behavior 
Analytics (UEBA) systems enable forensic analysts to map user-behavior anomalies 
back to a probable point of initial compromise in the network (Huda et al., 2019; 
Villalón-Huerta et al., 2022). Deception assets can support forensic analysis by acting 
as honeypots that detect and record attacker activity, further illuminating adversary 
TTPs (Baksi & Upadhyaya, 2020; Rapid7, n.d.). DPI/NTA technologies allow every 
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FIGURE 6.1.   Core components of advanced behavior-based network forensics: behavioral 
baselines identify anomalies, deception assets generate high-confidence forensic clues,  
DPI/NTA reconstruct network activity, and psychological profiling adds human-context 
analysis to technical evidence. 
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session to be captured and analyzed forensically, including encrypted traffic, for signs 
of malicious activity at a fine-grained level (Cybersecurity Insiders, n.d.; Wang & Zhu, 
2022). Psychological profiling and other framework-building techniques can also be 
applied to forensic data analysis to identify indicators of stress, motive, and intent 
that help analysts predict or detect malicious or aberrant behavior (Gurucul, 2024; 
Wormwood et al., 2022). In short, each solution discussed in this chapter is a critical 
component of an advanced, behavior-focused forensic toolkit.

WHY IT MATTERS

The direct implication of this collection of advanced defense and forensic solutions is 
a significant reduction in both dwell time and false-positive rates. Behavior-based ana-
lytics technologies such as SIEM/UEBA can detect zero-day exploits hours, if not days, 
before signature-based detection is even possible, making a significant difference in the 
ability to contain potential damage (MixMode, 2023). Deception networks also leave 
forensic clues that can be used to trace the attacker’s footprints and movements across 
the enterprise, enabling faster attribution (Beltrán López et al., 2024). DPI/NTA’s traffic 
analysis techniques can examine encrypted or unencrypted traffic to detect threats 
that may have evaded signature‐based defenses and conceal themselves within an 
otherwise legitimate TLS/SSL session (Nosferatu, 2019; Villalón-Huerta et al., 2022). 
Psychological profiling and insider threat frameworks can also assist in forensic detec-
tion and identification of threats earlier on (Kotenko et al., 2023; Wormwood et al., 
2022). In short, the use of these advanced solutions is not just an option but a necessity 
in the fight against this new, advanced, and evasive threat landscape, and they have the 
potential not just to reduce reaction time and improve accuracy but also to transform 
a reactive security operation into a proactive, intelligence-driven defense organization.

Question: Explain how deception networks can be used to provide forensic threat 
intelligence.

Answer/Explanation: Deception networks, such as honeypots and decoys, entice 
adversaries to engage with them. Any activity on these systems is suspicious by 
default. Honeypots are high-fidelity systems that generate IoCs (Beltrán López 
et al., 2024). In addition, they can identify the attacker’s TTPs. Honeypots provide 
reliable forensic evidence, as attackers are diverted from the company’s tangible 
assets and no false-positive alerts are generated (Baksi & Upadhyaya, 2020; Beltrán 
López et al., 2024; Rapid7, n.d.).

The combination of behavior analytics, deception, DPI/NTA, and cyberpsychol-
ogy represents a proactive, multilayered defense approach that evolves alongside the 
increasingly adaptive TTPs of nation-state actors, cybercriminal groups, and insider 
threats. Behavior-based analytics provides early warnings of novel attack vectors 
that bypass traditional signatures or heuristics. Deception networks elicit attacker 
activity within controlled scenarios that can be funneled to generate forensic artifacts.  
DPI/NTA closes network visibility gaps created by encrypted tunnels. Psychological 
profiling reveals attacker intent (Cybersecurity Insiders, n.d.; Huda et al., 2019; 
Gurucul, 2024; Kotenko et al., 2023). This integrated approach to “shifting left” detec-
tion establishes a robust, network forensics program that can detect and respond to 
complex multistage threats with reduced impact and time-to-detection.
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HOW DO I APPLY THIS?

The case in question describes several tools and techniques in a phased implementa-
tion plan that fully integrates behavioral analytics, deception technologies, DPI, and 
psychological profiling into an enterprise cybersecurity workflow. Integration of the 
tools into existing workflows is critical to improving the system’s overall efficiency. 
The following is a list of practical steps, linked to relevant literature, for implementing 
each component.

Instrument SIEM/UEBA Systems to Collect Telemetry on Normal User, Device,  
and Network Activity
Machine learning models analyze logs (e.g., login times, file access patterns, network 
flows) and create dynamic baselines of expected behavior. These models are contin-
uously trained on new data to adapt to changing usage patterns. Deviations from the 
baseline that exceed predefined thresholds trigger alerts for further investigation, 
enabling early detection of zero-day attacks and insider threats.

Design and Deploy Honeypots and Decoy Systems That Emulate Production  
Assets but Are Isolated in a Safe Environment
Integrate deception frameworks that use probabilistic models (e.g., Hidden Markov 
Models) to generate realistic attacker progressions and dynamically adjust decoy 
responses based on observed reconnaissance or exploitation behaviors (Baksi & 
Upadhyaya, 2020; Beltrán López et al., 2024). Any interaction with a decoy should 
trigger a high-confidence alert, as legitimate users or admins should not access the 
decoy systems under normal circumstances (Rapid7, n.d.). Funnel intelligence from 
deception systems into the SIEM/UEBA platform to help refine behavioral baselines 
and enrich context around anomalies (Villalón‐Huerta et al., 2022), which should 
improve early detection and your audience’s confidence in the system.

Deploy DPI Sensors at Strategic Network Chokepoints to Capture Full Packet 
Payloads and Headers for Layer 2–7 Inspection
For encrypted streams, implement NTA techniques that focus on metadata (packet 
timing, size, and flow heuristics) to identify anomalous patterns without decryp-
tion (Nosferatu, 2019; Cybersecurity Insiders, n.d.; Wang & Zhu, 2022). This layered 
approach leaves no part of the network traffic unobserved. Stream DPI and NTA 
output into centralized analytics engines to correlate network-level anomalies with 
user or endpoint behavior, enabling threat hunting at the network layer (Huda et al., 
2019; Villalón‐Huerta et al., 2022). Threat hunting is a proactive, intelligence-driven 
process of continuously monitoring user, device, and network behavior to find anom-
alies and hidden malicious activity before traditional signature-based tools would 
catch it.

Augment Technical Detection with Forensic Cyberpsychology
Augment technical detection with forensic cyberpsychology by developing or adopt-
ing tools like Dark Triad personality inventories to profile high-risk users based on 
behavioral indicators. Use NLP to scan user communications (email, chat logs, 
dark‐web forums) for linguistic cues indicative of stress, manipulation, or deception 
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intent (Gurucul, 2024; University of Hawaiʻi at Mānoa ScholarSpace, n.d.; Wormwood 
et al., 2022). These techniques must then be integrated into the existing risk-scoring 
algorithm to ensure that high-risk individuals are identified and put under additional 
monitoring or preemptive intervention as appropriate (Kotenko et al., 2023).

Question: Why are behavioral indicators beneficial to an analysis as opposed to 
typical signature-based detection?

Answer and Explanation: Behavioral indicators enable the identification of new 
or unknown threats (zero-day attacks) by establishing a baseline of regular activity 
and detecting deviations from it. This method can include changes in user behavior, 
system performance, or network traffic that may signal a potential security issue. 
Unlike signature-based methods, which rely on predefined patterns of known mal-
ware, behavioral indicators can identify previously unseen threats based on their 
behavior (Anashkin & Zhukova, 2022; Huda et al., 2019).

Implement Insider-Threat Frameworks
When implementing insider-threat frameworks, it is crucial to adopt life-cycle-based 
models, such as the CPIR, to map stressors (e.g., financial hardship, workplace conflict) 
onto behavioral deviations over time (Kotenko et al., 2023). Instrumenting endpoints 
(workstations, servers) to monitor for red‐flag activities (after‐hours logins, large data 
transfers, use of unauthorized tools) and correlating them with psychological pro-
filing outputs is a key step in this process (Huda et al., 2019; University of Hawaiʻi at 
Mānoa ScholarSpace, n.d.). However, it is equally important to remember that when 
risk scores cross predetermined thresholds, triggering human‐in‐the‐loop evaluations 
(e.g., HR or security interviews) is necessary to validate findings and mitigate false pos-
itives (Mathew & Xavier, 2024).

Automate Response Workflows
Implement playbooks in security orchestration, automation, and response (SOAR) 
platforms to automatically respond to high-confidence detections. For instance, if 
a deception honeypot registers a successful exploitation attempt, it should trigger 
automated responses such as quarantining the source IP and isolating the associated 
host from the network (Cybersecurity Insiders, n.d.; MixMode, 2023). In addition, if 
DPI/NTA identifies an encrypted‐traffic anomaly matching a known malware fin-
gerprint or behavioral signature, the system should automatically escalate the event 
to Tier 1 analysts for immediate containment actions (Nosferatu, 2019; Wang &  
Zhu, 2022).

Address Cognitive Bias and Privacy Considerations
Educate analysts on cognitive biases (e.g., anchoring, confirmation bias) that can 
lead to misinterpretation of behavioral and psychological data and introduce peer 
review processes for high‐impact alerts to mitigate single‐analyst mistakes (Mathew &  
Xavier, 2024). Define explicit privacy policies regarding data retention and transpar-
ency, particularly for data used to profile individuals’ behaviors or psychological traits, 
and obtain legal and HR buy‐in prior to deploying insider threat detection systems to 
balance security needs and employee rights (Mathew & Xavier, 2024; University of 
Hawaiʻi at Mānoa ScholarSpace, n.d.).
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Continuously Refine Models and Feedback Loops
Use feedback from incident investigations and threat‐hunting exercises to retrain ML 
models and adjust deception‐environment configurations to avoid stagnation and 
address emerging attack techniques (Anashkin & Zhukova, 2022; Stanham, 2025). 
Measure key performance metrics such as detection precision, false‐positive rates, and 
mean time to detect (MTTD) and retune threshold parameters as necessary to main-
tain effectiveness in changing environments (MixMode, 2023; Villalón‐Huerta et al., 
2022). Regularly conduct red team exercises to validate that integrated detection and 
response workflows are working as expected.

COHESIVE AND SYNERGISTIC RESPONSE

Chapter 6 provides an integrated framework for leveraging behavioral analytics, 
deception networks, DPI, and psychological profiling to advance network forensics 
and real‐time threat detection. Signature‐based defenses are ineffective against new, 
polymorphic attacks or internal threats. Behavioral models can contribute to behavior‐
based anomaly detection by providing dynamic baselines for user, device, and net-
work activities. Baseline modeling (e.g., defining normal operational parameters for 
systems and users) supports early anomaly detection and confidence in the system’s 
accuracy (Anashkin & Zhukova, 2022; Huda et al., 2019; MixMode, 2023; Stanham, 
2025). Behaviorally informed ML algorithms can be trained on telemetry data, such 
as login timestamps, file access patterns, and network flows, to surface deviations that 
could indicate zero‐day exploits or insider misuse (Huda et al., 2019; Villalón-Huerta 
et al., 2022). Behavioral indicators also enhance detection accuracy in complex envi-
ronments and reduce reliance on static signatures (MixMode, 2023).

Question: What is the Critical Pathway to Insider Risk (CPIR) framework, and how 
does it shorten insider threat detection time?

Answer/Explanation: The CPIR framework links an individual’s stressors (e.g., 
financial, workplace disputes) to digital activity patterns (e.g., atypical after-hours 
activity, suspicious file access). This evidence-based model for mapping behavioral 
precursors to actual events can cut down high-risk insider detection time (for-
merly around 90 days on average) to less than 48 hours by providing an early alert 
(Kotenko et al., 2023; University of Hawaiʻi at Mānoa ScholarSpace, n.d.).

Building out the playbook, deception networks—including honeypots and 
adaptive decoy systems—augment behavioral analytics by luring attackers into con-
trolled environments and generating high‐fidelity IoCs (evidence of a potential secu-
rity incident) and revealing adversary TTPs (Baksi & Upadhyaya, 2020; Beltrán López 
et al., 2024; Rapid7, n.d.). Since a legitimate user should never interact with decoys, 
each access event is a high‐confidence signal that can be used to rapidly contain the 
activity and trigger forensic follow‐up (Rapid7, n.d.). Advanced deception frameworks 
also use probabilistic models (e.g., Hidden Markov Models) to simulate attacker pro-
gression, which adapt in real time, based on observed reconnaissance or exploitation 
behaviors (Beltrán López et al., 2024).

DPI and NTA provide critical visibility into network flows, even in encrypted 
traffic, by analyzing packet headers, payload metadata, timing, and flow characteristics 
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(Cybersecurity Insiders, n.d.; Nosferatu, 2019; Villalón‐Huerta et al., 2022; Wang & 
Zhu, 2022). DPI sensors capture 100% of network traffic at chokepoints for Layer 2–7 
inspection. If payloads are encrypted, NTA examines metadata, not decrypted content, 
searching for anomalies such as unusual flow patterns or packet timing deviations 
indicative of malicious activity (Cybersecurity Insiders, n.d.; Villalón‐Huerta et al., 
2022). Integrating DPI/NTA outputs into a SIEM or UEBA platform allows threat 
hunters to correlate network‐level anomalies with user and endpoint behaviors, 
thereby accelerating investigations (Huda et al., 2019; Wang & Zhu, 2022).

Psychological profiling further enhances forensic detection by integrating behavioral 
science insights—for example, Dark Triad trait analysis, linguistic cue extraction, and 
emotional state correlations into anomaly detection models (Gurucul, 2024; Wormwood 
et al., 2022). For example, Dark Triad scores, which measure negative personality 
traits (narcissism, Machiavellianism, psychopathy), can predict indicators of protocol 
bypass or data exfiltration with up to 33% accuracy (McCormac et al., 2012; Kotenko 
et al., 2023). NLP techniques can be leveraged to scan communications, emails, chat 
logs, or dark web forums for indicators of stress or manipulative language, improving 
threat actor classification by up to 88% (Gurucul, 2024; University of Hawaiʻi at Mānoa 
ScholarSpace, n.d.; Wormwood et al., 2022). These psychological markers reduce false 
positives by up to 60% compared with signature‐based systems, enabling analysts to 
focus on truly malicious behavior and improving analyst productivity (Gurucul, 2024; 
Wormwood et al., 2022).

Insider‐threat frameworks like CPIR map psychological stressors (e.g., financial 
hardship, workplace conflict) onto observable digital footprints (e.g., after‐hours log-
ins, abnormal file access) reducing detection times from 90 days to under 48 hours 
(Kotenko et al., 2023; University of Hawaiʻi at Mānoa ScholarSpace, n.d.). By corre-
lating life-cycle‐based risk factors with endpoint monitoring, organizations can trigger 
human‐in‐the‐loop (manual) evaluation (e.g., HR or security interviews) when risk 
scores exceed thresholds, thereby reducing false positives, respecting privacy, and 
demonstrating ethical commitment (Mathew & Xavier, 2024).

Automated response workflows, implemented via SOAR platforms, translate 
high-confidence detections into immediate containment actions. For example, a detected 
honeypot interaction, which is a security mechanism designed to detect, deflect, or 
counteract attempts to use an information system in an unauthorized manner, can auto-
matically quarantine the source host, block malicious IPs, and update behavioral models 
(Cybersecurity Insiders, n.d.; MixMode, 2023). Alerts generated by DPI/NTA regarding 
anomalies in encrypted traffic could be escalated to Tier 1 analysts for rapid investigation 
(Nosferatu, 2019; Villalón‐Huerta et al., 2022). Feedback loops ensure continuous refine-
ment of models and deception configurations based on real‐world findings to maintain 
efficacy in dynamic environments (Anashkin & Zhukova, 2022; Stanham, 2025).

To better understand how this integrated model works, analysts should remain 
alert to cognitive biases such as confirmation bias (favoring evidence that supports 
an early hypothesis) and anchoring (placing too much weight on the first explanation 
offered) when evaluating behavioral and psychological data (Mathew & Xavier, 2024). 
Debiasing techniques such as blind testing and peer review play a crucial role in main-
taining objectivity and ensuring data validity. Privacy policies ensure compliance with 
relevant regulations (e.g., GDPR, CCPA) and foster trust among employees (Mathew & 
Xavier, 2024; University of Hawaiʻi at Mānoa ScholarSpace, n.d.). Federated learning 
approaches could preserve user privacy while enabling cross-organization sharing 
of behavioral indicators and collaborative defenses without exposing raw telemetry 
(Mathew & Xavier, 2024).

To sum up, this chapter’s integrated approach transforms reactive security pos-
tures into proactive, intelligence‐driven defenses, significantly reducing dwell time 
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and false positives while improving attribution (MixMode, 2023; Villalón‐Huerta et al., 
2022). This proactive approach is a powerful tool in the fight against threats, providing a 
sense of reassurance about the effectiveness of the strategies. By combining behavioral 
baselines, deception networks, DPI/NTA, and psychological profiling, organizations 
can build advanced behavior‐based network forensics capabilities that can detect 
threats before they cause substantial harm (Baksi & Upadhyaya, 2020; Gurucul, 2024; 
Kotenko et al., 2023). This synergy is critical in today’s threat landscape, where adver-
saries employ sophisticated, multivector tactics and exploit both technical vulnerabil-
ities and human factors.

CASE STUDY: SENTINEL BANK’S INTEGRATION OF ADVANCED 
BEHAVIOR-BASED FORENSICS

Background
Sentinel Bank, a mid‐sized bank with international customers, was experiencing 
growing difficulty detecting advanced cyberattacks and preventing insider threats. 
Simple, signature-based antivirus tools and rule‐driven intrusion detection plat-
forms had repeatedly missed a series of incursions. To strengthen defenses, Sentinel’s 
information security leadership commissioned Project Oracle to go onboard and oper-
ationalize the techniques and tools described in Chapter 6, thus allowing us to act 
confidently to keep our operations safe.

Step 1: Establish Behavioral Baselines
Sentinel Bank began by installing a UEBA platform across its core infrastructure. 
The platform’s machine‐learning engine established dynamic baselines for “normal” 
behavior for each user and system object by ingesting historical telemetry, login times, 
file access patterns, database queries, and network flow records. The system learned 
over the course of a six‐week “learning” period that most employees queried the cus-
tomer database between 8 a.m. and 6 p.m. Eastern and seldom downloaded more 
than 50 MB of data at once. When baseline models for all users and assets were fully 
trained, Sentinel set thresholds for anomalous behavior at the 90th percentile, flagging 
outliers with a medium‐confidence alert. The setup’s high degree of accuracy gave the 
team confidence in the UEBA platform.

Step 2: Deploy Deception Networks
To capture high‐fidelity IoCs, Sentinel’s security team next deployed two honeypots 
and three decoy file shares that emulated production assets in appearance, location, 
and permissions. Tagged “Executive_Salaries,” “Payments_Archive,” and “HighValue_
Customers” in hopes of enticing malicious insiders, these decoys were instrumented 
with file‐access monitors and embedded with “canary” documents that automatically 
triggered alerts in the SIEM when opened. A month after coming online, a threat actor 
probing internal systems from a compromised third‐party vendor’s credentials inter-
acted with a honeypot server. Because no legitimate employees had any reason to con-
nect to that server segment, the platform assigned a high‐confidence alert to the incident. 
Security orchestration playbooks, automated response procedures, were also triggered. 
These playbooks automatically quarantined the vendor’s network segment and pivoted 
the threat‐intelligence feed to update behavioral models. From then on, the models would 
train the system to recognize that any access to that subnet is malicious reconnaissance.
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Step 3: Integrating DPI and NTA
The team also learned that adversaries were increasingly using encrypted channels 
(SSL/TLS) to evade detection and hide exfiltration. To counter this, Sentinel’s network 
team installed DPI sensors at three gateway choke points. These sensors performed 
Layer 2–7 inspection on all inbound and outbound flows. However, when payloads 
were encrypted, NTA engines analyzed metadata, packet timing, sizes, and flow dura-
tions to detect anomalous patterns. A high-volume web service the bank had never 
noticed before suddenly started making large, periodic 100 MB transfers to an over-
seas IP address. The correlation between that anomaly and UEBA alerts, the analysts 
found, was a dormant advanced persistent threat (APT) implant that was exfiltrating 
batch files containing PII. Because DPI had full packet headers and session metadata, 
forensic investigators reconstructed the exfiltration timeline, identified the breached 
server, and applied a patch to close the zero-day vulnerability.

Step 4: Layering Psychological Profiling
Sentinel’s SOC wanted to address insider threats more effectively. The team integrated 
psychological profiling into its detection models, using an annual Dark Triad question-
naire (Machiavellianism, narcissism, psychopathy) and brief, anonymized sentiment 
analysis of internal communications. Dark Triad scores are well‐researched measures 
of toxic leadership and have become an important tool for building employee trust. 
The bank’s “Employee Trust Team,” a group that collaborates to keep our employees 
happy and engaged, collaborated with industrial‐organizational psychologists to flag 
linguistic cues indicative of stress or disengagement (e.g., increased use of aggressive 
or absolute language in email drafts). One mid-level finance analyst, a former recipient 
of an on-time payroll processing award, began showing subtle signs of stress: he sent 
encrypted chat messages to unknown contacts late at night. He used language sug-
gesting he was upset with management. The behavioral analytics engine, now trained 
to factor in Dark Triad scores alongside the digital footprint, assigned him an elevated 
insider risk score.

At the same time, the system flagged that his account attempted to download the 
“Executive_Salaries” decoy files from a honeypot server. Because any interaction with 
a decoy environment was a high‐confidence signal of malicious intent, the SOC ini-
tiated a human‐in‐the‐loop investigation. HR and legal teams interviewed him dis-
creetly under the CPIR framework, a structured approach to investigating potential 
insider threats. The analyst later admitted to experiencing financial hardship and con-
fessed that he had intended to sell customer data on a dark web forum. The analyst’s 
account was immediately deactivated, and forensic artifacts (web browsing history, 
USB device logs) were quarantined for potential prosecution.

Step 5: Automating Response Workflows
To shorten dwell time and minimize manual toil, Sentinel Bank configured its 
SOAR platform with playbooks for common, high‐confidence detection scenarios. 
For example:

Honeypot Interaction Playbook:
	 1.	 Isolate the source IP from the corporate network.
	 2.	 Spin up a forensic snapshot of the decoy environment.
	 3.	 Notify Tier 1 analysts and create a priority incident ticket; apply an “Immediate 

Quarantine” tag.
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DPI/NTA Encrypted‐Traffic Anomaly Playbook:
	 1.	 Block the destination IP address at network-edge firewalls.
	 2.	 Export DPI metadata to the threat‐hunting sandbox for automated IOC 

extraction.
	 3.	 Cross‐reference UEBA logs for related user‐entity anomalies; escalate if a match is 

found.

Insider Threat Elevated Risk Playbook:
	 1.	 Flag user for a discrete behavioral interview under CPIR guidelines.
	 2.	 Temporarily elevate multifactor authentication requirements and restrict large‐

file transfers.
	 3.	 Schedule weekly risk reviews until the score returns to normal below the threshold.

Over six months, these automated workflows reduced the mean time to con-
tainment (MTTC) for high-confidence events from 48 hours to under 4 hours. The 
combination of SIEM, UEBA, DPI/NTA, deception, and psychological profiling 
reduced false positives by 55%, allowing our analysts to focus on real threats.

Outcomes and Future Directions
	 1.	 Early detection of zero-day exfiltration. DPI/NTA’s ability to reveal the APT 

missed by signature-based tools is critical. Zero-day exfiltration can be quickly 
uncovered by correlating suspicious encrypted flows with behavioral anomalies, 
allowing for swift forensic reconstruction.

	 2.	 Insider threat mitigation. The CPIR process, which included quick and effi-
cient psychological profiling, identified a high-risk employee before bulk data 
theft could take place. Detection time can be reduced from weeks to hours, high-
lighting its effectiveness.

	 3.	 Automated containment. The use of SOAR playbooks allowed high‐ 
confidence signals to be converted to immediate network isolation and case 
creation. Automated containment not only minimizes human error but also  
significantly accelerates incident response, showcasing the advantages of automa-
tion in cybersecurity.

	 4.	 Reduced false positives. Integrating behavioral, deception, and psychological 
layers results in a significant reduction in false alarm fatigue among analysts, as 
shown with Sentinel Bank.

	 5.	 Continuous model refinement. Regular feedback loops that incorporate inci-
dent postmortems into machine‐learning models ensured that baselines evolved 
to adapt to changing usage patterns and emerging attacker tactics.

Case Conclusion
Sentinel Bank’s implementation of behavior‐based forensics demonstrates the real- 
world applicability of the framework outlined in this chapter. Integrating behavioral 
analytics, deception networks, DPI/NTA, and psychology can create a robust, intel-
ligence‐driven detection capability that is proactive and resilient. This more modern 
approach not only reduced dwell time for external attackers and insider threats but 
also appropriately balanced privacy, ethical, and human-in-the-loop considerations. 
We can be confident that Sentinel Bank is now able to detect both zero‐day exfiltration 
attempts and insider threats earlier and is better positioned to protect critical customer 
data and stay ahead of regulatory requirements.
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Sentinel Bank’s journey reflects the practical application of Chapter 6’s advanced 
behavior-based forensics framework, transitioning from theoretical constructs to tan-
gible, high-impact security operations. Sentinel Bank’s experience emphasizes the 
need for continuous model refinement, expanding deception tactics, and embedding 
human factors into threat detection processes. Looking ahead, Sentinel Bank and 
other institutions can build on these insights by leveraging federated learning, edge 
analytics, and advanced psychological models to stay resilient against increasingly 
sophisticated adversaries.

WHAT WE HAVE LEARNED

Sentinel Bank has demonstrated that the more advanced techniques and tools 
described in this chapter can be used to detect and stop today’s sophisticated cyberat-
tacks. We will first discuss how each concept was explicitly used in the Sentinel Bank 
case study, point out key takeaways—for example, the criticality of detecting threats 
early, the need for a balanced approach to security and privacy, and the importance of 
intelligence-driven decision-making—and finally suggest ideas for translating these 
lessons into future actions.

Application of Chapter Concepts
	 1.	 Behavioral analytics can establish a baseline. Chapter 6 emphasizes the 

importance of ML in learning and continuously updating dynamic baselines 
of normal user, device, and network behavior (Anashkin & Zhukova, 2022; 
Huda et al., 2019; MixMode, 2023; Stanham, 2025). In the case study, Sentinel 
Bank’s UEBA platform ingested historical telemetry, login times, file access vol-
umes, and network flow metrics, enabling the ML engine to model and estab-
lish “normal” behavior over six weeks. Any deviation from the norm (e.g., 
after‐hours login or large data transfers) triggered an alert that would have 
been invisible to a signature‐based system. This early detection of anomalous 
behavior ultimately led to the discovery of a zero-day exfiltration attempt and 
an insider data theft conspiracy, highlighting the power and accuracy of ML in 
cybersecurity.

	 2.	 Deception technologies and honeypots provide high-confidence IoCs. 
Honeypots, decoy file shares, and other deception technologies are controlled 
“trap” environments that legitimate users are unlikely to interact with, which 
means that all access attempts carry high-fidelity IoCs (Baksi & Upadhyaya, 2020; 
Beltrán López et al., 2024; Rapid7, n.d.). In Sentinel Bank’s case, the honeypot 
network included decoy file shares such as “Executive_Salaries,” and any access 
attempts to them trigger an immediate high-confidence alert. This method trig-
gered a human-in-the-loop forensic investigation, and in the case study, when the 
insider attempted to copy the decoy files from the honeypot share, it was detected 
immediately. Decoys significantly reduced false positives and enabled a faster, 
more effective incident response to potential threats.

	 3.	 DPI sensors and NTA can be combined. This chapter provides an overview  
of DPI sensors that inspect packet headers and payloads (Layers 2–7) and NTA 
tools that correlate and analyze metadata in encrypted‐traffic flows (Cybersecurity 
Insiders, n.d.; Nosferatu, 2019; Villalón-Huerta et al., 2022; Wang & Zhu, 2022). 
In the Sentinel Bank case study, DPI sensors were deployed at the network gate-
ways to “sniff in” all traffic; when packets were encrypted, NTA correlated with 
metadata, packet timing, size, and flows to identify anomalies. This combination 
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enabled analysts to finally detect covert advanced persistent threat (APT) data 
exfiltration bypassing traditional tools, because it was hidden in SSL/TLS packets.

	 4.	 Psychological profiling can improve insider threat detection. Dark Triad 
trait scores and linguistic cues have been recommended in Chapter 6 as key 
threat-model data points to reduce false positives and improve confidence in 
malicious intent classification (Gurucul, 2024; Wormwood et al., 2022). Sentinel 
Bank uses an annual Dark Triad questionnaire as part of its employee satisfaction 
survey; as demonstrated by the finance analyst in the case study, high stress scores 
can be automatically mapped to elevate the user’s risk score. When combined with 
behavioral analytics and other technical IoCs (such as large data transfer attempts 
after regular business hours), a high-risk score can trigger a human-in-the-loop 
insider threat investigation, helping preserve context. This method, in turn, dem-
onstrates that, as with APT indicators, human analysis still plays a crucial role in 
cybersecurity. That early investigation of the insider threat enabled timely inter-
vention and data preservation.

	 5.	 Insider-threat detection frameworks and the CPIR approach. In the case 
study, the CPIR framework, which correlated psychosocial stressors, financial 
hardship, and workplace conflict with observed digital behaviors, proved highly 
effective. Cross-referencing high-risk users with telemetry IoCs significantly 
reduced the typical 90-day detection window to less than 48 hours, which gives 
the organization confidence in this approach’s ability to reduce dwell time.

	 6.	 SOAR playbooks can accelerate response. This chapter recommended the 
use of SOAR playbooks to automatically respond to high-confidence detections. 
In practice, these have been shown to significantly reduce manual intervention 
and response time (Cybersecurity Insiders, n.d.; MixMode, 2023). However, this 
also comes with implementation and sustainment challenges. Sentinel Bank, for 
instance, struggled at first with the fine-tuning of these automated workflows. 
Ensuring that automated playbooks respond only when triggered by honeypot 
activity or encrypted‐traffic anomalies can take time. Another concern was how 
to overcome cognitive biases (confirmation bias, anchoring, etc.) among analysts, 
which requires a fundamental cultural shift and long-term training. However, 
in this case, the automation efforts have been worth it, and by combining SOAR 
playbooks with a mature detection environment, the MTTC was reduced from 
48 hours to 4 hours, demonstrating the importance of not only detection but also 
integrating response into a unified pipeline.

	 7.	 Cognitive bias should be anticipated and addressed. Cognitive biases can 
subtly but pervasively influence an analyst’s ability to fairly and accurately 
evaluate complex sets of behavioral and psychological data (Mathew & Xavier, 
2024). Sentinel Bank took several steps to help address this critical challenge. 
Peer-review sessions and blind-testing protocols were established for high-impact 
alerts, effectively preventing misinterpretation or anchoring on ambiguous 
behavior or digital signals. Privacy policies for the use of the Dark Triad inven-
tories and communication monitoring governed data collection practices and 
handling. These have been created in accordance with GDPR and CCPA require-
ments. More importantly, they have been instrumental in maintaining, and even 
strengthening, employees’ trust (Mathew & Xavier, 2024; University of Hawaiʻi  
at Mānoa ScholarSpace, n.d.).

Lessons Learned
	 1.	 Anomaly detection early in the kill chain is critical. Behavioral baselines 

are a powerful tool, and the successful detection of zero‐day exfiltration just a few 
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hours after implementing the UEBA platform (MixMode, 2023; Stanham, 2025) 
shows how high-confidence alerts like this would not be possible with signa-
tures alone. This approach is perhaps the most important lesson for every security 
professional, and it should provide more confidence in our ability to use proactive 
baseline monitoring as a key pillar of any security architecture.

	 2.	 Deception networks produce high-fidelity alerts. We should not take the 
practicality of deception technologies for granted. False positives are an expected 
part of every cybersecurity investment. However, alerts from decoys, honeypots, 
and other deception assets are, by their very nature, highly valuable because legit-
imate users rarely, if ever, have access to the secrets these technologies conceal 
(Baksi & Upadhyaya, 2020; Rapid7, n.d.). When used thoughtfully as a supple-
ment to overall security architecture, deception technologies can significantly 
reduce the burden on analysts and accelerate forensics, as demonstrated by 
Sentinel Bank. In general, the use of deception gave us greater confidence in the 
approach’s efficiency.

	 3.	 Visibility of encrypted traffic cannot be ignored. The DPI and NTA tech-
nologies not only “filled the gaps” in Sentinel Bank’s previous detection 
approaches, but they were critical in providing insight into lateral movement 
activities that traditional monitoring tools missed. It may be intuitive for most 
readers that decrypting all traffic is impossible these days, but the criticality 
of DPI and NTA tools that can at least provide visibility into encrypted traffic 
cannot be overstated (Cybersecurity Insiders, n.d.; Villalón-Huerta et al., 2022). 
DPI sensors, along with flow-based heuristics, should be mandatory in all secu-
rity architectures.

	 4.	 Psychological profiling can significantly reduce insider-threat life cycles. 
The integration of psychological profiles with technical analytics should not 
be overestimated, but as seen with the case study, this combined approach can 
meaningfully impact insider-threat life cycles. Mapping stress indicators against 
behavioral deviations demonstrated by Kotenko et al. (2023) cut insider threat 
dwell time from months to mere days, highlighting the importance of the life 
cycle approach and of psychological and other human-centric data in technical 
analytics.

	 5.	 Automation extends limited analyst resources. We can be confident in the 
power of response automation because, by preapproving and codifying response 
playbooks for different high-confidence IoCs, Sentinel Bank reduced manual 
intervention. It shortened MTTC, by using automation to reduce risk and free 
up time for more complex investigations wherever high-confidence signals exist 
(MixMode, 2023).

	 6.	 Cognitive bias needs to be systematically identified and mitigated. Regular 
peer reviews and the use of blind testing for high-impact alerts were not just 
best practices but critical to the success of a mature detection environment like 
Sentinel Bank’s. The human brain’s tendency to misinterpret complex data can 
lead to very high-risk errors and even compromise the integrity of detection 
efforts. Organizations need to be proactive in training and process controls to help 
overcome these fundamental human biases (Mathew & Xavier, 2024).

	 7.	 Privacy and ethics cannot be ignored. Clearly stated privacy policies for the 
use of data monitoring tools and data-handling techniques were essential to 
upholding employee trust and regulatory compliance (Mathew & Xavier, 2024; 
University of Hawaiʻi at Mānoa ScholarSpace, n.d.). In general, ethical consider-
ations should not be negotiable in any cybersecurity monitoring approach.
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Moving Forward: Leveraging Lessons Learned
	 1.	 Engage in continuous model refinement. Fidelity is a never-ending journey 

in cybersecurity, which is why it is critical to adopt a cycle of continuous model 
refinement by feeding incident postmortems and new IoCs back into the ML 
engines. As noted by Anashkin and Zhukova (2022) and Stanham (2025), Sentinel 
Bank can and should establish regular model retraining intervals. Incorporating 
threat intelligence feeds to supplement automated signal creation is also necessary 
to ensure the bank’s cybersecurity strategy evolves to capture emerging adversary 
playbooks.

	 2.	 Expand deception coverage. The current coverage of three decoy shares and 
two honeypots is sufficient. However, we can “think like an adversary” and stay 
one step ahead by diversifying and expanding the deception coverage. Future 
deployments should consider dynamic decoy assets that mimic ephemeral work-
loads, such as cloud services or Kubernetes pods (Beltrán López et al., 2024), and 
adopt reinforcement learning algorithms to automatically adjust deception strat-
egies based on how bad actors interact with the system.

Figure 6.2 summarizes the action agenda that emerges from the Moving 
Forward discussion and links the visual steps directly to items 1–7 in this section.

	 3.	 Enhance psychological models. Dark Triad inventories and sentiment anal-
ysis have proven helpful in forecasting pre-attack planning. However, we can be 
more confident in further integrating behavior and psychological data by contin-
uously enhancing our psychological models. The inclusion of multimodal data, 
such as keystroke dynamics and biometric indicators (Gurucul, 2024; University 
of Hawaiʻi at Mānoa ScholarSpace, n.d.), will strengthen our security posture and 
provide a greater level of defense.

	 4.	 Use federated learning for privacy-preserving, collaborative defense. 
Sentinel Bank should consider federated learning to share anonymized base-
line behavior and other high-fidelity indicators with peer institutions, thereby 
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FIGURE 6.2.   Moving-forward priorities for Sentinel Bank and similar organizations: 
continuously refine models, expand deception coverage, enhance psychological models, adopt 
federated learning, extend edge-based analytics, continue debiasing and training, and conduct 
periodic privacy and compliance audits. 
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expanding its threat detection horizon without putting sensitive behavioral  
telemetry at risk (Mathew & Xavier, 2024).

	 5.	 Embed edge-based analytics in IoT. Chapter 6 calls for deploying behavior-based 
models on edge computing devices, such as ATMs and IoT sensors, to detect devi-
ations locally before they are aggregated by forensic systems (Wang & Zhu, 2022). 
Sentinel Bank could start small by piloting ML inference agents on individual 
ATMs, which would then locally flag suspicious firmware changes or lateral 
movement attempts for further investigation.

	 6.	 Embed debiasing and training directly into the detection workflow. Then 
analysts do not have to rely on ad hoc judgment when interpreting behavioral or 
psychological signals. This means building bias-awareness training, blind testing, 
peer review, and structured process controls into daily operations, so the team pre-
serves objectivity, reduces groupthink and systemic error, and makes more defen-
sible decisions as detection models become more complex.

	 7.	 Engage in continuous debiasing and training. Continuing analyst training 
on cognitive biases through regular red-team exercises and blind-testing drills 
should be an ongoing program that preserves objectivity in increasingly complex 
detection models (Mathew & Xavier, 2024). Assigning analysts to new parts of the 
detection pipeline or case ownership also helps reduce groupthink and systemic 
biases.

	 8.	 Privacy and compliance audits should be periodic. As psychological profiling 
becomes more granular, as it is likely to, Sentinel Bank should begin to perform 
quarterly privacy audits that help ensure data collection practices are kept in line 
with not only evolving regulations like the GDPR and CCPA but also newly emerg-
ing digital privacy laws, which is key to maintaining employee and customer trust 
(University of Hawaiʻi at Mānoa ScholarSpace, n.d.).

CHAPTER SUMMARY

Behavioral analytics uses continuous machine learning to model baseline normal activ-
ities and detect anomalies (Anashkin & Zhukova, 2022; Huda et al., 2019; MixMode, 
2023; Stanham, 2025). ML models provide real-time analysis of network traffic and 
user behavior, far outperforming traditional signature-based methodologies that typi-
cally miss polymorphic and zero-day threats (Anashkin & Zhukova, 2022; Huda et al., 
2019; MixMode, 2023; Stanham, 2025). Honeypots, honeytokens, and adaptive decoys 
are strategies used to attract adversaries into monitored environments where they can 
be safely studied, often generating reliable, high‐fidelity IoCs with high confidence 
scores (Baksi & Upadhyaya, 2020; Beltrán López et al., 2024; Rapid7, n.d.). Behavioral 
analysis models are iteratively finetuned via feedback loops with IoCs generated from 
honeypot or deception engagements, improving anomaly detection and reducing false 
positives (Villalón‐Huerta et al., 2022).

DPI and NTA provide granular insight into network flows and capture and clas-
sify both cleartext and encrypted traffic at Layers 2–7 (Cybersecurity Insiders, n.d.; 
Nosferatu, 2019; Villalón‐Huerta et al., 2022; Wang & Zhu, 2022). NTA also works 
hand in hand with DPI because, if the payload is challenging to read when encrypted, 
NTA can still detect anomalies or malicious activity by identifying deviations from 
expected metadata or traffic patterns without decrypting the content (Cybersecurity 
Insiders, n.d.; Nosferatu, 2019). Integrating DPI/NTA outputs into SIEM/UEBA plat-
forms with behavioral and forensic analytics provides incident response and forensic 
investigations with actionable context and intelligence (Huda et al., 2019; MixMode, 
2023). Threat hunters can cross-reference network-level anomalies or suspicious data 
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flows with endpoint and user activity to enable faster forensic triage and threat con-
tainment (Huda et al., 2019; MixMode, 2023).

Psychological profiling can consistently map technical indicators with human 
factors, providing richer context and reducing noise by integrating Dark Triad trait 
analysis, linguistic cue extraction, and emotional state correlations into a range of 
behavioral detection models and forensic analysis methods (Gurucul, 2024; Wormwood 
et al., 2022). Experimental studies of psychologists and forensic analysts who followed 
the latest guidance have found that people with high Machiavellianism, narcissism, 
and psychopathy scores are statistically more likely to break the rules or engage in 
misconduct (Kotenko et al., 2023; McCormac et al., 2012). NLP algorithms might scan 
through emails, chat logs, or dark web forums looking for linguistic or emotional signs 
of stress or manipulation in their conversations, increasing threat actor classification 
accuracy by up to 88% and decreasing false positives by as much as 60% when com-
pared to traditional signature‐based methods (Gurucul, 2024; University of Hawaiʻi at 
Mānoa ScholarSpace, n.d.; Wormwood et al., 2022).

Insider‐threat frameworks such as the CPIR use algorithms to effectively link 
stressors in the psychological domain, such as financial difficulties or workplace argu-
ments, with observable digital behavior like accessing files at odd hours or unusual 
data access patterns, which has accelerated detection from 90 days to under 48 hours 
(Kotenko et al., 2023; University of Hawaiʻi at Mānoa ScholarSpace, n.d.). Risk 
scores above predetermined thresholds will trigger human-in-the-loop escalation, 
for example, human judgment and expertise involving HR or security interviews, to 
minimize false positives and address ethical concerns before containment (Mathew & 
Xavier, 2024). Automated response workflows implemented through advanced SOAR 
platforms are to turn high‐confidence detections into immediate containment actions 
(Cybersecurity Insiders, n.d.; MixMode, 2023). For instance, if a honeytoken is tripped 
or anomalous behavior is detected, automated workflows can isolate the host from 
the network, block the IPs at the firewall, and retrain the behavior model. Sending 
anomalies from encrypted traffic to Tier 1 analysts for fast forensic triage is another 
example, once DPI/NTA alerts have been received (Nosferatu, 2019; Villalón‐Huerta 
et al., 2022). Feedback loops allow analysts to learn from prior detections and automat-
ically finetune behavior models and deception configurations to continuously evolv-
ing threat landscapes, remaining effective in a changing setting (Anashkin & Zhukova, 
2022; Stanham, 2025).

In short, cognitive biases such as confirmation bias and anchoring affect analysts’ 
interpretations of behavioral and psychological data. Therefore, applying collabora-
tive debiasing techniques, such as blind testing, instituting peer review processes, and 
establishing clear privacy policies, is required to ensure both objectivity and regulatory 
compliance (Mathew & Xavier, 2024; University of Hawaiʻi at Mānoa ScholarSpace, 
n.d.). Federated learning methods can further improve collaboration by enabling orga-
nizations to share behavioral indicators or models while masking raw telemetry data 
(Mathew & Xavier, 2024).

FINAL THOUGHT

Taken together, these capabilities shift organizations from reactive monitoring to pro-
active, intelligence-driven defense. When behavioral analytics, deception networks, 
DPI/NTA, and psychological profiling are deployed with clear governance, human 
review, and privacy safeguards, they improve detection speed, evidentiary value, and 
operational resilience.
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INTRODUCTION

Deep learning, a specialized form of machine learning (ML), is an example of artificial intelli-
gence (AI) techniques now being used for forensics. In forensic applications, deep learning 
(DL) can help ensure a secure environment, offering protection and security (Chandola et al., 
2015; Eyer AI, 2024). Behavioral anomalies are automated and collected from various data 
sources using AI and ML algorithms. The significant difference in AI/ML forensic technology 
is its ability to stay up to date through continuous monitoring and the potential to predict 
unidentified threats. Automated AI/ML for forensics can use algorithms, such as isolation 
forest (IF), local outlier factor (LOF), One-Class Support Vector Machines (SVM), DBSCAN 
clustering, and autoencoders to learn the “normal” patterns in historical data and identify 
deviations (Chandola et al., 2015; Eyer AI, 2024; Enriquegit, n.d.). AI and machine learning 
(AI/ML) extend forensics from post-incident review to proactive detection by learning normal 
behavior and flagging deviations in network, log, and user activity. In this chapter, unsuper-
vised models such as isolation forest, local outlier factor, One-Class SVM, DBSCAN, and 
autoencoders are introduced alongside time-series methods such as XGBoost and LSTM for 
behavioral baseline forecasting.

The chapter also explains how these techniques fit within the MAESTRO framework and 
why data quality, concept drift, bias, privacy, and explainability must be addressed before 
AI-generated findings can support defensible forensic decisions. Readers should leave this 
chapter with a practical understanding of how AI/ML supports behavioral anomaly detection, 
forecasting, explainable evidence, and cross-domain forensic decision-making.

KEY TERMS

	▪	 autoencoder
	▪	 DBSCAN clustering
	▪	 deep learning (DL)
	▪	 explainable AI (XAI)
	▪	 federated learning
	▪	 isolation forest (IF)
	▪	 local outlier factor (LOF)
	▪	 long short-term memory (LSTM)

	▪	 MAESTRO framework
	▪	 One-Class Support Vector Machine 

(One-Class SVM)
	▪	 postmortem interval (PMI) estimation
	▪	 time-series decomposition
	▪	 unsupervised learning
	▪	 XGBoost

CHAPTER 7
Machine Learning and Artificial Intelligence  
in Forensics
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LEARNING OBJECTIVES

By the end of Chapter 7, readers will be able to:

	 1.	 Explain how unsupervised learning models identify behavioral anomalies in network 
data.

	 2.	 Compare XGBoost and LSTM approaches for forecasting behavioral baselines over 
time.

	 3.	 Describe how the MAESTRO framework strengthens AI-enabled forensic workflows 
through adversarial training, verification, and monitoring.

	 4.	 Identify cross-domain uses of AI/ML in malware analysis, forensic psychiatry, and 
postmortem interval estimation.

	 5.	 Assess methodological and ethical risks in AI-augmented forensics, including data 
quality, drift, bias, privacy, and explainability.

	 6.	 Issues like data quality problems (missing values, noisy event logs), concept drift 
(changes in the typical network behaviors over time), and model evaluation (espe-
cially of the unsupervised algorithms without ground truth) are significant challenges 
that need preprocessing, validation, and retraining approaches (Parmigiani et al., 
2024a).

WHY THIS CHAPTER IS IMPORTANT

AI/ML algorithms are critical for automating the detection of patterns or outliers in 
data that would not be apparent to traditional analysis (Figure 7.1). Unsupervised 
ML models like isolation forest (IF), local outlier factor (LOF), One-Class 
SVM, DBSCAN clustering, and autoencoders can automatically learn the profile 
of “normal” behavior and then detect anomalies without having any labeled data to 
train on (Chandola et al., 2015; Enriquegit, n.d.; Eyer AI, 2024). They help identify 
unknown zero-day and advanced persistent threats that lack known signatures, so 

Unsupervised Learning

CORE POWER

Al and ML uncover patterns and anomalies that
traditional methods may overlook.

TRANSFORMATIVE

1 2 3

CHALLENGES AND
ETHICAL IMPERATIVES

•  Isolation Forests
•  Digital Forensics

•  Data Quality and
   Drift
•  Concept Drift
•  Bias and Privacy

•  Forensics Psychiatry
•  Postmortem Interval
   Estimation
•  Malware Behavioral
   Analysis

•  Local Outlier Factor
•  One-Class SVM
•  DBSCAN Clustering
•  Autoencoders

FIGURE 7.1.   Core AI/ML themes in Chapter 7: unsupervised learning methods, cross-
domain forensic applications, and implementation risks such as data quality, concept drift, 
bias, and privacy. 
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teams can react proactively rather than respond to attacks after they occur. As the 
volume and complexity of network traffic continue to increase, AI-based anomaly 
detection can help provide the scalability and adaptability that manual inspection 
cannot (Clareus Research, 2024; Rayapudi, 2024). AI/ML is also transforming digital 
forensics beyond network forensics, including behavioral evidence analysis (Rich, 
2024). ML-based behavioral analysis of digital evidence can help drive better investi-
gations by incorporating human factors into the decision-making process that are hard 
to detect from artifacts alone. For example, it can help reveal the attacker’s motiva-
tions, tactics, techniques, and procedures, providing context for other artifacts during 
a digital investigation. This method can lead to more quality investigations and more 
skilled, knowledgeable investigators. In forensic psychiatry, AI/ML predictive models 
integrate factors such as neurobiology, social behavior, and environmental influences 
to provide a cohesive picture to enhance risk assessments and intervention planning 
(Starke et al., 2023).

In forensic pathology, ML models can estimate the PMI with greater accuracy than 
previous methods by using various metrics (Sharma et al., 2022). However, we still 
need to know how the sample size was chosen and whether the results can be general-
ized beyond the data they were trained on. In cybersecurity, AI/ML can also be used for 
malware behavioral analysis, in which a ML model detects malicious code sequences 
by looking for patterns commonly used in malware and differentiating them from 
benign code. This technical and behavioral analysis can be used to detect new, previ-
ously unknown malware samples with greater accuracy than signature-based detec-
tion alone. Deep learning (DL) techniques, including long short-term memory 
(LSTM) and GRU networks, have been applied to improve malware behavioral anal-
ysis (Galli et al., 2024). In addition, explainable AI (XAI) methods can be used in 
conjunction with these deep learning techniques to add transparency to the results 
(Galante et al., 2022).

The use of AI/ML also raises methodological and ethical considerations that must 
be understood. For example, problems with the data itself, such as noise, missing 
values, and class imbalance, can affect model performance (Chandola et al., 2015; 
Rayapudi, 2024). In addition, it is important to keep up with changes in data distribu-
tion so that the model can be retrained or use incremental training methods that can 
account for concept drift (Clareus Research, 2024). There are also issues of algorithmic 
bias and privacy that need to be considered, which require careful governance and 
oversight to avoid discrimination and protect people’s rights (Parmigiani et al., 2024a; 
Turgeon & Lanovaz, 2020). The ethical use of AI/ML in forensics will require collabo-
ration between data scientists, legal professionals, and forensic investigators to ensure 
that these technologies are not only effective but also aligned with legal and ethical 
standards (Huang, 2025; Turgeon & Lanovaz, 2020).

This chapter is significant because it connects the dots between abstract AI/ML 
concepts and real-world forensic workflows. It emphasizes the role of behavior-based 
models in detecting subtle and previously unseen threats that might slip past tradi-
tional signature-based approaches (Chandola et al., 2015; Eyer AI, 2024). It provides a 
step-by-step guide on building and validating unsupervised and time-series models for 
network data, empowering practitioners to move beyond reactive incident response 
to proactive threat hunting (Clareus Research, 2024). It also underscores the impor-
tance of considering ethical and governance issues, as unchecked biases or privacy 
violations can compromise forensic outcomes and legal defensibility (Parmigiani et al., 
2024a; Turgeon & Lanovaz, 2020). In the ever-evolving landscape of cybercrime, this 
understanding is critical for any forensic professional.
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HOW IT RELATES TO ADVANCED BEHAVIOR-BASED NETWORK 
FORENSICS

Advanced behavior‐based network forensics techniques, particularly those involving 
continuous monitoring and analysis of patterns to identify advanced forms of adver-
sarial behavior (such as APTs or insider threats), are built directly on the foundational 
methods presented in this chapter. Specifically, the primary techniques covered in the 
chapter, unsupervised anomaly detection and time‐series forecasting, are precisely the 
types of models and algorithms that behavior‐based forensic systems leverage for real‐
world detection and analysis (Chandola et al., 2015; Enriquegit, n.d.; Eyer AI, 2024).  
In fact, by integrating these models into the MAESTRO framework, the chapter pro-
vides a clear pathway for implementing a defense-in-depth approach that automat-
ically correlates anomalous network behavior with potential threat actors (Huang, 
2025; Microsoft Security Engineering, 2024). Furthermore, the discussion on XAI 
directly contributes to the interpretability and admissibility of forensic findings in 
advanced network forensic investigations (Galli et al., 2024; Parmigiani et al., 2024a). 
In summary, the material and concepts covered in Chapter 7 are directly aligned with 
and foundational to the cutting‐edge domain of behavior‐based network forensic tools 
and techniques.

Question: What role does XAI play in AI-based malware detection?

Answer: XAI techniques (e.g., SHAP, LIME) provide transparency into how a 
machine learning model classifies a sequence of API calls as malicious or benign, 
allowing forensic analysts to interpret and defend the model’s decisions in legal or 
regulatory contexts.

Explanation: In forensic investigations, it is not sufficient to simply label code as 
malicious; investigators must explain which features (e.g., specific API calls) led to 
that classification. XAI ensures that model outputs are interpretable and admissible 
in court (Galli et al., 2024; Parmigiani et al., 2024a).

WHY IT MATTERS

Adopting the methods outlined in this chapter helps organizations detect zero-day 
and insider threats earlier, automate containment, and produce clearer forensic evi-
dence (Figure 7.2). Zero-day threats exploit unknown vulnerabilities, while insider 
threats originate from trusted users such as employees or contractors. Because AI/
ML models learn normal network behavior, they can raise real-time alerts for subtle 
deviations such as low-and-slow exfiltration or credential abuse, supporting faster 
investigation and remediation (Chandola et al., 2015; Clareus Research, 2024).

Furthermore, embedding these techniques within a framework like MAESTRO 
ensures that anomalies trigger automated containment actions, reducing dwell time 
and limiting adversarial impact (Huang, 2025). From a forensic standpoint, high‐
fidelity behavioral logs and model outputs enhance evidentiary value by providing 
clear, quantifiable indicators of compromise. Ultimately, these capabilities trans-
late into shorter investigation cycles, more accurate attribution, and stronger legal 
defensibility.
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Behavior‐based forensic approaches transform cybersecurity from a reactive to a 
predictive discipline. In an era where adversaries increasingly employ polymorphic 
malware, fileless attacks, and advanced evasion techniques, signature‐centric defenses 
are no longer sufficient (Chandola et al., 2015; Enriquegit, n.d.). By learning and antic-
ipating normal behavior, AI/ML systems can identify novel attack patterns, closing 
gaps left open by conventional monitoring tools. Moreover, as regulatory frameworks 
and legal standards evolve to accommodate digital evidence, cybersecurity profes-
sionals must stay informed and prepared. Explainability and ethical use of AI have 
become non-negotiable. Forensic teams that master these methodologies can not only 
respond faster and more accurately to incidents but also ensure that evidence with-
stands legal scrutiny (Galli et al., 2024; Parmigiani et al., 2024a; Turgeon & Lanovaz, 
2020). The operational and legal advantages underscore why investment in behavior‐
based AI/ML forensics is essential.

HOW DO I APPLY THIS?

Figure 7.3 illustrates a hands-on implementation for some of the topics described in 
this chapter.

1 THE CORE
•  UNSUPERVISED ANOMALY DETECTION
•  TIME SERIES FORECASTING
•  INTEGRATES MODELS INTO FRAMEWORK

2 THE SO WHAT
•  DETECTS ZERO-DAY THREATS AND INSIDER THREATS
•  REAL-TIME ALERTS
•  TRIGGERS AUTOMATED CONTAINMENT OF ANOMALIES
•  IMPROVE EVIDENCE AND SPEED INVESTIGATIONS

3 WHY IT MATTERS
•  TRANSFORMS CYBERSECURITY FROM REACTIVE

TO PREDICTIVE
•  IDENTIFIES NOVEL ATTACK PATTERNS
•  ENSURES EVIDENCE WITHSTANDS LEGAL

SCRUTINY
•  KEEP FINDINGS INTERPRETABLE AND LEGALLY

ADMISSIBLE

FIGURE 7.2.   Why the chapter matters: AI/ML improves early detection, real-time alerting, 
automated containment, and the legal defensibility of forensic findings. 
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Perform Unsupervised Anomaly Detection on Network Data
	 1.	 Collect and preprocess network telemetry. Acquire raw network flow 

records (e.g., packet/byte counts, session durations) and clean and normalize 
data (e.g., handling missing values, feature scaling) (Chandola et al., 2015; 
Rayapudi, 2024).

	 2.	 Feature engineering and dimensionality reduction. Create time-based 
features (e.g., an hour of the day, day of the week), and for high-dimensional 
data, perform dimensionality reduction (e.g., principal component analysis, 
autoencoder-based compression) to reduce noise and complexity (Bercea et al., 
2024; Chandola et al., 2015).

	 3.	 Train IF or One‐Class SVM models. Train IF by recursively partitioning feature 
space, with low-density (anomalous) points expected to be isolated with fewer 
splits; alternatively, train a One-Class SVM to fit a boundary around the normal 
data manifold (Chandola et al., 2015; Eyer AI, 2024).

	 4.	 Evaluate and tune thresholds. Evaluate model performance (e.g., using area 
under the receiver operating characteristic curve [AUROC]), and tune model con-
tamination hyperparameters (for IF) or ν hyperparameters (for One-Class SVM) to 
set optimal thresholds for distinguishing anomalies and adjusting trade-offs bet-
ween false positives and false negatives (Bercea et al., 2024; Enriquegit, n.d.).

	 5.	 Deploy for continuous monitoring. Integrate the trained model into a real-time 
pipeline that scores network behavior and can flag anomalous deviations as 
forensic leads for further investigation (Chandola et al., 2015; Enriquegit, n.d.).

APPLY UNSUPERVISED
ANOMALY DETECTION TO
NETWORK DATA

How do I apply
this?

IMPLEMENT TIME-SERIES
FORECASTING FOR BEHAVIORAL
BASELINES

1

2

3

4

5

6

7

LEVERAGE MAESTRO FOR END-
TO-END THREAT MITIGATION

APPLY AI IN MALWARE
BEHAVIORAL ANALYSIS

ADAPT AI FOR FORENSIC
PSYCHIATRY AND POSTMORTEM
INTERVAL (PMI) ESTIMATION

CONDUCT BEHAVIORAL
EVIDENCE ANALYSIS IN DIGITAL
INVESTIGATIONS

ADDRESS ETHICAL AND
INTERDISCIPLINARY
CONSIDERATIONS

FIGURE 7.3.   Practical 
application workflow for  
Chapter 7, showing seven 
implementation tracks from 
anomaly detection and 
forecasting to behavioral 
evidence analysis and 
governance. 
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Develop Time‐Series Forecasting to Establish Behavioral Baselines
	 1.	 Collect time‐stamped event logs. Gather sequential data (e.g., login attempts, 

bandwidth consumption) with adequate historical records to capture trends and 
seasonality (Clareus Research, 2024; Rayapudi, 2024), which is the data we will 
use to make the most accurate forecasts.

	 2.	 Decompose and engineer time-related features. Use time-series decompo-
sition to separate trend, seasonal, and residual components before forecasting so 
investigators can distinguish expected variation from suspicious deviation.

	 3.	 Train XGBoost and LSTM models. Leverage XGBoost for structured feature  
sets with engineered time-related variables. Train LSTM networks to capture 
sequential dependencies when data exhibits complex temporal correlations 
(Chandola et al., 2015; Clareus Research, 2024). These models enable us to make 
reliable and accurate forecasts.

	 4.	 Validate forecasting performance. Validate forecasting performance to assess 
the quality of the forecasts as it measures forecasting error (e.g., mean absolute 
error, RMSE) on held-out time intervals. Apply interrupted time-series regression 
to estimate event-induced deviations (e.g., security incident spikes) from expected 
baselines (Rayapudi, 2024).

	 5.	 Incorporate anomaly alerting. Set thresholds on forecast residuals to trigger 
alerts when observed behavior deviates beyond statistical confidence intervals, 
complementing unsupervised methods for proactive threat detection (Chandola 
et al., 2015; Trisul Labs, 2022).

Leverage MAESTRO for End-to-End Threat Remediation
	 1.	 Map AI/ML components to MAESTRO layers. Align anomaly detection 

models and forecasting modules within MAESTRO’s multi-agent ecosystem 
(application, data, infrastructure layers) for coordinated monitoring and response 
(Huang, 2025).

	 2.	 Integrate adversarial training and formal verification. Retrain ML models 
on simulated adversarial examples (e.g., crafted network packets). This robust 
approach to model safety provides assurance. Employ formal methods (model 
checking) to guarantee the absence of unsafe decision boundaries (Huang, 2025; 
Microsoft Security Engineering, 2024).

	 3.	 Underline the importance of continuous red-teaming and safety valida-
tion. Conduct regular red-team exercises simulating real-world evasion tech-
niques. Leverage their feedback to retrain ML models and refine MAESTRO’s 
automated controls (Huang, 2025; Microsoft Security Engineering, 2024).

	 4.	 Automate forensic evidence capture. Configure MAESTRO to snapshot rel-
evant logs, packet captures, and AI model outputs at the time of anomaly detec-
tion. This automation not only ensures that we are always in control (security!), 
providing peace of mind, but also ensures the admissibility of forensic artifacts for 
subsequent investigations (Rich, 2024).

Apply AI in Malware Behavioral Analysis
	 1.	 Extract dynamic behavioral features. Execute suspicious executables in 

sandbox environments, capturing sequences of API calls, registry changes, and 
network connections. Represent these sequences as time-ordered events or 
numeric encodings (Galli et al., 2024).
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	 2.	 Train RNN/LSTM or GRU classifiers. Use LSTM or gated recurrent unit (GRU) 
models to learn temporal patterns of benign vs. malicious behavior, leveraging 
their capacity to retain long-term dependencies in API call sequences (Galli et al., 
2024; Galante et al., 2022).

	 3.	 Integrate XAI. By using SHAP or LIME, we can attribute model decisions back 
to specific API calls or behavioral features. This focus on interpretability ensures 
transparency and supports legal defensibility in forensic reports (Galli et al., 2024; 
Parmigiani et al., 2024a).

	 4.	 Validate with benchmark datasets. We need to continuously evaluate detec-
tion accuracy and false-positive rates using standardized malware corpora and 
benign software activity. This iterative process allows us to improve our methods 
and, therefore, optimize precision and recall (Galli et al., 2024).

Adapt AI for Forensic Psychiatry and PMI Estimation
	 1.	 Compile multimodal forensics datasets. In the context of psychiatric risk 

assessments, this means integrating clinical histories, psychometric scores, and 
neurobiological markers into structured feature tables (Starke et al., 2023). For 
PMI estimation, collect biochemical markers (e.g., protein degradation rates) and 
environmental variables (e.g., ambient temperature) (Sharma et al., 2022).

	 2.	 Select appropriate supervised or semi-supervised models. In forensic psy-
chiatry, we must train logistic regression or random forest classifiers on labeled 
data (offenders vs. nonoffenders), ensuring balanced sampling to address class 
imbalance and improve model robustness (Starke et al., 2023). In PMI estimation, 
regression models (e.g., support vector regression and random forests) are used 
to predict time since death from continuous biochemical inputs (Sharma et al., 
2022).

	 3.	 Evaluate model fairness and bias. It is important to evaluate performance 
across demographic subgroups (e.g., age, sex, socioeconomic status) to identify 
potential algorithmic bias. By using fairness metrics (e.g., equalized odds) and 
retraining with balanced data if disparities are found, we can address ethical con-
siderations (Starke et al., 2023; Parmigiani et al., 2024a).

	 4.	 Integrate findings into forensic workflows. We can use predictive risk scores 
to prioritize psychiatric evaluations and allocate resources more efficiently. In 
PMI estimation, we must embed model outputs into autopsy protocols to refine 
time-of-death estimates, documenting model confidence intervals alongside esti-
mates. This practical application of the research will have an important impact on 
forensic workflows (Sharma et al., 2022; Starke et al., 2023).

Conduct Behavioral Evidence Analysis in Digital Forensics
	 1.	 Highlight the need to collect human-centric forensic data. Interview wit-

nesses, scrutinize social media activity, and gather digital communication logs to 
extract behavioral indicators (Rich, 2024).

	 2.	 Combine AI/ML with traditional artifact analysis. Cluster communication 
metadata using algorithms like DBSCAN to identify social network clusters. Then, 
apply supervised classifiers trained to recognize patterns to detect anomalous 
interaction patterns. This hybrid approach can enhance efficiency and accuracy in 
forensic investigations (Enriquegit, n.d.; Rich, 2024).

	 3.	 Correlate behavioral findings with system artifacts. Map identified 
behavioral anomalies (e.g., unusual login times) to corresponding system logs 
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(e.g., access logs) to corroborate timelines and establish a cohesive forensic nar-
rative, which is an excellent example of AI/ML in practice for digital forensics  
(Rich, 2024).

	 4.	 Document interpretability and chain of custody. Present AI-derived behav
ioral insights with clear, explainable evidence, and maintain stringent chain‐ 
of-custody records for model outputs and source data (Rich, 2024; Turgeon &  
Lanovaz, 2020).

Address Ethical and Interdisciplinary Considerations
	 1.	 Establish governance frameworks. Define policies for data access, privacy pro-

tection, and the acceptable use of AI/ML in forensic contexts. Adopt federated 
learning protocols when collaborating across agencies to keep raw data local while 
sharing model updates (Parmigiani et al., 2024b; Turgeon & Lanovaz, 2020).

	 2.	 Mitigate algorithmic bias. Regularly audit model performance across subpop-
ulations and retrain or reweight training data to address disparities (Parmigiani  
et al., 2024a; Starke et al., 2023).

	 3.	 Repeat that we need to maintain transparency and accountability. Keep 
documentation of model design decisions, parameter settings, and training data 
provenance. This commitment to transparency should provide peace of mind. 
Apply XAI techniques where possible to justify forensic conclusions in court 
(Galli et al., 2024; Parmigiani et al., 2024a).

	 4.	 Underline the need for interdisciplinary collaboration. Convene data sci-
entists, forensic analysts, legal counsel, and ethicists to review the integration of  
AI/ML systems. Input is vital in this process, and this collaboration is highly 
valued. Develop joint standard operating procedures for model updates, valida-
tion, and incident response (Turgeon & Lanovaz, 2020).

COHESIVE AND SYNERGISTIC RESPONSE

AI and ML have not just played a role but fundamentally reshaped the forensic 
landscape. Their capabilities for detecting, predicting, and analyzing behavioral 
anomalies in complex data environments have driven a significant shift in the field. 
Unsupervised learning algorithms, such as autoencoders, DBSCAN clustering, IFs, 
LOF, and One‐Class Support Vector Machines, learn “normal” patterns of network 
traffic or system behavior from historical data without requiring labeled examples, 
thereby uncovering zero‐day threats that signature‐based methods cannot detect 
(Bercea et al., 2024; Chandola et al., 2015; Enriquegit, n.d.; Eyer AI, 2024).

Question: What is the primary advantage of using an autoencoder in network 
anomaly detection?

Answer: An autoencoder compresses high-dimensional network data into a latent 
representation and then reconstructs it; anomalies are detected by high reconstruc-
tion errors.

Explanation: Because autoencoders learn to recreate “normal” traffic patterns, any 
input that deviates significantly (e.g., unusual packet flows) yields a larger recon-
struction error. This process does not require labeled examples of every attack, mak-
ing it ideal for discovering novel or zero-day threats (Bercea et al., 2024; Chandola 
et al., 2015).
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Autoencoders compress high-dimensional inputs into latent representations; 
reconstruction errors then highlight deviations that merit forensic investigation 
(Bercea et al., 2024). DBSCAN’s density-based approach groups similar behavioral 
patterns and isolates sparse outliers, while IFs partition the feature space to reveal 
low-density anomalies efficiently (Chandola et al., 2015; Enriquegit, n.d.; Eyer AI, 
2024). LOF further refines detection by comparing a point’s local density to that of 
its neighbors, illuminating subtle irregularities in network sessions or user activity 
(Chandola et al., 2015; Enriquegit, n.d.).

Complementing unsupervised methods, time-series forecasting techniques, such 
as XGBoost models with engineered temporal features and the powerful LSTM net-
works, establish predictive baselines that help forensic teams distinguish between 
expected fluctuations (e.g., daily or seasonal cycles) and malicious spikes or dips 
(Chandola et al., 2015; Clareus Research, 2024; Rayapudi, 2024). Time-series decom-
position separates data into trend, seasonal, and residual components, enabling 
investigators to pinpoint anomalies that deviate significantly from projected values 
(Chandola et al., 2015; Rayapudi, 2024). Interrupted time-series and segmented regres-
sion analyses quantify the impact of security events on behavioral metrics, aiding the 
construction of robust incident timelines and establishing causality when traditional 
logs are inconclusive (Rayapudi, 2024).

Integration of these AI/ML capabilities into a unified threat mitigation framework, 
exemplified by MAESTRO, ensures that anomaly detection, predictive forecasting, 
adversarial training, and formal verification operate cohesively to minimize adversarial 
dwell time (Huang, 2025; Microsoft Security Engineering, 2024). Within MAESTRO, 
adversarial training exposes models to crafted malicious examples, thereby strength-
ening resilience against evasion tactics. Meanwhile, formal verification mathemati-
cally guarantees that decision boundaries remain safe under all permissible inputs. 
The importance of continuous red teaming and automated safety checks cannot be 
overstated, as they validate model integrity during runtime, providing a sense of secu-
rity about the AI/ML models. This approach enables real-time containment actions 
coupled with automated evidence capture for subsequent forensic analysis (Huang, 
2025; Microsoft Security Engineering, 2024; Rich, 2024).

Beyond network-centric applications, AI/ML enriches other forensic domains. In 
behavioral malware analysis, deep learning architectures (e.g., LSTM, GRU) analyze 
API call sequences and network traffic patterns to identify malicious code with higher 
precision than static signature engines. Meanwhile, XAI frameworks (e.g., SHAP, 
LIME) play a crucial role in rendering model decisions transparent and legally defen-
sible, instilling confidence in the decision-making process of AI/ML models (Galli 
et  al., 2024). Forensic psychiatry utilizes predictive models that integrate clinical, 
social, and neurobiological indicators to objectively assess recidivism risk, although 
careful bias auditing and fairness evaluations are necessary to prevent discriminatory 
outcomes (Galante et al., 2022; Starke et al., 2023). Similarly, PMI estimation benefits 
from ML-driven regression models that incorporate biochemical markers and environ-
mental factors to narrow time-of-death windows with improved accuracy, albeit sub-
ject to limitations posed by small datasets and variable external conditions (Sharma 
et al., 2022).

The chapter’s methodological focus underscores the importance of data quality, 
feature engineering, and continuous model evaluation. Data cleansing, such as outlier 
removal and normalization, precedes training to reduce noise, while dimensionality 
reduction techniques (e.g., principal component analysis or autoencoder‐based encod-
ing) mitigate high‐dimensional challenges (Bercea et al., 2024; Chandola et al., 2015; 
Rayapudi, 2024). Addressing concept drift, where the statistical properties of data 
evolve, requires incremental retraining or sliding window approaches to ensure models 
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adapt to shifting baselines rather than degrade in performance (Clareus Research, 
2024; Rayapudi, 2024). The importance of continuous model evaluation cannot be 
overstated, as it ensures the vigilance necessary to keep models adaptive and effective. 
Evaluating unsupervised models without ground truth requires surrogate metrics, 
such as reconstruction error rankings or isolating anomaly scores, and domain expert 
review to confirm that flagged behaviors correspond to genuine threats (Chandola 
et al., 2015; Enriquegit, n.d.; Parmigiani et al., 2024a).

Ethical and governance considerations permeate every aspect of AI/ML forensics. 
Algorithmic bias can lead to unfair profiling or misclassification of benign behavior 
as malicious, particularly when demographic or contextual features inadvertently 
influence model outputs (Parmigiani et al., 2024b; Starke et al., 2023). However, the 
advent of federated learning offers a privacy‐preserving paradigm that enables collab-
orative model training across organizations without exposing raw data. This approach 
not only reduces regulatory friction but also protects sensitive forensic information, 
offering a promising solution to these ethical challenges (Parmigiani et al., 2024b; 
Turgeon & Lanovaz, 2020). Transparency via XAI ensures that forensic conclusions 
are legally defensible, while robust data governance frameworks safeguard individual 
rights and uphold chain-of-custody requirements (Galli et al., 2024; Parmigiani et al., 
2024b; Turgeon & Lanovaz, 2020).

Chapter 7 provides a synergistic roadmap for integrating AI/ML into advanced 
behavior-based network forensics. By combining unsupervised anomaly detection, 
time-series forecasting, robust threat-mitigation frameworks, and ethical best prac-
tices, forensic teams can achieve proactive, scalable defenses that adapt to evolving 
adversarial tactics. This chapter’s cohesive exploration of technical methodologies, 
interdisciplinary workflows, and legal-ethical imperatives establishes a compre-
hensive foundation for practitioners and researchers aiming to advance the field of 
behavior-based network forensics through AI-driven innovation.

CASE STUDY: DETECTING AN INSIDER EXFILTRATION  
AT SECUREBANK CORP.

Background
SecureBank Corp. is a large financial institution with multinational operations in 
North America, Europe, and Asia. SecureBank has invested in a next-generation 
AI-augmented forensic system (unsupervised anomaly detection, time-series fore-
casting, and XAI within a MAESTRO-inspired threat mitigation framework (Huang, 
2025; Microsoft Security Engineering, 2024) to identify external attacks and the most 
subtle insider threats early, before substantial data loss (Figure 7.4).

Data Collection and Preprocessing
The security operations center (SOC) of SecureBank collates network telemetry from 
its firewalls, intrusion detection systems (IDS), Windows event logs, and VPN concen-
trators into a centralized security information and event management (SIEM) system.

The raw logs contain the following data:

	▪	 Flow records of bytes sent/received, packet counts, source/destination IPs, and 
timestamps

	▪	 Authentication events (successful and failed logins, multifactor authentication 
challenges) tagged with user IDs
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	▪	 File access metadata from the corporate file servers (number of files read/written, 
file paths, file sizes)

	▪	 VPN session durations and the geographical origin of VPN connections (to iden-
tify unusual remote access)

Before feature engineering or modeling, data engineers at SecureBank apply the 
following preprocessing steps:

	 1.	 Normalize and encode. Numeric features (e.g., bytes transferred, session dura-
tion) are scaled to a standard range; categorical features (e.g., user roles, applica-
tion protocols) are one-hot encoded.

	 2.	 Engineer the temporal features. Timestamps are converted into cyclical fea-
tures for the hour of the day, day of the week, and day of the month to capture 
periodic patterns in network activity (Chandola et al., 2015; Rayapudi, 2024).

Question: How does time-series decomposition help in forensic network analysis?

Answer: Time-series decomposition separates network data into trend, seasonal, 
and residual (noise) components, enabling investigators to distinguish normal 
periodic variations from irregular fluctuations caused by potential security 
incidents.

Explanation: By removing trend and seasonality, analysts can focus on residual 
anomalies, sudden spikes or drops that do not fit expected patterns, thereby 
improving the accuracy of anomaly detection and forensic reconstruction (Chandola 
et al., 2015; Rayapudi, 2024).

	 3.	 Reduce dimensionality. As the initial feature vectors exceed 150 dimensions 
(e.g., multiple protocol flags, application IDs), the team trains a sparse autoen-
coder with a 32-dimensional bottleneck to compress the features while retaining 
the anomaly-relevant information (Bercea et al., 2024).
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FIGURE 7.4.   SecureBank case-study workflow, from data collection and anomaly detection 
to explainability, governance, domain-specific extensions, and case-study outcomes. 
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Unsupervised Anomaly Detection
After preprocessing, SecureBank deploys two complementary unsupervised models 
in parallel:

Isolation forest:
	▪	 The IF is trained on four weeks of “baseline” data, indicating normal network 

behavior. This data was collected during the less-busy spring months (outside the 
winter holidays and summer vacations) (Eyer AI, 2024).

	▪	 Contamination is set to 0.01, assuming ~1% of events could be anomalous.
	▪	 The anomaly score of each event is carefully calculated; events with scores above 

0.65 (obtained via AUROC tuning) are exactly flagged for review.

LOF:
	▪	 The LOF model uses ​k = 20​ neighborhood size. It measures the local density 

deviation of a given data point with respect to its neighbors (Chandola et al., 2015; 
Enriquegit, n.d.). Points with LOF > 1.5 are considered local outliers and sent to 
the incident queue.

	▪	 SecureBank uses IF and LOF together to be parsimonious with false positives: only 
events flagged by both models (about 0.5% of total traffic) advance to the next step, 
explaining the system’s high performance.

Time-Series Forecasting for Behavioral Baselines
To catch “low-and-slow” exfiltration attempts in progress, SecureBank’s data scientists 
carefully train an LSTM network and an XGBoost regressor to make reliable, accurate 
forecasts of hourly aggregate metrics.

LSTM network:
	▪	 Input: Three months of aggregated hourly features were selected for both models. 

After much deliberation, these features include total bytes transmitted in that 
hour, the number of active VPN sessions, and the average CPU load on file servers.

	▪	 The LSTM network uses two LSTM layers with 64 and 32 hidden units, respec-
tively, which is then followed by a dense output layer that predicts the next hour’s 
values.

	▪	 Loss: Mean squared error (MSE).
	▪	 Performance on validation: RMSE ​≈​ 2.3% of mean traffic volume.

XGBoost Regressor:
	▪	 Input: Some engineered features, including lag variables (​t – 1​, ​t – 2​, ​t – 3​ hours), 

6-hour rolling averages, and one-hot encoded seasonal indicators (month, day of 
the week).

	▪	 Hyperparameters: 100 trees, max depth 6, learning rate 0.1.
	▪	 Performance on validation: MAE (mean absolute error) ​≈​  1.8% of the mean 

traffic volume.

SecureBank sets alert thresholds for any actual hourly value that is more than 3 
standard deviations from model forecasts for both the LSTM and XGBoost regressors 
(Clareus Research, 2024; Rayapudi, 2024). The system then correlates the timestamp 
with IF/LOF flags to generate a high-priority alarm.
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MAESTRO-Inspired Integration and Automated Response
SecureBank configures its security orchestration platform with MAESTRO-like princi-
ples (Huang, 2025; Microsoft Security Engineering, 2024).

	 1.	 Adversarial training and formal verification
	 ▪	 Red team exercises at SecureBank are frequent and rigorous, and SecureBank’s 

red team generates synthetic insider-threat scenarios in order to fine-tune the 
IF and LOF models to the latest adversary tactics (Huang, 2025).

	 ▪	 In parallel, a formal verification script verifies that anomaly thresholds do not 
allow for “adversarial paths” (always staying just below thresholds).

	 2.	 Continuous monitoring and red teaming
	 ▪	 SecureBank’s senior management also values continuous improvement and 

has established a monthly red-team schedule that aims to evade the bank’s 
detection by simulating data exfiltration in various ways. If new detection 
gaps are found in simulations, the threshold will be recalibrated and models 
retrained.

	 3.	 Automated containment playbooks
In cases when IF+LOF flags are correlated with a time-series forecasting deviation, 
an automated playbook fires:

	 ▪	 Step 1: Temporarily contain the suspect’s endpoint. Throttle its network band-
width and revoke its privileged VPN access.

	 ▪	 Step 2: Snapshot forensic artifacts. Record packet captures for the last 24 hours, 
take full disk images from the endpoint, and extract the following Windows 
event logs.

	 ▪	 Step 3: Alert the incident response team. Provide a summary, a list of time-
stamped user actions, anomaly scores, forecast residuals, and XAI explanations 
(e.g., “High anomaly score driven by 20× normal data uploaded to external IP 
198.51.100.27”) (Galli et al., 2024).

	 4.	 Behavioral evidence analysis
	 ▪	 The bank’s digital forensics unit adds a human-centric analysis layer: to help IR 

prioritize alerts and understand the subject’s motive, IR also reviews calendar 
invites, email correspondences, and HR records.

	 ▪	 For instance, in cases where the same flagged user recently submitted a resigna-
tion letter citing financial hardship, this extra evidence helps contextualize the 
anomaly as a potential insider risk (Rich, 2024).

XAI Enables Legal-Defensible Evidence
Legal counsel requires transparent, reproducible explanations for any forensic con-
clusions. SecureBank implements SHAP (SHapley Additive exPlanations) to provide 
detailed and specific attributions of the IF anomaly score to features (e.g., “95% of 
anomaly scores due to 7× normal data upload from file server to external IP, 4× normal 
change in process name sequence”) (Galli et al., 2024). Similarly, the XGBoost fore-
casting model uses LIME (Local Interpretable Model-agnostic Explanations) to show 
that “the 2:00 a.m. spike in outbound traffic was 4.2× higher than the model’s 95% 
forecast interval, driven by unusual use of SFTP protocol to an unrecognized country 
code.” These detailed explanations, when attached to the chain-of-custody docu-
mentation, ensure that, if the case proceeds to a legal investigation, all model-driven 
inferences are defensible and transparent, providing a nuanced understanding of the 
forensic analysis.
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	 1.	 Domain-specific extensions
SecureBank’s AI/ML forensic framework has been extended into additional 
domains:

	 ▪	 Malware behavioral analysis:
	 ▪	 The security team deploys a sandbox environment to execute suspicious exe-

cutables in isolated virtual machines (VMs). They collect API call traces and 
convert them into sequences of numeric embeddings. An LSTM classifier 
(64 units), known for its precision, is trained on these sequences to distin-
guish benign installers (e.g., signed MSI packages) from Trojans and ransom-
ware droppers (Galli et al., 2024).

	 ▪	 When an endpoint raises an IF/LOF anomaly for unusual process spawns, 
the sandbox system proactively runs the executable, generating a risk score. 
This risk score feeds back into the MAESTRO playbook, further isolating the 
endpoint if the malware probability exceeds 85%.

	 ▪	 Forensic psychiatry risk assessment (pilot program):
	 ▪	 The bank’s insider-threat program is a collaborative effort, working with its 

internal occupational health unit to evaluate stress and risk factors. They 
developed a logistic regression model trained on historical HR records, 
performance reviews, and self-reported burnout questionnaires to flag 
employees at risk of malicious insider behavior (Starke et al., 2023).

	 ▪	 Ethical safeguards ensure the anonymized data and periodic bias audits. If 
certain demographic groups show disproportionate risk scores, the model is 
retrained with rebalanced sampling (Parmigiani et al., 2024a; Starke et al., 
2023).

	 ▪	 PMI estimation (research collaboration):
	 ▪	 In partnership with a local medical examiner’s office, SecureBank’s data 

scientists apply ML regression models to PMI datasets, combining ambient 
temperature logs (collected from the victim’s smart thermostat) and tissue 
decomposition metrics. These models achieve a remarkable ±1.5-hour accu-
racy for PMI estimation in controlled conditions (Sharma et al., 2022).

	 ▪	 This level of accuracy is significant in forensic investigations, as it can pro-
vide crucial information about the time of death. While not directly tied to 
banking, this collaboration demonstrates the cross-disciplinary potential of 
AI/ML forensics.

	 2.	 Ethical, legal, and governance considerations
Throughout the implementation process, SecureBank meticulously adheres to 
and upholds strict governance and ethical guidelines, ensuring the highest stan-
dards of operation and decision-making:

	 ▪	 Data privacy and federated learning:
	 ▪	 To collaborate with international subsidiaries (subject to GDPR and local 

data privacy laws), SecureBank pilots federated learning for its IF and LSTM 
models.

	 ▪	 Each region trains models locally; only encrypted model updates (gradients) 
are shared centrally, and no raw logs or personal data ever leave the local data 
center (Parmigiani et al., 2024b; Turgeon & Lanovaz, 2020).

	 ▪	 This approach preserves privacy and complies with the restrictions on cross- 
border data transfer.

	 ▪	 Bias audits and fairness:
	 ▪	 Regular audits review anomaly scores, which measure the degree of unlike-

liness or unexpectedness of a data point, for demographic bias, for example, 
ensuring that remote contractors (often located in high-cost, high-latency 
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regions) are not unfairly flagged due to higher baseline VPN usage (Parmigiani 
et al., 2024a).

	 ▪	 Any disparities trigger retraining with reweighted sampling or feature 
adjustments.

	 ▪	 Transparency and human-in-the-loop:
	 ▪	 While AI systems provide initial flags, the final investigative decisions are 

entrusted to human analysts.
	 ▪	 Every automated alert undergoes a thorough review by at least two security 

analysts, who confirm the legitimacy of the anomaly before taking any dis-
ruptive actions.

	 ▪	 This human-in-the-loop approach not only ensures accountability but also 
significantly reduces the risk of false positives disrupting legitimate work.

	 ▪	 Regulatory compliance and legal defensibility:
	 ▪	 SecureBank’s legal team plays a pivotal role in ensuring regulatory compli-

ance and legal defensibility.
	 ▪	 They meticulously review documentation for all model thresholds, XAI 

explanations, and incident response decisions.
	 ▪	 In cases that escalate to law enforcement, the bank provides chain-of-custody 

logs that show timestamped detections, feature importance scores, and forensic 
artifacts, ensuring the evidence meets admissibility standards in court.

Outcome of the Case Study
In late February 2025, SecureBank’s combined IF+LOF anomaly detector flagged a 
mid-level database administrator (DBA) exporting 5 GB of customer data to an unrec-
ognized external server during off-hours. The IF score of 0.72 and the LOF score of 
1.8 indicated a significant deviation from expected behavior. The time-series forecast 
indicated that outbound traffic at 2 a.m. was 4.5 times above the 95% forecast interval 
(Chandola et al., 2015; Clareus Research, 2024). The MAESTRO playbook automati-
cally throttled the DBA’s session and captured forensic logs. XAI attribution indicated 
that “80% of anomaly score was due to elevated use of SFTP to IP 203.0.113.47” and 
“20% from unusual logins from a foreign VPN endpoint.”

Upon thorough human review, analysts discovered that the DBA had previously 
submitted a resignation letter citing personal debts. Behavioral evidence analysis uncov-
ered that the DBA had corresponded with a competitor’s recruiting agent offering to 
sell customer insights. Confronted with these findings, the DBA admitted to planning a 
data leak. Law enforcement was notified, and the forensic evidence (XAI explanations, 
packet captures, system images) was used to support the criminal charges.

Post-incident, the security team:

	▪	 Refined IF+LOF thresholds to further reduce false positives.
	▪	 Updated the adversarial training set with this insider-threat scenario.
	▪	 Published a “lessons learned” report outlining the robust cross-disciplinary collab-

oration between data scientists, HR, legal, and security operations.

Insights and Lessons Learned
	 1.	 Make synergistic use of unsupervised and time-series models. Solo anomaly 

scores may flag significant one-off events (e.g., a misconfigured backup), but  
only when combined with forecasting deviations did the system unequivocally iden-
tify malicious insider activity (Chandola et al., 2015; Enriquegit, n.d.; Eyer AI, 2024).
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	 2.	 XAI Is non-negotiable for forensics. Without SHAP/LIME explanations, the 
DBA could have contested the anomaly as a “misclassified backup process.” 
Transparent feature attributions were critical for legal defensibility (Galli et al., 
2024; Parmigiani et al., 2024a).

	 3.	 Adaptive frameworks outperform static rule sets. By embedding adver-
sarial retraining and formal verification within MAESTRO, the system was able 
to adapt to novel exfiltration techniques (e.g., low-volume SFTP “drip” transfers). 
This approach allowed the system to maintain detection efficacy by continu-
ously updating its knowledge base and validating its predictions (Huang, 2025; 
Microsoft Security Engineering, 2024).

	 4.	 Interdisciplinary collaboration is essential. The behavioral context, as doc-
umented in HR records and informed by legal counsel’s guidance on evidence 
handling, was as crucial as the technical model outputs. This behavioral context 
highlights the importance of integrating workflows that consider both technical 
and human factors in AI-driven forensics (Rich, 2024; Turgeon & Lanovaz, 2020).

	 5.	 Ethical safeguards build trust. SecureBank’s commitment to privacy and 
fairness is demonstrated through regular bias audits and pilot programs utilizing 
federated learning. These initiatives ensure that our AI-driven forensics systems 
are free from bias and respect individual privacy, thereby strengthening stake-
holder confidence in our work (Parmigiani et al., 2024b; Starke et al., 2023).

Conclusion
This fictitious case study illustrates how a real-world organization can operationalize 
the principles outlined in this chapter, combining unsupervised anomaly detection, 
time-series forecasting, MAESTRO-inspired integration, behavioral evidence analysis, 
and XAI to detect and prevent insider data exfiltration. By addressing ethical, legal, 
and technical challenges in an end-to-end workflow, SecureBank’s AI-driven forensic 
system not only identified a sophisticated insider threat before material damage 
occurred but also produced legally admissible evidence, paving the way for a success-
ful prosecution. This successful outcome reinforces stakeholder trust in the system’s 
effectiveness.

WHAT WE HAVE LEARNED

The SecureBank Corp. case study provided a practical application of the forensic prin-
ciples of Chapter 7 through AI/ML–driven detection and response. Here, we describe 
how we have operationalized the methods and lessons from the chapter, what we have 
learned from those efforts, and what we can do better as a result. For each point below, 
we also explain how we directly followed the instructions in Chapter 7.

Application of Chapter Concepts
	 1.	 Unsupervised anomaly detection in practice. Chapter 7 demonstrated that 

unsupervised models, such as IF, LOF, effectively detect novel anomalies even 
without labeled examples of attacks (Chandola et al., 2015; Enriquegit, n.d.; Eyer 
AI, 2024).

SecureBank trained an IF on four weeks of historical network data, then 
used the contamination parameter to flag the top 1% of traffic as potential anom-
alies for investigation (Eyer AI, 2024). LOF was also trained, with a threshold  
(LOF > 1.5) selected to isolate points with significantly lower local density 
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(Chandola et al., 2015; Enriquegit, n.d.). The results of the IF and LOF analyses 
were intersected to ensure we only followed up on events both models flagged 
(i.e., TRUE anomalies). This decision was made to reduce false positives and focus 
on the most suspicious events.

	 2.	 Time-series forecasting for behavioral baselines. According to this chapter, 
XGBoost and LSTM networks are useful for time-series forecasting by modeling 
temporal dependencies in data and recognizing when observed values deviate 
from predictions (Chandola et al., 2015; Clareus Research, 2024; Rayapudi, 2024).

We trained an LSTM on three months of hourly aggregated metrics, including 
bytes in/out, DNS queries, and VPN logins. In parallel, an XGBoost regressor was 
trained on network metrics with engineered time-lag features and rolling aver-
ages to predict future traffic (Chandola et al., 2015; Clareus Research, 2024). Alert 
thresholds were set to deviations exceeding three standard deviations from both 
LSTM and XGBoost forecasts, creating a second line of defense to catch subtle 
low-and-slow data exfiltration patterns that may not result in high anomaly scores.

	 3.	 MAESTRO-inspired framework and automated response. This chapter’s cov-
erage of Microsoft’s MAESTRO framework for engineering and operationalizing 
AI/ML systems for cybersecurity (Huang, 2025; Microsoft Security Engineering, 
2024) offers a valuable approach to guide our integration of these technologies 
with our established forensic workflows:

	 ▪	 For adversarial training, SecureBank found that simulations of synthetic 
insider-threat scenarios and low and slow exfiltration of small amounts of data 
(e.g., a single file) over off-hours were effective ways of raising the bar for the 
stealthiest forms of data theft. By including examples of such anomalies in 
model training, we have improved our detection capabilities (Huang, 2025).

	 ▪	 Formal verification checks written in Python scripts enforced that the threshold 
ranges for anomaly scores were not made smaller/decreased by attack surface 
manipulations such as those performed on dummy endpoints by our team in 
Case Activity 1 (Huang, 2025; Microsoft Security Engineering, 2024).

	 ▪	 Continuous red teaming through live-fire exercises simulating DNS tunneling, 
SSL-encrypted covert channels, and “drip” transfers to cloud storage APIs 
were created to occur every other month (Huang, 2025; Microsoft Security 
Engineering, 2024).

	 ▪	 The automated playbook triggered on the simultaneous IF+LOF and fore-
casting violations contained steps to throttle suspect endpoints from the outside, 
capture forensic artifacts (e.g., packet captures, disk images), and alert the SOC 
with XAI explanations.

	 4.	 XAI for legal defensibility. Chapter 7’s description of the reliability of XAI tech-
niques such as SHAP and LIME to interpret black-box model decisions, and their 
admissibility and utility in legal and quasi-legal proceedings, was validated in our 
case study (Galli et al., 2024; Parmigiani et al., 2024a).

SHAP showed that 80% of this high IF anomaly score is due to an abnormal 
SFTP transfer volume and 20% to a high count of logins from a foreign VPN. At the 
same time, LIME found that the event at 2 a.m. is 4.2 times higher than typical and 
primarily driven by SFTP to a country code not seen in training data. SecureBank 
included these transparent justifications for the forensic actions we took in our 
chain-of-custody docs.

	 5.	 Data quality, feature engineering, and concept drift. This chapter’s guidance 
on preprocessing steps, such as removing or imputing missing values, normal-
izing feature scales, and engineering temporal features for the capture of temporal 
dependencies (Chandola et al., 2015; Rayapudi, 2024), was followed by SecureBank 
and proved very useful in ensuring model accuracy. The network metrics were 
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normalized (zero-mean, unit-variance), and new cyclical timestamp features were 
created (e.g., second of the hour) before IF+LOF training. To aid in dimension-
ality reduction, a sparse autoencoder with L1 regularization was trained on more 
than 150 features, reducing them to 32 useful features used for anomaly detection 
(Bercea et al., 2024; Chandola et al., 2015). Concept drift and periodic baseline 
shifts (e.g., every morning) were handled through retraining models on a sliding 
window and updating thresholds after each red-team exercise (Clareus Research, 
2024; Rayapudi, 2024).

	 6.	 Ethical and interdisciplinary collaboration. The ethical, regulatory, and 
interdisciplinary aspects of data-driven AML/CFT discussed in Chapter 7 were 
reflected in the actions of SecureBank (Galli et al., 2024; Parmigiani et al., 2024a; 
Turgeon & Lanovaz, 2020).

	 ▪	 Bias audits: Monthly reviews of SecureBank’s models ensured that VPN traffic 
by remote contractors (legitimate users with intrinsically higher VPN use) was 
not unfairly penalized. Thresholds were retrained where significant disparity 
was found. Retraining with RW sampling updates the model using misclassified 
data with adjusted sampling weights (Parmigiani et al., 2024a; Starke et al., 2023).

	 ▪	 Federated learning pilot: SecureBank is piloting federated learning, in which 
subsidiaries train local models with their data and send only encrypted gradient 
updates. This method, which localizes raw data to subsidiaries while enabling 
privacy-preserving centralized training, can comply with GDPR and other inter-
national privacy regulations (Parmigiani et al., 2024b; Turgeon & Lanovaz, 2020).

	 ▪	 Human-in-the-loop decision-making: All alerts triggered human-in-the-
loop reviews from two separate analysts before automatically disruptive or 
enforcement actions, such as network throttling or account disabling, could be 
taken, reflecting a change in practice prompted by the algorithmic workflow 
(Rich, 2024; Turgeon & Lanovaz, 2020).

	 7.	 Domain-specific extensions. SecureBank extended this chapter’s illustrations 
of cross-domain AML/CFT applications in malware analysis, forensic psychiatry, 
and PMI estimation (Galli et al., 2024; Galante et al., 2022; Sharma et al., 2022; 
Starke et al., 2023):

	 ▪	 Malware behavioral analysis: A sandboxed environment executed suspi-
cious binaries, and the sequence of system API calls was embedded and passed 
through a binary LSTM classifier to validate malware. An accuracy of 85% or 
higher was set as the threshold for isolation.

	 ▪	 Forensic psychiatry risk assessment: Collaborating with occupational 
health on anonymized employee HR data proved a valuable test of an AML/
CFT workflow and bias-mitigation procedures, resulting in the identification of 
employees at elevated risk of insider acts (Starke et al., 2023; Parmigiani et al., 
2024a).

	 ▪	 PMI estimation (research pilot): In collaboration with a medical examiner’s 
office, a regression model using smart-thermostat temperature logs and tissue 
decomposition metrics was trained to predict time-since-death and achieved 
±1.5-hour accuracy on controlled cases.

Lessons Learned
	 1.	 In isolation, a single unsupervised model is likely to result in an unmanageably 

large number of false positives (Chandola et al., 2015). SecureBank’s approach of 
intersecting IF+LOF to select anomalies for follow-up directly reflected this chap-
ter’s recommendation to use multiple algorithms for robust results (Enriquegit, 
n.d.; Eyer AI, 2024).
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	 2.	 The combination of LSTM+XGBoost, as confirmed in the case study, effectively 
combines both forecasting and unsupervised detection methods to enable faster, 
more proactive threat hunting (Chandola et al., 2015; Trisul Labs, 2022).

	 3.	 To provide AI/ML models with defense in depth that can help ensure that attacks 
will not be easily evaded, SecureBank embedded the operationalization within 
MAESTRO, including adversarial training methods and pre- and post-execution 
formal verification scripts.

	 4.	 In the absence of XAI, the DBA could have made a plausible claim that the 
anomaly was the result of a regularly scheduled backup instead of exfiltration. 
The fact that SHAP and LIME provided clear feature-level rationales for the alert 
and subsequent actions ensured the admissibility of the evidence. It provided 
confidence in the ability to use the resulting artifacts.

	 5.	 The results from models can become less accurate over time if retraining and drift 
mitigation strategies are not used. This retraining is a critical issue that models 
are likely to face as the data environment and adversarial landscape change. By 
using sliding-window retraining and adjusting anomaly thresholds after each red-
team exercise, we followed the guidance in Chapter 7 on strategies for effectively 
handling concept drift.

	 6.	 It can take time and work to adapt to ethical and interdisciplinary workflow 
considerations, but the gains made in trust and adoption are worth it. The prac-
tices followed by SecureBank support the chapter’s guidance that audits for 
potential bias are an essential tool for achieving ethical and fair deployment of 
AI/ML models. The engagement of all parties—from data scientists and secu-
rity operations to HR and legal counsel—in a balanced conversation is a good 
example.

	 7.	 AML/CFT methods presented in this chapter are not domain specific. The gen-
eralizability of AI/ML workflows is worth our time to validate, as demonstrated 
by SecureBank’s extension of these workflows into malware profiling, psychiatric 
risk prediction, and PMI estimation (Galli et al., 2024; Sharma et al., 2022; Starke 
et al., 2023).

Moving Forward
In line with the case study and the learnings from Chapter 7, SecureBank can improve 
its AML/CFT with AI/ML capabilities as follows:

	 1.	 Refine model ensembles
	 ▪	 Add additional unsupervised models: Include One-Class SVM or DBSCAN 

to help capture any anomalies missed by the current IF and LOF (Chandola  
et al., 2015; Enriquegit, n.d.).

	 ▪	 Optimize ensemble thresholds: The contamination parameter for IF and the 
k-neighbor parameter for LOF should be periodically tuned based on valida-
tion to maintain optimal sensitivity and specificity (Chandola et al., 2015; Eyer  
AI, 2024).

	 2.	 Enhance time-series modeling
	 ▪	 Pilot transformer-based sequence models: Transformer models with self-

attention can be tested to capture longer temporal dependencies and require 
less training time, potentially (Clareus Research, 2024; RAISE, 2025).

	 ▪	 Use hybrid forecasting methods: The XGBoost and LSTM model outputs 
could be combined through weighted averaging, which would be more resil-
ient to concept drift or seasonal anomalies (Chandola et al., 2015; Clareus  
Research, 2024).
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	 3.	 Strengthen MAESTRO-inspired defenses
	 ▪	 Automate the creation of formal verification checks: Scripts should be 

created to re-verify model boundaries as thresholds are tweaked or new features 
are made, to ensure model robustness against adversarial evasion techniques 
(Huang, 2025; Microsoft Security Engineering, 2024).

	 ▪	 Introduce more advanced red team scenarios: Our next series of red-team 
challenges to test detection and response capabilities could include DNS covert 
channels, DNS over HTTPS (DoH), and low-volume “drip” transfers using 
public cloud storage APIs (Huang, 2025).

	 4.	 Deepen explainability and governance
	 ▪	 Deploy dashboards for continuous bias monitoring: Dashboards that show 

anomaly scores for demographic and role-based cohorts over time can be used 
to flag potential bias or drift easily (Parmigiani et al., 2024a; Starke et al., 2023).

	 ▪	 Extend federated learning to all global subsidiaries: Privacy-preserving 
model updates should be extended to all subsidiaries abroad to ensure that all 
jurisdictions maintain the same level of detection while also respecting data 
sovereignty and compliance requirements (Parmigiani et al., 2024b; Turgeon & 
Lanovaz, 2020).

	 5.	 Foster interdisciplinary collaboration
	 ▪	 Create an AI Forensics Council with cross-functional representation: 

A standing committee of data scientists, legal counsel, human resources, and 
security operations should be created to review AI AML/CFT performance  
metrics, ethical audits, and new threat scenarios every quarter (Rich, 2024; 
Turgeon & Lanovaz, 2020).

	 ▪	 Invest in ongoing training and knowledge sharing: Regular workshops 
and training sessions on AI ethics, XAI techniques, and emerging forensic tech 
trends can be organized to ensure all members are up to date and on the same 
page (Galli et al., 2024; Parmigiani et al., 2024a).

	 6.	 Expand research collaborations
	 ▪	 Pilot the use of GAN-generated data for training: The use of GAN- 

synthesized network traffic to augment rare, complex insider-threat attack 
scenarios is a method for AI/ML model training that could be piloted (Rizvi  
et al., 2022; Parmigiani et al., 2024a).

	 ▪	 Join industry consortia for data sharing: Where possible, contributing (not 
raw data) anonymized model updates or AML/CFT reports to consortia with 
other companies on emergent threat trends, and adversaries can accelerate 
collective threat intelligence using federated learning (Parmigiani et al., 2024b; 
Turgeon & Lanovaz, 2020).

CHAPTER SUMMARY

Chapter 7 shows how AI/ML can move behavioral forensics from static, signature- 
based review to adaptive detection grounded in anomaly modeling, forecasting, 
explainable analytics, and cross-domain investigation.

Successful deployment depends on more than model accuracy. Investigators must 
validate data quality, monitor drift, document explainability, audit bias, and coordi-
nate with legal and behavioral specialists so that AI-generated findings remain opera-
tionally useful and legally defensible.

Modern techniques in anomaly detection are built mainly on popular unsuper-
vised learning algorithms. These include IFs, LOFs, One-Class SVM, density- and 
distance-based algorithms such as DBSCAN clustering, and deep learning models 
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such as autoencoders (Enriquegit, n.d.; Eyer AI, 2024; Wikipedia contributors, n.d.). 
These techniques self-learn normal baselines and then identify deviations as possible 
anomalous behavior from new threats (Enriquegit, n.d.; Eyer AI, 2024). For example, 
autoencoders map high-dimensional feature vectors of network traffic to a compressed 
representation, and the reconstruction error is used as an anomaly score. Autoencoders 
were trained and benchmarked, achieving AUROC scores of up to 89.4% on datasets 
of known global network pathologies (Bercea et al., 2024). IFs use recursive partition-
ing to isolate low-density anomalies using anomaly scores in linear time and reduced 
false positives by 78% in financial applications (Eyer AI, 2024). DBSCAN, which can be 
used to identify clusters of typical behavior, marks any points that do not form a dense 
cluster as outliers and does not require the number of clusters to be specified a priori 
(Enriquegit, n.d.; Chandola et al., 2015).

AI/ML applications offer reduced human error, scalability for large, complex data-
sets, faster processing, and improved accuracy for anomaly and pattern analysis across 
forensic domains (Galli et al., 2024; Galante et al., 2022; Sharma et al., 2022). However, 
one should also remember that significant gaps remain and, for instance, major eth-
ical challenges and model issues, such as algorithmic bias in psychiatric assessment, 
should be considered (Galli et al., 2024; Galante et al., 2022; Mathur et al., 2022; 
Sharma et al., 2022; Starke et al., 2023; Parmigiani et al., 2024a; RAISE, 2025). It is also 
notable that the need for explainability in black-box models, data quality and repre-
sentativeness, and additional validation in diverse, real-world settings remain topics 
of discussion (Galli et al., 2024; Galante et al., 2022; Mathur et al., 2022; Sharma et al., 
2022; Starke et al., 2023; Parmigiani et al., 2024a; RAISE, 2025).

Explainability and trust are particularly important for adoption in sensitive 
fields, such as behavioral forensics and cybersecurity, where legal and ethical require-
ments may be stringent (Galli et al., 2024; Microsoft Security Engineering, 2024). 
Socio-technical complexity also means that, in many instances, there is a need to 
account for human behavioral nuances and complexity, rather than purely technical 
metrics and performance (Mathur et al., 2022; Starke et al., 2023). Generative AI is 
opening doors to synthesizing realistic, contextually relevant data for training and 
testing, but may also facilitate new biases, hallucinations, and weakened investiga-
tions (Parmigiani et al., 2024b; ISHI News, 2024). Advanced AI architectures, such as 
transformer models with attention mechanisms, allow for improved pattern recogni-
tion for long temporal sequences, and federated learning frameworks support privacy-
preserving collaboration across organizations (Clareus Research, 2024; Parmigiani  
et al., 2024b; Turgeon & Lanovaz, 2020). Real-time adaptive learning systems that 
can continuously update models in the face of concept drift may also be important 
for maintaining detection efficacy amid shifting behavioral patterns and attack tech-
niques. In short, adaptive and real-time AI can update models in response to changes 
in the underlying data or concept being learned, also referred to as concept drift. These 
updates are critical in dynamic environments such as cybersecurity—where new 
threats and attack vectors are constantly emerging—and in behavioral forensics—
where behavior patterns can change.

AI/ML use in behavioral forensics is not without significant ethical concerns. 
Algorithmic bias is one of the primary threats to this type of application, which can 
result in discrimination that mimics or is based on historic examples present in the 
training data (A successful nonsurgical treatment of an endodontic failure, 2000; 
Parmigiani et al., 2024a; Starke et al., 2023). Privacy protection issues warrant careful 
consideration of data governance frameworks that can balance both security needs and 
individual rights (Kentik, n.d.; Parmigiani et al., 2024a). Transparency and account-
ability are also important requirements for interpretable models or for the application 
of XAI frameworks to maintain public trust and legal defensibility (Microsoft Security 
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Engineering, 2024; Parmigiani et al., 2024a). In addition, the potential for misuse for 
surveillance or harassment purposes is real. It requires safeguards and oversight that 
should be a part of security framework development, with straightforward access con-
trols and guidelines. However, interdisciplinary education is just as important and, by 
promoting knowledge sharing among experts in various fields, supports the respon-
sible use of these new tools (ISHI News, 2024; Parmigiani et al., 2024a; Turgeon & 
Lanovaz, 2020).

Chapter 7 has shown that AI and ML are rapidly transforming behavioral foren-
sics by enabling proactive, scalable, and accurate threat detection and analysis capa-
bilities across various domains. Unsupervised anomaly detection and time-series 
forecasting form a technical foundation for uncovering and tracking novel threats 
in network environments. Integration of these capabilities into operational security 
frameworks, such as MAESTRO, demonstrates that robust technical solutions can be 
deployed in near real-time for rapid defensive responses. Domain-specific use cases 
in forensic psychiatry, malware detection, forensic science, and PMI estimation have 
illustrated the range and impact of this technology across forensics. However, to be 
effective, these AI/ML solutions require close attention to methodological challenges, 
ethical concerns, and the need for interdisciplinary approaches. Future developments, 
such as advances in generative AI, federated learning, and real-time adaptive learning, 
offer great promise to enhance capabilities in behavioral forensics and other fields as 
well, while also highlighting the need for responsible development and deployment of 
these important tools (Huang, 2025; Parmigiani et al., 2024b; RAISE, 2025; Turgeon & 
Lanovaz, 2020).

Despite these advances, the chapter emphasizes that the effective implementation 
of AI/ML in forensics hinges on addressing methodological challenges and ethical 
considerations. Data quality issues, such as noise, missing values, and class imbalance, 
must be mitigated through rigorous preprocessing, feature engineering, and dimen-
sionality reduction techniques (Chandola et al., 2015; Rayapudi, 2024). Concept drift, 
in which behavioral patterns evolve, requires adaptive retraining or sliding window 
approaches to maintain model efficacy (Clareus Research, 2024). The ethical impera-
tives, such as algorithmic fairness, privacy preservation, and transparency, necessitate 
robust governance frameworks, XAI integration, and, most importantly, interdisci-
plinary collaboration among data scientists, legal experts, and forensic practitioners 
(Galli et al., 2024; Parmigiani et al., 2024b; Turgeon & Lanovaz, 2020). Federated 
learning has emerged as a promising paradigm for privacy-preserving collaboration 
across agencies, enabling joint model development without exposing raw forensic data 
(Parmigiani et al., 2024b).

FINAL THOUGHT

Chapter 7 provides both the conceptual groundwork and practical guidance needed 
to elevate network forensics into a proactive, AI‐driven discipline. By mastering unsu-
pervised anomaly detection, time‐series forecasting, framework integration, and eth-
ical considerations, forensic professionals will be equipped to outpace adversaries and 
fortify organizational resilience. As AI/ML technologies continue to evolve, the prin-
ciples and methods detailed here will serve as a lasting foundation, guiding ongoing 
innovation in advanced behavior‐based network forensics.
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INTRODUCTION

Chapter 8 explains how to configure security information and event management (SIEM) 
platforms to collect, normalize, and analyze behavioral telemetry from network, endpoint, 
cloud, and application sources. As organizations move beyond signature-based monitoring, 
effective SIEM configuration now depends on consistent schemas, scalable ingestion, con-
textual enrichment, and behavior-driven analytics (Drahuntsov & Rabchun, 2021; Exabeam, 
n.d.-a; Gurucul, 2025).

To support that shift, this chapter focuses on standardized telemetry frameworks such 
as common event format (CEF), Log Event Extended Format (LEEF), and Open Cybersecurity 
Schema Framework (OCSF); user and entity behavior analytics (UEBA) and machine learning 
(ML); and security orchestration, automation, and response (SOAR) workflows that accel-
erate investigation and containment (LevelBlue, 2017; Logsign, 2023; McFarlane, 2023;  
Onum, 2025).

Together, these capabilities enable analysts to build resilient telemetry pipelines, create 
effective correlation rules, and preserve behavior-rich evidence for advanced network foren-
sics in enterprise environments (Mitkovskiy et al., 2019; Sekharan & Kandasamy, 2017).

KEY TERMS

	▪	 common event format (CEF)
	▪	 correlation rule
	▪	 machine learning (ML)
	▪	 Open Cybersecurity Schema Framework 

(OCSF)

	▪	 security information and event 
management (SIEM)

	▪	 security orchestration, automation, and 
response (SOAR)

	▪	 telemetry
	▪	 user and entity behavior analytics (UEBA)

LEARNING OBJECTIVES

After reading Chapter 8, readers should be able to:

	 1.	 Explain why behavioral SIEM configuration extends detection beyond static signature 
rules.

CHAPTER 8
SIEM Configuration for Behavioral  

Log Collection

c08.indd   149c08.indd   149 03-06-2026   14:40:3303-06-2026   14:40:33



150 BEHAVIORAL TELEMETRY, SIEM, AND LOG PIPELINES

	 2.	 Normalize telemetry with CEF, LEEF, and OCSF across diverse log sources.
	 3.	 Design scalable telemetry pipelines that use filtering, buffering, and enrichment.
	 4.	 Build correlation rules that combine time windows, context, and enrichment to detect 

multistage attacks.
	 5.	 Apply UEBA, risk scoring, and machine learning to reduce false positives and prioritize 

threats.
	 6.	 Integrate SOAR workflows and iterative tuning to improve response speed and keep 

baselines current.

WHY THIS CHAPTER IS IMPORTANT

Configuring SIEMs for behavioral log collection is important because traditional, 
signature-based event correlation alone cannot suffice as the sole means of detection. 
Attackers increasingly use sophisticated multistage tactics that are difficult to iden-
tify using static rules (Drahuntsov & Rabchun, 2021; LevelBlue, 2017). Integrating 
and normalizing behavioral analytics, such as UEBA and ML, helps SIEM platforms 
establish baselines of regular activity to flag even the most subtle deviations or anom-
alies that could signify novel attack vectors (Gurucul, 2025; Logsign, 2023). Without 
behavioral data to contextualize events, there is a significant risk of missing advanced 
intrusions that bypass signature-based defenses.

Knowing and implementing standardized telemetry frameworks, such as the 
CEF and the OCSF, is foundational for ensuring consistent log normalization across 
heterogeneous data sources (Exabeam, n.d.-a; Onum, 2025). Inconsistencies in field 
mappings and parsing logic can lead to gaps in aggregate visibility, which, in turn, 
could undermine correlation rules and anomaly detection models built on top of 
them (Mitkovskiy et al., 2019). Practitioners must understand the value of this work 
to ensure that logs from network devices, endpoint agents, cloud services, and even 
user applications are normalized to the greatest extent possible, achieving maximum 
coverage and accuracy.

Figure 8.1 summarizes the core elements of behavioral SIEM configuration: stan-
dardized telemetry, behavioral analytics, SOAR automation, and performance optimi-
zation work together to support proactive threat detection.

By integrating SIEM with security orchestration, automation, and response 
(SOAR) platforms (Figure 8.1), organizations can accelerate incident response, auto-
mate routine containment steps, and preserve critical forensic context for follow-on 
analysis (Exabeam, n.d.-b; McFarlane, 2023). Automated playbooks that quarantine 
compromised hosts, block malicious IP addresses, and remediate issues via endpoint 
APIs help reduce dwell time while supporting both security and compliance require-
ments (Sekharan & Kandasamy, 2017).

Performance and scalability are equally important. A well-designed telemetry 
pipeline reduces low-value noise at the edge, buffers bursts or outages, and enriches 
high-value events with context before they reach the SIEM. Those design choices 
improve performance and help shift the organization from purely detective moni-
toring to more preventive, behavior-driven defense (Exabeam, n.d.-a; Gurucul, 2025; 
LevelBlue, 2017; Logsign, 2023).

Behavioral log collection for SIEMs is more than an operational task. It is a para-
digm shift from retrospective, signature-based security to prospective, analytics-driven 
vigilance. The traditional architecture of most SIEMs, based on ad hoc, static correla-
tion rules, is challenged by today’s sophisticated and stealthy adversaries. Adversaries 
use tactics, techniques, and procedures (TTPs) that adapt and evolve to avoid detec-
tion (Drahuntsov & Rabchun, 2021; LevelBlue, 2017). By applying ML and user entity 
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behavior analytics (UEBA), an organization can define adaptive baselines, detect subtle 
anomalies, and reduce noise for focused analyst attention (Exabeam, n.d.-c; Logsign, 
2023). Standardized telemetry formats are also critical so that log sources with varying 
native formats (e.g., Windows vs. Linux vs. cloud) are normalized to a common frame-
work, maintaining visibility without gaps that attackers can exploit (Mitkovskiy et al., 
2019; Onum, 2025). The age of ransomware and supply-chain attacks has elevated the 
skill of behavioral SIEM configuration from important to essential for mature security 
operations.

HOW IT RELATES TO ADVANCED BEHAVIOR-BASED  
NETWORK FORENSICS

Advanced behavior-based network forensics involves deconstructing the attack chain 
and identifying intent through a careful examination of subtle host and network 
behaviors that are often hidden in large log streams (Gurucul, 2025; Sekharan &  
Kandasamy, 2017). Chapter 8, on the other hand, is more about preparatory activ-
ities for log correlation and visualization. SIEM correlation rules are important 
for normalizing the data that an analyst will ingest and analyze for anomalies, 
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FIGURE 8.1.   Core components of behavioral SIEM configuration. Standardized telemetry, 
behavioral analytics, SOAR automation, and scalable pipeline design combine to support 
proactive threat detection and faster response. 
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and standardized telemetry formats, well-specified event schemas, and baselined 
UEBA attributes are the raw materials for successful investigations (Drahuntsov & 
Rabchun, 2021; Gurucul, 2025).

A practical example is when an analyst uses baselined UEBA metrics to identify 
anomalous lateral movement in network flows in real time, a classic network forensic 
activity (Exabeam, n.d.-c; Teramind, 2024). The enhanced contextual information that 
UEBA generates about the user (geolocation, asset classification, user role, etc.) also 
answers the “who, where, and when” questions a forensics analyst may ask to recon-
struct the stages of a multistep intrusion (Logsign, 2023; Naglieri, 2024). By further 
tying SIEM to SOAR, the chapter demonstrates how automated playbooks can pre-
serve volatile forensic artifacts (memory snapshots, EDR logs, etc.) as soon as the 
system detects suspicious behavior, enabling the collection of time-sensitive evidence 
(Exabeam, n.d.-b; McFarlane, 2023).

Figure 8.2 distills the operational case for behavioral SIEM configuration: it 
improves visibility into advanced threats, supports forensic reconstruction, and helps 
security teams move from reactive monitoring to proactive defense.

WITHOUT BEHAVIORAL
SIEM CONFIGURATION.

SECURITY TEAMS
OPERATE BLIND TO

ADVANCED APT.

LAY THE GROUNDWORK
FOR RECONSTRUCTING

ATTACK CHAINS BY
ANALYZING SUBTLE

NETWORK AND HOST
BEHAVIORS.

COUNTERING
SOPHISTICATED

ATTACK DEMANDS
SIEMS THAT LEARN

STANDARD PATTERNS.

CONFIGURING SIEMS FOR
BEHAVIORAL LOG

COLLECTION
REPRESENTS A CRITICAL
SHIFT FROM REACTIVE,

SIGNATURE-BASED
SECURITY TO

PROACTIVE-ANALYTICS
DRIVEN DEFENSE.

THE SO WHAT

WHY IT
MATTERS

CONFIGURING
SIEMS FOR

BEHAVIORAL

HOW IT RELATES
TO ADVANCED

BEHAVIOR-BASED
NETWORK

FORENSICS

FIGURE 8.2.   Why behavioral SIEM configuration matters. Behavioral logging improves 
visibility into advanced threats, supports forensic reconstruction, and shifts operations toward 
proactive, analytics-driven defense. 
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THE “SO WHAT?”: WHY IT MATTERS

If a SIEM is not configured for behavioral logging and correlation, security teams 
lose visibility into the multistage patterns that precede advanced intrusions. Without 
normalized telemetry, UEBA, ML, and automated response, analysts are slower to 
spot lateral movement, credential abuse, and data exfiltration, and they spend more 
time triaging noise than containing genuine threats (Drahuntsov & Rabchun, 2021; 
Exabeam, n.d.-c; Gurucul, 2025; Sekharan & Kandasamy, 2017).

Behavioral SIEMs matter because they help organizations detect stealthy activity 
that signature-based tools miss, support forensic reconstruction, and produce audit- 
ready evidence that can stand up in reviews or litigation. In practice, that means better 
prioritization, fewer missed intrusions, and stronger due-diligence support for secu-
rity leadership (Gurucul, 2025; Logsign, 2023; Meena, 2023; Sekharan & Kandasamy, 
2017).

HOW DO I APPLY THIS?

Building on the case for behavioral SIEM configuration, the next step is to select the  
top tactical tips for implementing and optimizing the collection and analysis of 
behavioral logs. The following tactical tips are provided:

Standardized Telemetry Frameworks
A key part of implementing the behavioral SIEM configuration is using preexisting 
standardized telemetry schemas and file formats, such as CEF, LEEF, and OCSF, for 
log normalization. With normalized logs, confidence can be expressed because corre-
lation rules and analytics can be consistently applied to data across network devices, 
endpoints, cloud services, and user applications (LevelBlue, 2017; Mitkovskiy et al., 
2019; Onum, 2025).

Build Resilient, High-Throughput Telemetry Pipelines
As the basis for log enrichment and behavioral analytics, it is important to understand 
how to implement “edge filtering,” buffering, transformation, and enrichment when 
designing telemetry pipelines to ensure that only the most valuable data reaches the 
SIEM to optimize its performance and avoid losing valuable data.

Question: What is the main benefit of configuring SIEM to use standardized  
telemetry frameworks (such as CEF, OCSF, etc.)? 

Answer and Explanation: The main benefit is to normalize and harmonize log 
data from diverse sources into a consistent schema, so that each event – regardless 
of data source – is parsed with the same set of defined fields (timestamp, user, 
device, etc.). This normalization and harmonization, which the SIEM can apply, 
enable consistent application of correlation rules across all data, minimizing 
parsing errors and enhancing downstream behavioral analytics (LevelBlue, 2017; 
Onum, 2025).
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Define and Refine Correlation Rules
With correlation rules, create expressions in the SIEM that link together a series of 
related events from multiple data sources that could indicate multistage attacks. For 
example, multiple failed authentications may be followed by the successful escalation 
of privileges to access sensitive data. Use “business context” to further tune correla-
tion rules, including regularly scheduled maintenance windows and seasonal business 
activity, to add additional information to the rules for context-based analytics.

Integrate UEBA for Contextual Enrichment
As a first step, integrate UEBA with the SIEM to add behavioral enrichment to alerts 
with dynamic baselines and peer-group analysis. A behavioral risk score (e.g., 0–100) 
is assigned to each SIEM alert based on the entity’s historical behavior using unsuper-
vised machine learning models. This behavioral risk score helps reduce false positives 
by 50% in most cases by providing SIEM visibility into subtle deviations (e.g., off-hours 
logins from a suspicious location) to determine whether they are benign (Exabeam, 
n.d.-c; Logsign, 2023; Logpoint, 2024; Lumifi Cyber, 2024; Teramind, 2024).

Take Control by Incorporating Machine Learning
With a dash of artificial intelligence, deploy machine learning models to the security 
strategy that leverage behavioral analysis, by continuously evaluating the access patterns, 
data usage, and temporal behaviors of log activity in historic log data to predict future 
behavior. Risk scores are determined based on whether each event or alert is an anomaly 
by nature or is flagged as a predictive threat based on threat intelligence, history, and loca-
tion information (Exabeam, n.d.-c; Gurucul, 2025; Teramind, 2024). The intention here 
is to prioritize high-impact alerts and security events before they escalate into incidents.

Question: How can correlation rules detect multi-stage attacks within a SIEM?

Answer and Explanation: Correlation rules combine multiple, discrete events, 
often from separate log sources, using logical expressions and temporal windows 
(e.g., “failed login → privilege escalation within 10 minutes”). Rules detect coordi-
nated, multistage attack sequences by identifying attack patterns spanning multiple 
steps that signature-based detection alone would miss. Well-designed rules also use 
contextual filters such as business hours and known maintenance windows to min-
imize false positives (Bryant & Saiedian, 2020; Meena, 2023).

Integrate with SOAR for Automated Response
As a final step, connect the SIEM to a SOAR platform to automatically run standard 
playbooks, such as isolating a compromised host, blocking malicious IP addresses, or 
initiating automatic endpoint scans when certain behavioral anomalies are triggered. 
This integration helps reduce mean time to respond (MTTR), enabling analysts to pri-
oritize incidents more effectively and devote more time to high-value investigative 
work (Exabeam, n.d.-b; McFarlane, 2023).

Ensure Compliance and Auditability
Design telemetry pipelines and SIEM retention policies to comply with regulatory 
requirements, such as the General Data Protection Regulation (GDPR), Health 
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Insurance Portability and Accountability Act (HIPAA), or Payment Card Industry 
Data Security Standard (PCI DSS). Leverage standardized schemas and comprehen-
sive audit trails to automatically generate compliance reports and demonstrate com-
pliance with a view to being audited (Meena, 2023; Sekharan & Kandasamy, 2017; 
Splunk, 2024).

Continuously Tune Baselines and Models
With the help of feedback loops, when analysts dismiss false-positive alerts that are 
benign, these become the training set for machine learning models and updating cor-
relation rules to refine the operational technology (OT) of the system. Behavioral base-
lines should be reviewed and updated regularly to reflect changes in the environment, 
such as the deployment of new applications, virtualized or cloud services, hybrid 
work arrangements, and more. Otherwise, static profiles could raise false positives 
(Drahuntsov & Rabchun, 2021; McFarlane, 2023).

Evaluate Performance and Scalability
Assess whether a cloud-delivered or on-premises SIEM is a better fit for the current 
data volumes and real-time processing requirements. If the organization is a large 
enterprise that experiences wide fluctuations in data volume, use elastic cloud 
storage and distributed processing capabilities to scale the SIEM to meet demand 
during peak times; if the organization is smaller, focus on hardware optimizations, 
data partitioning, and efficient resource allocation (Gurucul, 2025; Sekharan & 
Kandasamy, 2017).

Question: What is one important step in the design of a scalable telemetry pipeline 
for collecting behavioral logs?

Answer/Explanation: An important step in designing a scalable telemetry 
pipeline for behavioral log collection is to incorporate edge filtering and buffering 
before the data reaches the central SIEM. Edge filtering and buffering refer to the 
practice of dropping events deemed of low value or irrelevant at the source (e.g., 
verbose system logs with no security implications) and temporarily storing events 
locally in the case of network spikes or brief outages (Mitkovskiy et al., 2019; Onum, 
2025). These mechanisms ensure that no data is lost in peak traffic periods. They 
enrich the relevant telemetry before it is sent to the SIEM for real-time consump-
tion, reducing bandwidth needs.

COHESIVE AND SYNERGISTIC RESPONSE

Logging configuration is a vital part of the SIEM product life cycle and was partially dis-
cussed in many previous chapters. Configuring SIEMs to collect and analyze behavior 
logs can give security professionals the visibility needed to detect advanced threats 
that other platforms either cannot or have not detected yet. Frameworks for behavioral 
SIEMs rely on standardized telemetry schemas, such as CEF or OCSF, to normalize 
logs’ structures from multiple sources to a standard format, thereby giving the analyst 
confidence that correlation rules and other analytics can be applied uniformly to data 
from network devices, endpoints, cloud services, and even user applications to parse 
and aggregate logs.
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Normalized and trusted event streams are further processed with well-designed 
correlation rules that can combine related events across multiple data sources to col-
lectively indicate a multistage attack, thereby linking events that are otherwise iso-
lated and undetectable by static, signature-based detection (Borkar, 2018; Bryant & 
Saiedian, 2020). Correlation rules are fine-tuned with contextual enrichment such 
as business hours, known maintenance windows, asset criticality, and so on. At the 
same time, the system can be optimized to reduce false negatives without materially 
increasing false positives (Drahuntsov & Rabchun, 2021; Meena, 2023; Naglieri, 2024).

Optimizing Logging Systems
By adding another layer of behavior context, UEBA further differentiates the analysis 
by using machine learning to generate dynamic behavior baselines for both users and 
devices, so that the SIEM system will detect both benign (e.g., new hire) and malicious 
(e.g., data exfiltration) deviations from the norm, whether it be for data access anom-
alies or lateral movement. The functionality assigns risk scores to each alert on a  
0–100 scale, using peer-group comparison to normalize scores. However, anomalies 
with a high degree of benign behavioral drift (e.g., a payroll administrator working 
overtime during month-end closing) can be differentiated from real security events, 
and production deployments show up to 60% (Lumifi Cyber, 2024; McFarlane, 2023). 
Such a drop in the false-positive score will help operations staff prioritize threats more 
quickly and easily.

ML processes both historical and real-time log data and can be used to iden-
tify new and emerging attack vectors. Unsupervised and deep learning models 
can be trained to process both structured fields and unstructured log content (e.g., 
command-line parameters or free-text fields) to detect never-before-seen malicious 
behaviors and variants (Exabeam, n.d.-c; Gurucul, 2025). In parallel, predictive threat 
intelligence can layer global threat feed data with local behavioral models to help 
security staff prioritize alerts based on a predictive likelihood of an imminent threat 
materializing (Exabeam, n.d.-c; Gurucul, 2025). Continuously retraining models to 
ensure that baselines continue to evolve with changes to the environment – such as 
the adoption of cloud-native applications or a shift to hybrid work – will help main-
tain detection performance and avoid alert fatigue (Drahuntsov & Rabchun, 2021; 
McFarlane, 2023).

Operationalizing behavior analytics requires resilient telemetry pipelines that 
filter, buffer, and enrich data before it reaches the SIEM. Edge filtering removes 
low-value noise near the source, buffering absorbs outages and traffic spikes, and 
automated enrichment adds geo-IP, asset, and vulnerability context so downstream 
analytics can act on higher-quality events.

Automating security workflows through SOAR allows the SIEM to execute stan-
dard playbooks when high-confidence behavioral anomalies appear. When triggered, 
those playbooks can isolate hosts, block malicious IP addresses, or launch endpoint 
scans, while analyst feedback can be used to retrain ML models and improve alert 
accuracy over time (Exabeam, n.d.-b; McFarlane, 2023; Splunk, 2023).

Lastly, configuring behavioral SIEMs requires alignment with compliance and 
governance policies, with standardized telemetry frameworks supporting automated 
reporting tailored to specific regulations, such as GDPR, HIPAA, PCI DSS, and others 
(Meena, 2023; Sekharan & Kandasamy, 2017). Cloud-delivered SIEM platforms 
provide elasticity to scale out to handle large data volumes; on the other hand, on-
premises systems require careful resource planning (e.g., GPU-accelerated machines 
for ML workloads or distributed processing) to meet performance objectives (Gurucul, 
2025; Sekharan & Kandasamy, 2017).
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Benefits of Behavior Logging
Practice with the behavior logging configuration is the key to understanding Chapter 8.  
By preselecting top tactical tips and building up from there, normalizing, filtering, 
scaling, integrating SOAR, and enforcing Compliance, this choice can give the reader 
better control over the system and greater confidence to the cybersecurity professional 
that it will not be lost in the noise. Therefore, the key objective is to standardize data and 
fine-tune alerts in order to maximize security assurance. Behavioral monitoring, ML, 
UEBA, SOAR, and ensuring timely evidence collection make behavior analysis a non-
negotiable part of the incident response plan. In other words, configuring the SIEM 
for behavioral analysis is not only a tactical exercise but also a strategic investment in 
a proactive security posture that enables organizations to detect and disrupt advanced 
threats. This cohesive approach not only improves detection accuracy but also stream-
lines forensic analysis by preserving behavioral evidence and making it readily avail-
able during investigations of multistage intrusions (Gurucul, 2025; Mitkovskiy et al., 
2019; Teramind, 2024).

CASE STUDY: ACME FINANCIAL SERVICES’ BEHAVIORAL  
SIEM IMPLEMENTATION

Background
Acme Financial Services (AFS) is a mid-sized bank with 2,500 employees, multiple 
data centers, and a growing cloud footprint. Over the past year, AFS suffered a string 
of highly targeted phishing campaigns and attempted lateral movement attacks that 
evaded the legacy SIEM’s static rule set. Recognizing that signature-based detection 
was no longer enough, AFS began a project to rearchitect its SIEM for behavioral log 
collection and analysis.

Objectives
	 1.	 Normalize logs across all environments. AFS wanted to collect telemetry from 

all three major cloud platforms and also required coverage for on-premises fire-
walls, endpoint agents, cloud-based identity services (e.g., Office 365), and custom 
financial applications.

	 2.	 Detect multistage attacks. Goal to identify sequences of behaviors, e.g., creden-
tial phishing → lateral movement, → data exfiltration, rather than only isolated 
events.

	 3.	 Reduce false positives. Analysts spent too much time chasing benign anom-
alies, such as after-hours backup jobs flagged as malicious.

	 4.	 Automate response. By integrating with the SOAR platform, AFS planned to 
automatically quarantine compromised hosts and block malicious IP addresses.

	 5.	 Ensure compliance. Given strict regulatory requirements (e.g., GDPR, PCI DSS), 
audit-ready logs were required with consistent fields for reporting.

Implementation Steps
Figure 8.3 summarizes the six implementation steps AFS used to rearchitect its SIEM 
for behavioral log collection and analysis. To match the figure, the numbered sequence 
below consolidates the work into six stages and treats compliance as a cross-cutting 
requirement rather than a separate implementation step.
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	 1.	 Adopt standardized telemetry frameworks
	 ▪	 AFS’s security team chose CEF for network devices and LEEF for endpoint logs, 

then mapped custom application events to OCSF.
	 ▪	 All logs, regardless of source, were normalized to include fields such as 

timestamp, user ID, device type, event category, and severity. This normal-
ization prevented parsing errors and ensured that downstream correlation 
rules would receive consistent input (LevelBlue, 2017; Mitkovskiy et al., 2019; 
Onum, 2025).

	 2.	 Design a scalable telemetry pipeline
	 ▪	 Edge-filtering agents were deployed on Windows and macOS endpoints to dis-

card low-value events (e.g., routine system health checks).
	 ▪	 At each log aggregator (syslog servers), logs were buffered in Kafka queues to 

handle spikes during end-of-month processing.
	 ▪	 Before ingestion into the SIEM, logs were enriched with geo-IP tags (to identify 

anomalous login locations), asset classification (e.g., “Executive Workstation” vs.  
“Call Center PC”), and vulnerability scores (from internal CMDB). This prepro-
cessing ensured that the SIEM could apply advanced correlation rules in real 
time (Mitkovskiy et al., 2019; Onum, 2025).

	 3.	 Define advanced correlation rules
	 ▪	 Security engineers wrote rules to link:

	 a.	 Multiple failed logins on the financial trading system
	 b.	 Followed by privilege escalation attempts (e.g., “admin” group membership 

changes)
	 c.	 Then, massive data exports from the customer database

	 ▪	 Rules included temporal windows (e.g., “within 15 minutes”) and contextual 
filters (e.g., exclude known maintenance windows on weekends).

Step 1. Standardize telemetry.1

3

5

Use CEF for network devices, LEEF for
endpoints, and map custom events to
OCSF.

Step 2. Build the pipeline.
Deploy edge filtering, buffer bursts, and
enrich events with geo-IP and asset context.

Step 4. Integrate UEBA.
Establish user and device baselines and
assign higher risk scores to anomalous
behavior.

Step 6. Integrate SOAR.

Trigger playbooks for account disablement,
network isolation, and endpoint scans.

AFS implemented behavioral SIEM through six linked stages, from normalization to automated response.

Step 3. Define correlation rules.

Link failed logins, privilege escalation, and
data export activity within time windows.

Step 5. Apply machine learning.

Use ML to identify subtle anomalies and
prioritize emerging threats.

2

4

6

FIGURE 8.3.   AFS implemented behavioral SIEM in six stages: standardize telemetry, build 
the pipeline, define correlation rules, integrate UEBA, apply machine learning, and automate 
response with SOAR. 
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	 ▪	 This combination of Boolean expressions and business context was observed 
in a “red team” exercise where an attacker compromised a service account and 
attempted to move laterally from a developer VM to the customer database 
server (Bryant & Saiedian, 2020; Drahuntsov & Rabchun, 2021; Meena, 2023; 
Naglieri, 2024).

	 4.	 Integrate UEBA for contextual risk scoring
	 ▪	 AFS took a proactive step in cybersecurity by deploying a UEBA module 

alongside the SIEM. The initial baselining process involved using three months 
of historical logs to define “normal” behavior for each user and device.

	 ▪	 As part of baseline creation:
	 ▪	 “Credit Operations” group typically logged in between 7:00 a.m. and 7:00 p.m. 

EST from approved banking terminals.
	 ▪	 “IT Admins” group had elevated login patterns at night for scheduled 

maintenance.
	 ▪	 When an analyst logged in as a “Credit Ops” user from an unrecognized public 

IP at 2 a.m., the UEBA engine demonstrated its real-time risk-scoring capability 
by immediately assigning a high-risk score (>80/100). This unrecognized deter-
mination triggered an elevated alert in the SIEM (Exabeam, n.d.-c; Logsign, 
2023; Teramind, 2024).

	 5.	 Leverage machine learning for predictive analytics
	 ▪	 AFS’s SOC began using unsupervised learning models to analyze unstructured 

log fields, such as free-text error messages from custom applications, to detect 
subtle anomalies that rule-based engines would have missed.

	 ▪	 For instance, an ML model flagged an unusual PowerShell command syntax 
executed on one server: an obfuscated script designed to dump credentials to 
a remote location. Because the model had learned standard PowerShell usage 
patterns for that machine (e.g., patch management and software inventory 
scripts), this anomaly scored highly and was surfaced immediately (Exabeam, 
n.d.-c; Gurucul, 2025).

	 ▪	 Predictive threat intelligence feeds from industry partners were fused with local 
behavior models to forecast that a zero-day exploit, recently observed in other 
financial institutions, was likely to target AFS’s public web servers within the 
next week. The SIEM prioritized related vulnerability scan anomalies accord-
ingly (Gurucul, 2025).

	 6.	 Integrate SOAR for automated response
	 ▪	 The SOAR platform was configured with playbooks to be triggered by SIEM 

alerts with risk scores >75.
	 ▪	 When the UEBA module flagged the “Credit Ops” user login at 2:00 AM as 

high-risk, the SOAR playbook:
	 ▪	 Automatically deactivated the user’s account in Active Directory.
	 ▪	 Isolated the suspicious workstation VLAN at the switch level.
	 ▪	 Initiated a deep EDR scan on the endpoint to collect forensic artifacts 

(memory dump, running processes, registry keys).
	 ▪	 After the automated steps were completed (average MTTR < 3 minutes), the 

alert, enriched with forensic snapshots, appeared in the analyst’s console for 
validation. This process closed the detection-to-containment gap significantly 
(Exabeam, n.d.-b; McFarlane, 2023).

Throughout implementation, AFS also aligned retention, schema fields, and 
reporting outputs with PCI DSS and internal audit requirements so that compliance 
remained a cross-cutting design constraint rather than a stand-alone step (Meena, 
2023; Sekharan & Kandasamy, 2017).
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Outcomes and Future Directions
	▪	 Improved detection of multistage attacks: Within two months of deployment, 

the SOC detected and prevented three simulated “insider” exercises that previ-
ously would have slipped past the legacy SIEM.

	▪	 50% reduction in false positives: By leveraging UEBA risk scoring and contex-
tual filters (e.g., excluding scheduled maintenance logins), AFS reduced the daily 
alert volume from ~750 to ~375, freeing analysts to focus on high-priority inci-
dents (Lumifi Cyber, 2024; McFarlane, 2023).

	▪	 Accelerated incident response: Automated SOAR workflows reduced MTTR 
for high-risk alerts from an average of 45 minutes to under 5 minutes (Exabeam, 
n.d.-b).

	▪	 Enhanced forensic readiness: Because telemetry pipelines enriched logs with 
asset classification and geo-IP context, forensic investigations could quickly recon-
struct attack chains, identifying “who accessed what system, from where, and 
when” (Mitkovskiy et al., 2019).

	▪	 Regulatory confidence: Automated compliance reporting saved the audit team 
~60 hours per quarter by ensuring data fields consistently matched regulatory 
checklists.

	▪	 Normalization enables analytics: Consistent schemas (CEF, LEEF, OCSF) are 
necessary for correlation rules and ML models to operate effectively.

	▪	 Behavioral baselines matter: UEBA’s adaptive baselines distinguish benign 
anomalies (e.g., after-hours backups) from malicious behavior, dramatically 
reducing false positives.

	▪	 Automation accelerates response: SOAR integration reduces mean time to 
respond (MTTR) by automating containment steps based on high-fidelity SIEM 
alerts.

	▪	 Continuous tuning is essential: As AFS rolled out new cloud services, the team 
can update baselines, and correlation rules every month to maintain detection 
accuracy.

	▪	 Compliance and security align: Standardized telemetry not only powers ana-
lytics but also provides the audit-ready logs that regulators demand.

This fictitious yet realistic case study illustrates how organizations such as Acme 
Financial apply the principles outlined in Chapter 8 to their security operations from 
reactive to proactive, reduce risk, and enable rapid, informed responses to advanced 
threats.

Question: How does adding UEBA to a SIEM help decrease false positives?

Answer and Explanation: UEBA creates baselines of normal behavior for users/
entities by clustering similar users/devices into peer groups, then risk-scoring 
deviations from those baselines. When a potential threat anomaly (e.g., anom-
alous login) occurs, UEBA risk scoring allows the SIEM to determine whether 
deviations from the baseline are standard (e.g., maintenance window, user 
role change) or malicious, and to deprioritize the alert if it falls within a user’s 
peer-group normal behavior, thus reducing false-positive alerts (Logsign, 2023; 
Teramind, 2024).
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WHAT WE HAVE LEARNED

Acme Financial Services (AFS) is a fictitious organization, but the case study reflects 
a realistic SIEM modernization effort. It demonstrates how standardized telemetry, 
correlation, UEBA, ML, scalable pipelines, SOAR automation, and governance work 
together in a behavior-based SIEM program.

Application of Chapter Concepts
The case study shows how Chapter 8 concepts work together in practice: AFS nor-
malized diverse logs, enriched events with context, correlated related behaviors, and 
used UEBA and SOAR to improve both investigation speed and forensic readiness. 
In that model, telemetry quality is the foundation that makes downstream analytics 
reliable.

Lessons Learned
Standardizing log sources early reduces blind spots, prevents parsing inconsistencies, 
and gives correlation rules and ML models a consistent foundation. The case study 
also shows that behavioral SIEM value increases when detection logic, automation, 
and governance requirements are designed together rather than bolted on later.

Question: How does behavior-based SIEM configuration support advanced 
behavior-based network forensics?

Answer and Explanation: Behavior-based SIEMs collect and normalize detailed 
logs—augmented with UEBA risk scores and ML-driven anomaly indicators—
providing forensic analysts with precise, contextualized event streams. When 
reconstructing an attack chain, analysts can trace anomalous behaviors (e.g., lateral 
movement or unusual data exfiltration) back through those enriched logs. SIEM’s 
real-time correlation and UEBA insights accelerate the identification of “who did 
what, when, and where,” enabling more effective root-cause analysis and evidence 
preservation in network forensics (Exabeam, n.d.-c; Gurucul, 2025).

Moving Forward: Leveraging Lessons Learned
AFS can build on this foundation by extending OCSF mappings to new platforms, 
regularly retraining UEBA and ML baselines, and refining SOAR playbooks as new 
data sources—such as IoT, container, and cloud-native telemetry—come online. That 
iterative approach will help preserve consistency, coverage, and forensic value as the 
environment evolves.

CHAPTER SUMMARY

This chapter shows that behavioral SIEM configuration depends on three foundations: 
normalized telemetry, meaningful correlation, and scalable processing. When those 
elements are combined with UEBA, ML, and SOAR, the SIEM becomes more than a 
log repository; it becomes an evidence-rich detection and response platform.
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A well-configured behavioral SIEM helps analysts detect multistage attacks 
earlier, reduce false positives, accelerate response, and preserve the contextual data 
needed for advanced behavior-based network forensics. In that sense, SIEM configu-
ration is both an operational discipline and a strategic investment in proactive cyber 
defense (Drahuntsov & Rabchun, 2021; Exabeam, n.d.-c; Gurucul, 2025; Mitkovskiy 
et al., 2019).

FINAL THOUGHT

The key takeaway from the chapter is that modern SIEMs are no longer merely log 
aggregators; they should be viewed as the cornerstone of an adaptive defense and 
evidence-preservation ecosystem. By unifying standardized telemetry, robust correla-
tion, UEBA enrichment, ML-driven predictive analytics, and SOAR-enabled automa-
tion, an analyst can build a comprehensive, behavior-based network forensics posture. 
In doing so, the organization can move a reactive SIEM system to a more dynamic role 
in detection, response, and evidence preservation, which should be the vision of every 
modern company.
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INTRODUCTION

This chapter examines how to collect, normalize, and retain security logs from enterprise 
systems, edge environments, honeypots, and authentication sources so investigators can 
detect attacks quickly and preserve evidence for later forensic analysis.

The emphasis is on hybrid log collection, resilient edge observability, authentication 
telemetry, security information and event management (SIEM) correlation, and automation 
that supports both forensic readiness and budget control.

KEY TERMS

	▪	 authentication logs
	▪	 edge observability
	▪	 generative adversarial network (GAN)
	▪	 honeypot
	▪	 hybrid method (log collection)
	▪	 input method (log collection)
	▪	 large language models (LLMs)

	▪	 output method (log collection)
	▪	 security information and event management 

(SIEM)
	▪	 synthetic data
	▪	 tiered storage
	▪	 tactics, techniques, and procedures (TTPs)
	▪	 user and entity behavior analytics (UEBA)

LEARNING OBJECTIVES

By the end of Chapter 9, readers will be able to:

	 1.	 Distinguish input, output, and hybrid log-collection methods and select the right 
approach for visibility, cost, and compliance.

	 2.	 Explain how edge observability uses local preprocessing, buffering, and delayed for-
warding to protect telemetry in intermittently connected environments.

	 3.	 Describe how AI-enabled honeypots generate high-fidelity synthetic data and extend 
attacker engagement for detection and threat intelligence.

	 4.	 Identify the core authentication-log fields required for UEBA and SIEM correlation and 
explain how they expose credential abuse and insider risk.

	 5.	 Explain how SIEM normalization and enrichment combine enterprise, edge, honeypot, 
and authentication telemetry into a unified investigative view.

CHAPTER 9
Collecting Log Streams from Enterprise, Edge, 

Honeypots, and Authentication Logs
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	 6.	 Apply tiered storage and context-aware filtering to balance forensic readiness, retention 
requirements, and cost control.

	 7.	 Describe how automation, including self-healing collectors and log reduction, improves 
pipeline resilience and reduces analyst workload.

WHY I NEED TO KNOW THIS

Primarily, in-depth knowledge and mastery of diverse log collection techniques 
underpin the entire threat detection and incident response life cycle, ensuring timely, 
context-rich access to information from traditional data center infrastructures, modern 
edge environments, honeypots, and authentication services (GuidePoint Security, 
2020; Kent & Souppaya, 2006). Absent a well-architected logging framework, the neg-
ative consequences span from blind spots that can be readily exploited by adversaries 
to delayed detection and prolonged adversary dwell time.

Second, given the ever-increasing compliance requirements for organizations to 
store and protect log data in line with an expanded variety of regulatory, legal, and con-
tractual obligations (GDPR, HIPPA, PCI DSS, and more), mastering the art of balancing 
an all-inclusive logging approach with stricter observability policies around selective 
log filtering and retention becomes more important than ever (Kent & Souppaya, 2006; 
Shaikh & Al-Hussaini, 2024). A key feature for attaining this balance is the automated, 
tiered storage (hot, warm, cold) approach. In the tiered approach, data is categorized 
so that hot data is used in high-performance systems for real-time SIEM feeds, warm 
data is used in recent-investigation tiers, and cold data goes in long-term archives for 
compliance (CDW, 2024; Edge Delta, 2023). Relevant use cases revolve around mastery 
of tiered storage in tandem with known encryption protocols for log transmission and 
data at rest.

Third, as edge computing has been on the rise in recent years, organizations must 
contend with intermittent connectivity, limited computing power, and storage con-
straints in these resource-constrained environments, all of which the centralized log-
ging platforms often lack (Cribl, 2024; SigNoz, n.d.). The case for mastery in this regard 
involves niche edge observability tools that automatically upload support logs for 
devices with intermittent or no connectivity at the edge, such as SigNoz and the latest 
generation of proactive log collection mechanisms (Azure Stack Edge) (LogRhythm, 
2025; Microsoft Azure, n.d.).

Fourth, synthetic data generated by the latest generative adversarial net-
work (GAN)-empowered honeypots and in-context learning-optimized large lan-
guage models (LLMs) has enabled more accurate log data generation and useful 
analytics during or as part of next-gen honeypot deployment at network perimeters. 
High-performing honeypots in this regard use generators to script interactive dia-
logues. Advanced honeypots fine-tuned by LLMs on general dialogues and validated 
using precision and recall (with baselines consisting of known honest attacker con-
versations) can reach at least 97% similarity with actual attacker syntax (Sokolov & 
Reznik, 2024).

Dwell time is the time an attacker spends undetected in a system. In this context, 
the active engagement is generated by an LLM-driven honeypot that interacts with the 
attacker, prolongs the exchange, and produces more detailed logs for SIEM correlation 
and defensive tuning (EdTech Magazine, 2025).

Fifth, when it comes to authentication services, organizational log collectors 
must ensure the centralization of authentication data streams into the SIEM to look 
for signs of credential abuse or attackers gaining control of actual users’ accounts. 
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Filtering should include user identification fields, source IP addresses, authentication 
methods, timestamps, and status codes (successful or otherwise). The collector should 
also integrate the data with a user and entity behavior analytics (UEBA) solution, 
which is tuned to match user activities with a behavior baseline and then drop alerts 
of anomalous user activities—such as multiple logins at once, geolocation movement 
beyond expected perimeters, logins at atypical hours, and other attacks such as brute 
force and password spraying that frequently precede and often lead to larger account 
compromises (Degtyarev & Kolyubin, 2022; Datadog, 2024; Exabeam, n.d.).

Finally, as part of archiving and storage optimization, mastering a hybrid log col-
lection framework that offers a perfect 50/50 trade-off between an all-encompassing 
log ingestion method—the input method—and a high-volume log filtering method—
the output method—will be important for reducing costs and decreasing meantime 
to detect. All logs can initially be collected, after which standard operating procedures 
can dynamically identify and filter “noise” for secondary ingestion (cold storage, 
compliance archives, and more). Alternatively, threat intelligence feeds or advanced 
rule-based filters can be configured to programmatically ingest the highest-value logs 
(CDW, 2024; Motadata, 2025). In this context, the next-gen adoption of autonomous 
logging pipelines, transformer-based log reduction, and self-healing collectors will 
also have to be considered (Google Cloud, 2022; Shaikh & Al-Hussaini, 2024).

Question: Describe one major challenge of collecting logs from edge environments 
and how organizations address it.

Answer and Explanation: A primary challenge in edge environments is inter-
mittent connectivity—devices at remote sites or IoT gateways may lose network 
access, cause loss of log data if not handled properly (Cribl, 2024; SigNoz, n.d.). 
Organizations address this by deploying lightweight edge agents (e.g., Cribl Edge) 
that perform local preprocessing and buffering. These agents use store-and-forward 
mechanisms. They queue logs locally when offline and forward them to central 
SIEM systems once connectivity is restored. Additionally, proactive log collection 
tools like Azure Stack Edge can automatically upload relevant support logs when 
predefined triggers occur, ensuring critical data is never permanently lost (Microsoft 
Azure, n.d.; LogRhythm, 2025).

WHY THIS CHAPTER IS IMPORTANT

Learning this material is important because without a foundational understanding 
of how to build log collection frameworks for enterprise systems, edge computing, 
and honeypots, and authentication services, organizations face the grave risk of falling 
victim to blind spots that can be exploited by an adversary, with the grave negative con-
sequences being delayed threat detection and an extended period for adversary dwell 
time (Figure 9.1). Fundamentally, logging affects all other advanced behavior-based 
analytics and forensic-related tasks, such as continuous monitoring, log reduction, 
context enrichment, network visualization, and interactive query analysis. It should 
also be noted that, given the latest legal and regulatory compliance requirements for 
strictly monitoring and securely storing log data (GDPR, HIPAA, PCI DSS, and more), 
it is critical to build cloud-optimized solutions and master automated, tiered storage, 
with hot, warm, and cold tiers based on the importance and priority of the data being 
logged.
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HOW IT RELATES TO ADVANCED BEHAVIOR-BASED  
NETWORK FORENSICS

In advanced behavior-based network forensics, behavior analytics will depend on 
complete, high-quality log data from user actions, process executions, network com-
munications, and honeypot interactions. More recent workflows also use AI-generated 
synthetic data to improve decoy realism and strengthen downstream analysis.

AI-generated synthetic data has been used to create decoys for sophisticated hon-
eypots by using generators trained to emulate real-world configurations or in-context 
learning to engage attackers in long-form dialogues to improve dwell time. Active 
engagement, in this case, means detailed logs of attacker interactions and increased 
attacker dwell time. In practice, LLMs fine-tuned with in-context learning and capable 
of generating highly interactive dialogues will be crucial for next-gen honeypots. 
Validating their performance (precision and recall) against baselines made up of actual 
recorded attacker scripts and conversations is important for ensuring their relative sim-
ilarity to real attack logs (at least 97% with actual intruder-generated logs, in this case) 
(Sokolov & Reznik, 2024). The logs must then be forwarded to the SIEM dashboard as 
alerts or used to create filters and firewall rules for catching threats in production.

Machine learning (ML) algorithms are, by default, used for profiling entities 
within UEBA and for building and matching anomalies against baseline expectations 
of trusted user behavior. Thus, ML-driven UEBA approaches can enable the detection 
of credential abuse, bulk password spraying, and lateral movement, which are all subtle 
behaviors that occur before full-blown network breaches (Degtyarev & Kolyubin, 2022).

THE “SO WHAT?”: WHY IT MATTERS

In this case, there is a threat of failing to adopt more resilient hybrid log collec-
tion strategies and edge-resilient logging architecture, which, in a worst-case sce-
nario, could lead to missing out on critical indicators of attacker behavior such as 

Supports behavior-based analytics
and forensic investigations

1

2

4

3

ROBUST LOG
COLLECTION
FRAMEWORK

Why This Chapter is
Important

RELATION TO
ADVANCED BEHAVIOR
BASED NETWORK
FORENSICS

THE SO WHAT

WHY IT MATTERS

Logs as raw behavioral evidence
(user actions, process executions,
network flows, honeypot
interactions)

Risk of missing lateral movement
and credential stuffing without
hybrid and edge logging

High fidelity data for accurate
attacker characterization

Blueprint for collecting, preserving,
and enriching data across
enterprise, edge, honeypots

Captures network anomalies at data
center

FIGURE 9.1.   Concept map linking the chapter’s importance, its relationship to behavior-
based network forensics, the “so what?” risk context, and the operational value of 
comprehensive log collection. 
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lateral movement, botnet command and control (C2) communications, or creden-
tial stuffing attempts that occur outside of the central data center or public cloud 
perimeter. The So what? factor can be the difference between having meaningful user 
behavior logs for validating SIEM dashboard alerts against cyber forensics or seeing 
the entire investigation grind to a halt because log storage volume exceeded budgeted 
limits due to a significant spike in failed logon attempts without first considering the 
(real) possibility that a threat actor might have gained control of a trusted insider’s 
credentials.

Advanced behavior-based analytics of network data have always required high- 
fidelity information to be generated for profiling anomalies, which are later mapped 
against the expected behavior of network entities (users, admins, applications, and 
IoT devices). This key requirement for analysts and behavioral detection algorithms, 
especially as threat intelligence automation becomes more sophisticated, is predicated 
on collecting data over time with absolute coverage and strict retention to optimize 
forensic readiness. In the age of regulatory audits and high-adversary-permeability 
pressure, the maturity and depth of logging strategies across multiple traditional and 
novel infrastructure components are, therefore, set to become business-critical.

HOW DO I APPLY THIS?

To implement the strategies outlined in this chapter, “Log Collection from Key 
Infrastructures,” follow these practical steps (Figure 9.2).

ESTABLISH ENTERPRISE
LOG COLLECTION FRAMEWORKS

How do I apply
this?

IMPLEMENT EDGE
ENVIRONMENT OBSERVABILITY

1

2

3

4

5

6

7

SET UP AI-POWERED
HONEYPOTS FOR SYNTHETIC
DATA GENERATION

CONFIGURE
AUTHENTICATION LOG
MANAGEMENT

ADOPT A HYBRID LOG
COLLECTION STRATEGY

INTEGRATE AND TUNE SIEM
TO UNIFIED MONITORING

CONTINUOUSLY REFINE AND
AUTOMATE

FIGURE 9.2.   Seven-step 
implementation workflow 
for enterprise log collection, 
edge observability, honeypots, 
authentication monitoring, 
hybrid retention, SIEM tuning, 
and automation. 
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Establish Enterprise Log Collection Frameworks
Establish a hybrid collection strategy and master the best practices for doing so while 
leaving room for eventual automation.

	 1.	 Select an appropriate collection method based on the required visibility, avail-
able storage space, and licensing budgets. If forensic coverage is the main goal 
(a common theme in regulated industries), use the input method to accept all 
logs from every supported and known asset on the network (GuidePoint Security, 
2020). On the other hand, if budget is a constraint, implement the output method 
of log collection to retain only the most critical high-value events or alerts, using 
automated root cause analysis, such as authentication failures or network anom-
alies (GuidePoint Security, 2020). Most modern organizations use the hybrid 
method, which first ingests all available logs and then iteratively filters out 
events with little to no security use cases (GuidePoint Security, 2020; LogicNets 
Community, 2023).

	 2.	 To ensure optimal incident response coverage as well as compliance-ready prac-
tices, it is crucial to reference NIST SP 800-92 in all cases where logging pol-
icies, roles, and content minimums need to be established. A rule of thumb 
is to configure logging agents such as Syslog, Windows Event Forwarding to 
include all recommended minimum fields (timestamps, user IDs, locations, 
and source and destination IPs) to support incident response and compliance 
checks for audits or breach investigations (Kent & Souppaya, 2006; LogicNets  
Community, 2023).

	 3.	 Architect tiered storage strategies and cluster available solutions by licensing 
model so ingestion requirements align with real-time compute, events per sec-
ond, or stored volume. Partition hot, warm, and cold tiers to optimize storage 
cost, query speed, and long-term forensic retention (GuidePoint Security, 2020; 
CDW, 2024).

Question: What is the hybrid method of log collection, and why is it advantageous 
compared to purely input or output methods?

Answer and Explanation: The hybrid method initially ingests all available logs 
(like the input method) and then applies iterative, use-case-driven filters (like 
the output method) to retain only high-value events (GuidePoint Security, 2020; 
LogicNets Community, 2023). This approach is advantageous because it provides 
full forensic visibility during an initial phase—ensuring no critical data is missed—
while ultimately reducing storage and processing overhead by filtering out low-
value logs. As a result, organizations achieve a balance between comprehensive 
detection and cost efficiency, unlike the input method (which can be prohibitively 
expensive) or the output method (which can miss important events).

Implement Edge Environment Observability
	 1.	 Deploy intelligent data collectors that can fit within constrained resources on 

Linux or Windows edge nodes that can capture local events and preprocessing 
log and binary files locally only to forward those events, log lines, and prepro-
cessed binary hashes deemed relevant to security (after applying noise filters) to 
the data collection layer in real-time. High performance, in this case, has a twofold 
advantage: It provides early warning alerts to security teams before adversaries 
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escalate, and it boosts confidence in the overall security program when alerts are 
later validated through actual and intrusive forensic analysis (Cribl, 2024).

	 2.	 Configure the agents to function in a more proactive (trusted) mode that triggers 
local data collection and retention to a secondary collector for autonomous upload 
once connectivity is re-established for mission-critical devices with intermittent 
connectivity (edge gateways or remote offices, for example). Azure Stack Edge 
is a good example of a trusted logging agent that automatically uploads support 
logs when a health check fails for a local device or predefined triggers are met 
(LogRhythm, 2025; Microsoft Azure, n.d.).

	 3.	 Ensure that these edge-generated logs (observability, network, and supporting) 
have a standard schema, typically JSON-based, to guarantee full compatibility for 
downstream ingestion and SIEM correlation rules. Schemas include fields such as 
timestamps, source IP addresses, and process-related metadata, which will need 
to be correlated with logs forwarded from data center servers. Scheme and corre-
lation are what can provide the best level of compatibility and confidence in SIEM 
rules and dashboards once enabled (SigNoz, n.d.; Cribl, 2024).

Set Up AI-Powered Honeypots for Synthetic Data Generation
	 1.	 Deploy advanced honeypots with interactive dialogues using fine-tuned LLMs that 

have been primed for this use. In this case, a critical aspect of the deployment is to 
validate the generator-driven configuration templates against the actual baseline 
network configurations, ensuring at least 97 percent similarity. Monitoring key 
performance indicators (KPIs) such as precision and recall on known scripts and 
recorded attacker dialogue can be a quick way to determine the required level of 
confidence and predictability in the logs of eventual attacker interactions (Sokolov &  
Reznik, 2024).

	 2.	 Enable interactive engagement to improve attacker dwell time and allow for cap-
turing more detailed logs, a key practice for future-proof deployments. One such 
approach is to fine-tune generative LLMs on attacker conversations and scripted 
dialogues via in-context learning to control the duration of attacker engagement 
in interactive mode (EdTech Magazine, 2025).

	 3.	 Forward honeypot logs to SIEM for visibility. These are usually detailed attacker 
profiles, including source IP addresses, credentials used, data breach locations, 
and timestamped communications about the exploits used. These can be used 
directly as dashboard alerts or to generate more granular filters and firewall rules 
to catch real threats in the production environment (Datadog, 2024; EdTech 
Magazine, 2025).

Question: How do AI-powered honeypots contribute to enhanced threat intelli-
gence within a SIEM environment?

Answer and Explanation:  AI-powered honeypots use generative adversarial 
networks (GANs) to create synthetic network configurations that closely mimic 
real assets—achieving up to 97  percent realism (Sokolov & Reznik, 2024). They 
also leverage fine-tuned large language models (LLMs) to respond interactively to 
attacker probes (EdTech Magazine, 2025). When attackers engage, these honey-
pots generate detailed logs of source IP addresses, attack methods, and credential 
misuse.
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By feeding this high-fidelity synthetic data into the SIEM, security teams can:

	 ▪	 Refine correlation rules to better detect genuine malicious patterns.
	 ▪	 Tune detection engines to reduce false positives by distinguishing benign 

anomalies from real threats.
	 ▪	 Gain deeper behavioral insights into attacker tactics, techniques, and proce-

dures, which inform proactive defensive adjustments (Datadog, 2024; EdTech 
Magazine, 2025).

Configure Authentication Log Management
	 1.	 Standardize and validate log fields across all authentication sources, such 

as web servers with integrated LDAP, NoSQL authentication databases, API 
token authentication, and single-sign-on portals (Degtyarev & Kolyubin, 2022). 
Common authentication fields to retain and include log data are user IDs, 
source IP addresses, and authentication methods. These should also include 
timestamps for time correlation and status codes indicating success or failure 
(Datadog, 2024).

	 2.	 Configure a UEBA solution that learns and models normal behavior for all users 
and entities that transact with the core IT infrastructure (devices, containers, 
hosts, and even IoT and WAN edge in more advanced setups). In this case, it is 
worth tuning the UEBA solution to drop alerts for multiple anomalous activ-
ities that often indicate credential abuse or other anomalous behavior, such as 
accessing sensitive files without proper clearance. The goal is to maximize mean 
time to detect (MTTD) by tuning only on known aberrant behavior associated 
with the baseline user behavior (Degtyarev & Kolyubin, 2022; Datadog, 2024; 
Exabeam, n.d.).

	 3.	 Integrate authentication logs with network flows and endpoint telemetry in the 
SIEM by creating correlation rules that can be applied in near-real-time to auto-
matically drop alerts that a user was unable to log in successfully from an expected 
geolocation during expected login hours, and an authorized or legitimate admin 
was observed in the endpoint telemetry running suspicious processes with stan-
dard user privileges.

Question: List three essential fields that must be included in standardized authen-
tication logs. Explain their importance.

Answer/Explanation:

Three essential fields are:

	 1.	 User identifier (e.g., username or account ID): Identifies which user or 
account is attempting access, allowing analysts to link events to specific individ-
uals (Degtyarev & Kolyubin, 2022).

	 2.	 Source IP address: Reveals where the authentication request originated, 
helping to detect unusual login locations or geolocated anomalies (Datadog, 
2024).

	 3.	 Timestamp of the event: Records when the authentication occurred, enabling 
correlation with other events (e.g., network traffic spikes or suspicious process 
executions) and facilitating timeline reconstruction during forensic analysis 
(Datadog, 2024).
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Including these fields allows SIEM and UEBA systems to detect credential-based 
attacks (like brute-force or password-spraying) and insider-threat activities by 
comparing current activity against established behavioral baselines (Degtyarev & 
Kolyubin, 2022; Exabeam, n.d.).

Adopt a Hybrid Log Collection Strategy
	 1.	 Set up tiered storage policies. Determine data retention periods and access pri-

ority to ensure cost-effective data storage. For instance, configure the solution to 
keep hot logs (past 30 days) on high-performance storage for fast querying, warm 
logs (past 6 months) on mid-tier storage for investigations, and cold logs (1- to 3-year 
archives) on low-cost, write-once media (CDW, 2024; GuidePoint Security, 2020).

	 2.	 Implement context-aware filtering. subscribe to threat-intelligence feeds 
and adjust logging levels dynamically in response to risk. For example, during 
a ransomware surge in a given industry, increase process-execution and logon 
detail on high-value endpoints until the threat posture normalizes (Shaikh &  
Al-Hussaini, 2024).

	 3.	 Track cost and compliance metrics. Continuously monitor usage, MTTD, and 
scope metrics to prevent data loss proactively. Maintain MTTD under 24 hours, 
and the scope should cover 98 percent or more of the regulated assets (CDW, 
2024). Use a tool such as Edge Delta’s Hybrid Log Search to query SaaS-hosted logs 
without moving raw data off-premises, maintaining data sovereignty and avoiding 
data egress costs (Edge Delta, 2023).

Integrate and Tune SIEM for Unified Monitoring
	 1.	 Normalize multiformat logs. Implement parsing pipelines within the SIEM to 

convert diverse logs from Windows, Linux, cloud-native, and edge sources into a 
normalized schema (ChaosSearch, 2024). Utilize structured logging (e.g., JSON) 
to preserve context and make querying more intuitive.

	 2.	 Tap into machine data. Integrate with built-in or external ML modules to 
augment incoming logs with enrichments. Add geolocation, asset criticality, or 
user risk scores to enable higher-fidelity correlation rules (ChaosSearch, 2024; 
LogRhythm, 2025).

	 3.	 Reduce false positives with honeypot-generated IOCs. Ingest IOCs cap-
tured from honeypot interactions, such as attacker tactics, techniques, and pro-
cedures (TTPs) or unusual exploit techniques, directly into the SIEM’s detection 
engine. Tune to suppress expected false positives while highlighting new or lateral 
movement indicative of a breach (EdTech Magazine, 2025).

Continuously Refine and Automate
	 1.	 Use self-healing log collectors. If running in Kubernetes or other container 

orchestration platforms, configure log collectors to automatically restart or redis-
tribute collection workloads if collection nodes go down to maintain persistent 
telemetry (Google Cloud, 2022).

	 2.	 Consider transformer-based log reduction. Consider new AI models, such as 
the transformer-based one being developed for Cribl, for automatic log reduction 
or summarization (Cribl, n.d.), which can convert verbose or redundant logs into 
concise, high-value summaries, saving storage space and freeing up analyst time 
and attention.
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	 3.	 Update retention rules based on regulation. Periodically review regulatory 
mandates (e.g., GDPR, HIPAA, PCI DSS) to update your retention policies and 
encryption standards as needed (Shaikh & Al-Hussaini, 2024). Where possible, 
leverage automation to handle key rotation, WORM enforcement, and policy vali-
dation audit reporting without manual intervention (Kent & Souppaya, 2006).

With this approach grounded in best practices and established standards, a com-
prehensive log collection program can be built to deliver actionable, real-time threat 
visibility, forensic readiness, and compliance assurance.

COHESIVE AND SYNERGISTIC RESPONSE

This chapter ties together four operational telemetry domains—enterprise systems, 
edge environments, honeypots, and authentication services—so they can be normal-
ized, correlated, and retained as one investigative record. The hybrid method provides 
the backbone, edge observability preserves data from unstable locations, honeypots 
generate high-fidelity adversary signals, and authentication logs expose credential 
misuse.

When those sources are enriched in the SIEM and supported by tiered storage, 
context-aware filtering, and automation, defenders gain faster detection, stronger 
forensic reconstruction, and a more cost-controlled logging program.

CASE STUDY: FINSECURE BANK’S IMPLEMENTATION OF 
HYBRID LOG COLLECTION AND BEHAVIOR-BASED FORENSICS

Background
After an advanced persistent threat (APT) group accessed internal systems through 
a series of phishing and insider threat attacks, Chief Information Security Officer 
(CISO) Maria Delgado was convinced that FinSecure Bank’s logging infrastructure 
needed to be more expansive and granular. The bank’s existing siloed server audit logs 
and basic network device logs would not meet the requirements of behavior-based net-
work forensics. To improve detection and forensic readiness, FinSecure’s security team 
adopted Chapter 9–inspired log collection for their critical infrastructure, including 
enterprise systems, edge environments, AI-powered honeypots, and authentication 
services (Figure 9.3).

Implementation of Log Collection Components
	 1.	 Establishing an enterprise logging framework
	 ▪	 Initial assessment and method selection: FinSecure’s security engineers 

evaluated the trade-offs among the three log collection methods. After weigh-
ing regulatory and full forensic coverage needs, the team opted against a pure 
output method that risked missing critical anomalous events (GuidePoint 
Security, 2020). However, the team was also aware that passively ingesting every 
log output (input method) would balloon storage and SIEM licensing costs 
(GuidePoint Security, 2020). After weighing the alternatives and selecting the 
hybrid method, they decided to ingest all logs from priority assets (e.g., produc-
tion servers, databases, payment gateways) first, then apply iterative filters to 
include only security-relevant events (LogicNets Community, 2023; CDW, 2024).
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	 ▪	 NIST SP 800-92 alignment: FinSecure anchored logging policies on the NIST 
SP 800-92 standard. After defining roles (log owner, log reviewer), setting 
retention requirements (1 year for high-priority transaction logs, 3 years for 
audit archives), and mandating minimum log fields (timestamps, user IDs, 
IP addresses, event severity), the SOC felt the procedural rigor needed to 
support successful forensic investigations (Kent & Souppaya, 2006; LogicNets 
Community, 2023).

	 2.	 Deploying edge observability across branch offices
	 ▪	 Challenges of intermittent connectivity and limited resources: FinSecure 

had over 50 branch locations, many in rural areas with intermittent WAN links 
and very limited on-premises computing power. As a result, branch managers 
experienced a data gap when triaging and investigating local incidents, as logs 
often did not reach the data center over the WAN before a link went down.

	 ▪	 The security operations center (SOC) implemented Cribl Edge agents: 
Security engineers in the SOC implemented a lightweight Linux agent, the 
Cribl Edge agent, to run on each branch office’s Linux log server and on 
Windows-based teller workstations. These agents provided local preprocessing 
and filtering of all system health telemetry (CPU load, patch management logs), 
while buffering security-critical events (e.g., unusual port scans, abnormal ser-
vice restarts) (Cribl, 2024). The logs would be buffered for delivery to the central 
SIEM until network connectivity was restored, at which point all buffered logs 
would be pulled in and available for the SOC to investigate (Cribl, 2024).

	 ▪	 FinSecure proactively collected logs with Azure stack edge devices: 
FinSecure also deployed Azure Stack Edge devices in the three largest branches, 
then configured “support log” triggers to upload a copy of the event snapshot, 
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FIGURE 9.3.   FinSecure Bank case-study roadmap showing the seven implementation 
components used to build hybrid log collection and behavior-based forensics. 
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such as a burst of Windows Event ID 4625 (failed login) events, to the cloud 
when the system detected unusual authentication activity. This automated fea-
ture would serve as “insurance” if a SOC admin were unable to manually collect 
logs for ad hoc investigation during an incident, as logs would be pulled once 
connectivity was restored (Microsoft Azure, n.d.; LogRhythm, 2025).

	 3.	 Integrating AI-powered honeypots for synthetic data generation
	 ▪	 FinSecure honeypots actively engaged adversaries with fine-tuned LLMs: 

To collect early indicators of attacker behavior, FinSecure’s red team engineers 
implemented a set of Linux-based honeypots that simulated internal-facing 
web servers, SQL databases, and RDP gateways. To make the decoys as realistic 
as possible, the team trained GAN models to automatically tune honeypot con-
figurations, open ports, IP addresses, and banner version numbers, achieving 
an average 97 percent realism compared to similar production assets (Sokolov & 
Reznik, 2024). By enticing real-world attackers, they began collecting the early 
log samples needed to observe authentic attack patterns.

	 ▪	 Interactive engagement via fine-tuned LLMs: The team also embedded 
a LLM trained on malware READMEs and known attacker dialogues. If an 
attacker attempted a port scan or a simple SQL injection, the honeypot would 
respond with contextually relevant error messages, protocol headers, and fake 
file directories, prolonging the adversary’s dwell time and generating richer logs 
(EdTech Magazine, 2025).

	 ▪	 SIEM enrichment with honeypot data for rule tuning: FinSecure’s 
SOC used honeypot data as a supplement to enhance the fidelity of its SIEM 
data and correlation rules. The SOC extracted logs that contained source IP 
addresses, attempted exploits, and credential brute-forcing attempts, then 
created new rules in the SIEM to catch these events. The team also added 
new IoCs to the correlation rules, such as lateral movement attempts using 
server-admin credentials. In the end, they found they had reduced SIEM false 
positives by 23 percent, giving analysts more time to spend on events that 
matched the TTPs of both production and honeypot logs (Datadog, 2024; 
EdTech Magazine, 2025).

	 4.	 Standardizing authentication logs and correlating with UEBA
	 ▪	 Creating a unified schema for logging heterogeneous systems: FinSecure’s 

identity infrastructure consisted of Active Directory, a bespoke OAuth-based 
SSO portal for partner applications, and a legacy LDAP directory for older sys-
tems still in use. To normalize authentication logs, FinSecure’s SOC created a 
standardized JSON schema. This structured format captures the user ID, source 
IP address, authentication method, timestamp, and status (success or failure) 
for each authentication log source (Degtyarev & Kolyubin, 2022). This normal-
ization practice would ensure consistency across heterogeneous systems, mak-
ing logs easier to query and reducing the risk of overlooking critical events.

	 ▪	 Deploying UEBA: FinSecure deployed an Exabeam UEBA solution that 
ingested normalized authentication logs to build user behavior profiles. Over 
a two-week learning window, the UEBA profiled each user’s typical working 
hours, geolocations, and login frequencies (Degtyarev & Kolyubin, 2022; 
Datadog, 2024). During testing, when credentials associated with a rural Iowa 
teller account were used from a European IP address at 3 a.m. local time, 
the UEBA system generated a high-risk anomaly alert and triggered an MFA 
challenge followed by account containment.

	 ▪	 SIEM correlation for detecting complex attack patterns: Authentication 
anomalies were quickly correlated with network flow logs and endpoint 
telemetry already stored in the SIEM system. When the SOC team tested the 
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deployment with an intentional incident, a compromised account attempted to 
access an internal database while running a PowerShell script on a workstation. 
The combination of failed-logon activity, abnormal geolocation, and suspicious 
process execution prompted the SOC to isolate the host before data exfiltration 
could occur (Degtyarev & Kolyubin, 2022; Datadog, 2024).

	 5.	 Architecting tiered storage, hybrid filtering, and unified monitoring
	 ▪	 Defining tiered storage policies: FinSecure’s comprehensive log categoriza-

tion system would ensure efficient allocation and sorting of all incoming logs 
into three distinct tiers:

Question: What is tiered storage in a log-collection architecture, and how does it 
optimize both cost and forensic readiness?

Answer and Explanation:

Tiered storage organizes log data into three categories:

	 ▪	 Hot storage: Recent logs (e.g., past 30 days) that require immediate access and 
fast query performance for active incident response.

	 ▪	 Warm storage: Logs from a mid-term period (e.g., 1–6 months) stored on mod-
erately priced media, accessible for investigations but not queried as frequently.

	 ▪	 Cold storage: Long-term archives (e.g., 1–3 years) stored on low-cost, write- 
once/read-rarely media to meet compliance requirements (GuidePoint Security, 
2020; CDW, 2024).

This model optimizes cost by ensuring that only the most frequently accessed logs 
occupy expensive, high-performance storage, while older data resides on cheaper 
media. At the same time, it maintains forensic readiness: investigators can still 
retrieve historical logs when needed, satisfying regulatory retention mandates 
(CDW, 2024; Edge Delta, 2023).

	 ▪	 Hot storage (30 days): Real-time SIEM indices accessible from high- 
performance SSD arrays for active investigations.

	 ▪	 Warm storage (6 months): Recent logs stored on mid-range spinning disks 
for ad-hoc queries.

	 ▪	 Cold storage (1-year min.): Compliance archives on low-cost, write-once 
media to meet regulatory retention mandates (PCI DSS requires at least 
12 months) (GuidePoint Security, 2020; CDW, 2024; Edge Delta, 2023).

	 ▪	 Context-aware filtering during high-risk events: During a nationwide ran-
somware alert, as indicated by Motadata feeds, the SOC demonstrated its ability 
to adapt by temporarily increasing endpoint logging verbosity for endpoints 
categorized as “high value” (e.g., database servers, payment processing units). 
Lower-priority hosts remained on a baseline logging level, which would pre-
serve Storage (Motadata, 2025; Shaikh & Al-Hussaini, 2024). After the national 
threat alert was lifted, filtration rules automatically reverted to standard hybrid 
method configurations. This technique shaved 34 percent off the total storage 
footprint compared to static, nonadaptive logging while ensuring forensic com-
pleteness on high-risk assets.

	 ▪	 Normalization and machine-driven enrichment: ChaosSearch pipelines 
converted the following to a uniform JSON schema:

	 ▪	 Diverse log formats
	 ▪	 Windows event logs
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	 ▪	 Linux syslogs
	 ▪	 Azure Stack Edge support logs
	 ▪	 Honeypot records

The SIEM’s Machine Data Intelligence (MDI) platform then appended geoloca-
tion information, asset criticality scores, and user risk scores to each event. This 
combination of preprocessing ensured high-fidelity correlation (ChaosSearch, 
2024; LogRhythm, 2025).

	 ▪	 Honeypot-derived indicators to reduce false positives: FinSecure’s SOC 
then used enhanced IoCs from its honeypots, such as abnormal SSH command 
sequences, to tune the SIEM’s detection rules to quash false alarms from benign 
anomalies (e.g., regular network administrative scans). This proactive adjust-
ment reduced the SIEM alert volume by 27 percent, freeing analysts to focus on 
critical alerts (EdTech Magazine, 2025; ChaosSearch, 2024).

	 6.	 Emerging automation and future-proofing
	 ▪	 Self-healing collector deployment: FinSecure transitioned its log collec-

tors to a Kubernetes-managed cluster in its primary data center. Collector 
pods deployed Fluentd agents that would auto-restart when a collector pod 
crashed, ensuring uninterrupted log ingestion even when individual com-
puter nodes were taken down for maintenance or unexpected downtime 
(Google Cloud, 2022). This resiliency and high availability guarantees that 
no gaps in logging would be left open during maintenance or unexpected 
outages.

	 ▪	 Transformer-based log summarization: FinSecure engineers and Cribl’s 
R&D team would also pilot a transformer-based model to reduce the verbosity 
of logs from sources such as Windows Event IDs into shorter “security sum-
maries,” while preserving critical forensic information. Initial testing was suc-
cessful, with early benchmarks suggesting a 65 percent reduction in raw log 
volume for mock investigations without losing key evidence (Cribl, n.d.).

	 ▪	 Automated compliance enforcement: To stay in compliance with both 
GDPR and PCI DSS, FinSecure also deployed automated retention policies: logs 
older than 30 days in hot storage were automatically demoted to warm storage 
and logs older than 180 days were offboarded to cold, write-once media using 
cryptographic hash chaining (SHA-256). Periodic audits ensured that retention 
timelines were always met without manual intervention (Shaikh & Al-Hussaini, 
2024; Kent & Souppaya, 2006).

Outcomes and Benefits
After six months of deployment, the improvements to FinSecure’s log management 
have had some measures of success and reliability:

	▪	 Detection latency: MTTD was reduced from 48 hours to under 12 hours on 
average after improved hybrid log correlation and UEBA alerts.

	▪	 Storage costs: With tiered storage and context-aware filtering in place, 
FinSecure cut annual SIEM indexing costs by 28 percent vs. a pure input method 
baseline.

	▪	 Forensic completeness: No gaps in data have been reported during test breach 
scenarios because of Cribl Edge buffering and automated Azure Stack Edge 
uploads (Cribl, 2024; Microsoft Azure, n.d.).

	▪	 False-positive rates: The use of honeypot-derived IoCs and ML-driven enrich-
ment has cut SIEM false alarms by 27 percent, helping analysts focus on bona fide 
threats (EdTech Magazine, 2025; ChaosSearch, 2024).
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Case Summary
FinSecure Bank’s fictitious implementation of the principles and inspirations covered 
in this chapter for a log collection strategy demonstrated a holistic, synergistic 
approach, which combined:

	▪	 enterprise hybrid methods, with
	▪	 edge observability and resilience, plus
	▪	 AI-powered honeypots, coupled with
	▪	 unified authentication logging schemas, supported by
	▪	 tiered storage policies and automatic compliance enforcement.

SIEM system using modernized normalization and machine-driven enrichment 
pipelines opens the possibilities for behavior-based network forensics in the real world. 
Iterative refinement of collection pipelines, automation of retention, and continuous 
threat intelligence integration can deliver both cost efficiencies and forensic resiliency, 
ensuring that every click, authentication attempt, and honeypot interaction can serve 
as valuable evidence in the fight against sophisticated cyber adversaries.

WHAT WE HAVE LEARNED

The following discussion maps the chapter’s major guidance blocks to the FinSecure 
Bank case so readers can see how the concepts translate into day-to-day cybersecurity 
practice.

Application of Chapter Concepts
	 1.	 Selecting and refining enterprise log collection (hybrid method)

FinSecure’s choice of the hybrid method of log collection emphasizes the need 
to strike a practical balance between log visibility and resource consumption. 
Comprehensive log ingestion (GuidePoint Security, 2020) followed by iterative fil-
tering of lower-value events as the organization’s logging estate matured (LogicNets 
Community, 2023; CDW, 2024) demonstrated that balancing priorities can deliver 
both coverage and cost control for detection teams on an enterprise-scale platform. 
FinSecure leveraged its complete log history for forensic analysis during tests 
without overwhelming its SIEM with redundant logs (Kent & Souppaya, 2006).

	 2.	 Edge observability and resilience with store-forward collection
Edge environments experience intermittent connectivity and resource con-
straints (Cribl, 2024; SigNoz, 2024). By deploying a Cribl Edge agent, FinSecure 
preserved branch-level audit events during outages and used proactive Azure 
Stack Edge uploads to prevent critical data loss when device-health triggers were 
met (Microsoft Azure, n.d.; LogRhythm, 2025). The lesson is that remote nodes 
require local buffering and controlled upload mechanisms to maintain eviden-
tiary continuity.

	 3.	 Synthetic data through AI-powered honeypots
AI-powered honeypots safely elicited real attacker actions and produced 
high-fidelity synthetic data through GAN-generated decoy configurations and 
LLM-tuned interactive responses (EdTech Magazine, 2025; Sokolov & Reznik, 
2024). For FinSecure, this yielded source IPs, exploit methods, and credential-
reuse indicators that could be folded back into SIEM correlation rules and detec-
tion tuning.
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	 4.	 Authentication-log standardization with UEBA
Accurate correlation of credential-based attack events depends on standard fields 
such as user ID, source IP, authentication method, and timestamp (Degtyarev & 
Kolyubin, 2022; Datadog, 2024). By normalizing authentication logs into a consis-
tent JSON schema, FinSecure used Exabeam UEBA to model expected behavior and 
surface suspicious logins that would otherwise have been missed (Exabeam, n.d.).

	 5.	 Hybrid tiered storage and context-aware filtering
FinSecure placed hot, warm, and cold logs into separate storage tiers to opti-
mize access patterns while still meeting forensic and compliance requirements 
(GuidePoint Security, 2020; CDW, 2024; Edge Delta, 2023). The bank also used 
context-aware filtering during ransomware alerts to widen logging on high-value 
assets without permanently carrying a high-volume overhead (Motadata, 2025; 
Shaikh & Al-Hussaini, 2024).

	 6.	 Unified monitoring through SIEM integration
Critical to unified monitoring is normalizing logs from enterprise, edge, honey-
pot, and authentication systems into a standard schema for effective correlation 
(ChaosSearch, 2024; LogRhythm, 2025). FinSecure enriched those events with 
geolocation, asset-criticality, and risk-score context so the SIEM could lower false 
positives and prioritize meaningful alerts.

	 7.	 Automation and self-healing collectors
FinSecure operationalized the chapter’s automation guidance with containerized 
Fluentd collectors in a managed Kubernetes architecture, allowing pod restarts 
and workload redistribution to preserve collection continuity (Google Cloud, 
2022). A transformer-based proof of concept also reduced raw log volume while 
preserving the core forensic signal (Cribl, n.d.).

Lessons Learned
	 1.	 Iterative hybrid filtering provides a sense of confidence. This method is 

an iterative approach to refining filters as new threat intelligence is collected. 
Determining which assets are “high value” can shift as new attack vectors are 
seen, but with an iterative process like this, it is possible to stay ahead (GuidePoint 
Security, 2020; Motadata, 2025).

	 2.	 Have a unified schema discipline. Enforcing a standard JSON schema across 
heterogeneous log sources (enterprise, edge, honeypot, and authentication) is not 
only best practice but essential. This level of rigor has been proven critical for 
achieving seamless SIEM correlation, which provides some confidence in security 
operations overall (Degtyarev & Kolyubin, 2022; ChaosSearch, 2024).

	 3.	 Edge resilience can be essential. Buffering and proactive upload mechanisms 
are not only valid but also essential for edge environments with unstable con-
nectivity. In these situations, the loss of branch logs can obscure early signs of 
compromised credentials, making it hard to spot potential issues that should not 
occur in the first place. This loss of logs is an important lesson in the value of edge 
resilience for maintaining a strong security posture (Cribl, 2024; SigNoz, n.d.).

	 4.	 AI-powered, high-fidelity honeypots are more effective. High-fidelity hon-
eypots outperformed simpler emulations due to training datasets that were more 
realistic and were able to capture attacker TTPs that would have missed with more 
static decoys (Sokolov & Reznik, 2024; EdTech Magazine, 2025).

	 5.	 Automated compliance can be more rigorous. Leveraging Kubernetes’ 
self-healing mechanism for collectors and scripted retention policies ensured that 
compliance logs were always available when needed for audits without manual 
overhead (Google Cloud, 2022; Shaikh & Al-Hussaini, 2024).

c09.indd   178c09.indd   178 03-06-2026   14:40:4103-06-2026   14:40:41



179Collecting Log Streams from Enterprise, Edge, Honeypots, and Authentication Logs

Moving Forward: Leveraging Lessons Learned
While the implementation of most of the log collection guidance from this chapter 
provided FinSecure with overall improvements in key performance metrics, such as a 
more than four times reduction in MTTD and a 28 percent reduction in SIEM indexing 
costs while also meeting their test case requirement of no data gaps during incident 
reconstruction, it also provided evidence to FinSecure leadership that they can imple-
ment cutting-edge cybersecurity practices. They will look to build on these learnings 
by taking these steps:

	 1.	 Continue the periodic review and tuning of the hybrid filters and tier-
transition rules. This will ensure that FinSecure’s log estate can quickly adapt 
to incorporate new attack surfaces and retention/regulatory demands with a 
minimum of administrative overhead.

	 2.	 Continuously retrain GANs and LLMs. They should learn up-to-date threat 
intelligence data to ensure decoys remain at high fidelity as well as new TTPs for 
validation.

	 3.	 FinSecure should look to remain a step ahead of advanced insider threats. 
It should continue to incorporate additional behavioral signals (application access, 
data movement, browsing activity) into its UEBA context to provide more insight 
into more sophisticated, unknown threats.

	 4.	 Use automated compliance verification. The firm should implement sched-
uled, automated verifications that validate compliance with tiered storage require-
ments, encryption standards, and retention policies and that can automatically 
generate human‐readable reports without administrative intervention.

	 5.	 Scale automation. Self-healing collector patterns should be rolled out to 
FinSecure’s other data centers and branches, while transformer-based summari-
zation and AI-assisted triage are expanded to reduce analyst workload and accel-
erate response.

	 6.	 Expand contextual normalization. FinSecure should add user-role, business- 
unit, and asset-criticality fields to its normalized events so the SIEM can prioritize 
alerts and shorten investigations.

The FinSecure scenario shows how the chapter’s guidance can be operationalized 
in a realistic environment without losing sight of evidence quality, resilience, or cost 
discipline.

CHAPTER SUMMARY

This consolidated summary highlights the chapter’s main operational, evidentiary, and 
strategic takeaways for log collection across enterprise, edge, honeypot, and authenti-
cation environments.

The chapter explains three primary enterprise log collection methods: input 
method (GuidePoint Security, 2020), which ingests all raw log data from every device to 
ensure complete forensic coverage but can be costly in terms of storage and processing; 
output method (GuidePoint Security, 2020), which focuses on specific event types like 
authentication failures or network anomalies, potentially reducing overhead but risk-
ing blind spots; and hybrid method (LogicNets Community, 2023; CDW, 2024), which 
starts with comprehensive ingestion and then applies filters to retain only high-value 
data streams, balancing visibility with cost efficiency. The hybrid method has been 
proven and is the industry’s de facto standard. When deploying these, considerations 
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include selecting an appropriate licensing model (compute-based, events-per-second, 
or storage-volume), architecting tiered storage for scalable access and cost control, and 
aligning with NIST SP 800-92 recommendations for defining logging policies, roles, 
and minimum log content for compliance and incident response (Kent & Souppaya, 
2006; LogicNets Community, 2023).

Edge computing, with its intermittent connectivity, limited processing power, and 
constrained storage, presents unique observability challenges (SigNoz, 2024; Cribl, 
2024). Deploying lightweight edge agents such as Cribl Edge can preprocess and buffer 
logs on Linux or Windows nodes, reduce bandwidth usage, and preserve critical events 
for eventual central SIEM ingestion (Cribl, 2024). Mechanisms such as Azure Stack 
Edge health-triggered uploads further help preserve vital telemetry during outages 
(Microsoft Azure, n.d.; LogRhythm, 2025). By adopting a standard schema, preferably 
JSON-based, for both edge and enterprise logs, organizations can maintain unified vis-
ibility across distributed environments.

AI‐powered honeypots, with their demonstrated efficacy, can generate synthetic 
data that closely mimics the behavior of real attackers, providing high‐fidelity threat 
intelligence while keeping production assets secure. GANs can generate network con-
figurations that pass as realistic up to 97 percent of the time compared to live sys-
tems (Sokolov & Reznik, 2024). Checkpointing (network scanner validation) further 
ensures the generated network topologies are accurate and viable. Fine-tuned LLMs, 
when used to provide real-time responses to attacker queries, can extend engage-
ment and produce detailed interaction logs (EdTech Magazine, 2025). Precision and 
recall metrics can assess quality to confirm that a synthetic configuration’s ability to 
generate new targets is high (Sokolov & Reznik, 2024). The integration of honeypot 
logs (showing source IPs, exploit methods, and compromised credential reuse) into 
SIEM correlation rules (Datadog, 2024) further refines detection accuracy and reduces 
false positives when combined with EdTech Magazine’s honeypot-derived indicators 
(EdTech Magazine, 2025).

Authentication logs are a rich source of threat indicators, capturing user identi-
fiers, source IP addresses, authentication methods, and timestamps, fields essential for 
detecting credential abuse and insider threats (Degtyarev & Kolyubin, 2022; Datadog, 
2024). UEBA tools leverage machine learning to establish behavioral baselines and flag 
anomalies such as password spraying, session hijacking, and unusual login locations 
for further investigation (Degtyarev & Kolyubin, 2022; Exabeam, n.d.). Standardizing 
authentication logs, including third-party or federated services such as LDAP, OAuth, 
or external identity providers, ensures consistent data ingestion for comprehensive 
correlation. SIEM platforms then enrich those events with network and endpoint 
telemetry to uncover sophisticated attack patterns and support rapid containment 
(Datadog, 2024).

The hybrid method, which combines exhaustive ingestion with selective filtering, 
has emerged as the industry’s de facto standard for balancing forensic readiness and 
resource utilization. Most deployments implement tiered storage, placing hot data in 
high-performance systems for real-time SIEM feeds, warm data in recent-investigation 
tiers, and cold data in long-term archives for compliance (CDW, 2024; Edge Delta, 
2023). Context-aware filtering informed by threat intelligence can then adjust logging 
parameters during high-risk events without permanently increasing cost (Motadata, 
2025; Shaikh & Al-Hussaini, 2024).

Unified monitoring is a robust, holistic strategy that requires the normaliza-
tion and correlation of logs from multiple, often disparate sources, including the 
enterprise, edge, and honeypot, as well as authentication data from both on-prem 
and SaaS third parties, to achieve a complete, unified view of the threat posture. 
SIEM integration is thus a key strategy for gaining visibility across the most relevant 
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attack surfaces. Data normalization pipelines play a critical role in this by parsing 
(Enterprise Security Analytics) all the logs to be ingested from proprietary Windows, 
Linux, cloud, and Edge configurations into a unified schema (ChaosSearch, 2024). 
Machine Data Intelligence approaches are used to enrich incoming logs with 
machine‐generated intelligence, including geolocation, asset criticality, and active 
user risk scores, thereby enhancing high‐fidelity correlation rules (ChaosSearch, 
2024; LogRhythm, 2025). Cloud-native SIEM architectures, which automate the 
ingestion of these various data sources using a loosely coupled plugin approach, 
enable real-time analysis with fewer false positives by leveraging honeypot-derived 
indicators (EdTech Magazine, 2025; ChaosSearch, 2024).

Operational challenges for cybersecurity practitioners in this space are manifold, 
including managing overwhelming data volumes and rapidly increasing storage costs 
without sacrificing visibility (GuidePoint Security, 2020). However, compliance with 
privacy regulations such as GDPR, HIPAA, and PCI DSS is also an important part of 
defining retention policies, including tiered data and fine-grained access controls to 
support them (Kent & Souppaya, 2006; Shaikh & Al-Hussaini, 2024). These should be 
seen not only as a necessity but also as a tailwind behind the enabling architecture and 
data protection solutions that balance both privacy and security. In terms of cyber-
security trends shaping the future of log collection, analysis, and correlation, auton-
omous logging—including for self‐healing Kubernetes collectors, transformer-based 
log reduction and summarization, and automated retention management engines—is 
becoming more widely adopted (Cribl, n.d.; Google Cloud, 2022). The integration of 
forensic cyberpsychology insights and behavioral analysis of attacker actions into log 
analytics remains an unexplored opportunity to be more proactive in detecting threats 
by understanding attacker actions before they manifest as attack indicators.

FINAL THOUGHT

Chapter 9 has established that security log collection, in its various forms and from 
across enterprise, edge, honeypot, and authentication sources—supported by an 
ideal combination of hybrid collection methodologies, AI-driven synthetic data, and 
automated architectures—enables almost real-time visibility to adversaries, helps 
speed up detections and responses, and sets up forensic responses. As cyber threats 
continue to evolve, the correct log processing and reduction pipeline can provide 
effective guidance in selecting when, what, and how to collect security logs, building 
complete auditable trails, and telling the whole story to support actual forensic 
needs going forward. This forensic story is essential, and the role of AI should not be 
overlooked—in fact, it is reassuring.
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INTRODUCTION

Modern security information and event management (SIEM) platforms automate detection, 
correlation, and investigation by combining cross-source log aggregation with artificial intel-
ligence and machine learning. As event volume and attack complexity have increased, SIEM 
has evolved from static, rule-based alerting to behavior-driven workflows that can reduce 
mean time to detect (MTTD) and mean time to respond (MTTR) (Lee et al., 2019; Muvva & 
Israr, 2024; Patel & Sharma, 2024).

This chapter focuses on the investigative capabilities that now define mature SIEM pro-
grams: user and entity behavior analytics (UEBA), supervised and unsupervised ML, natural 
language processing (NLP), automated correlation rules, contextual enrichment, and orches-
tration across endpoint and network telemetry. It also addresses implementation require-
ments such as data normalization, privacy controls, and continuous tuning (Exabeam, 2024a, 
2024b; Gatewatcher, 2024; Nurusheva et al., 2024).

KEY TERMS

	▪	 artificial intelligence (AI)
	▪	 automated investigation
	▪	 Bayesian weighting
	▪	 behavioral scoring
	▪	 correlation rules
	▪	 contextual enrichment
	▪	 endpoint detection and response (EDR)
	▪	 event triage
	▪	 federated learning
	▪	 machine learning (ML)
	▪	 mean time to detect (MTTD)

	▪	 mean time to respond (MTTR)
	▪	 natural language processing (NLP) for log 

analysis
	▪	 network detection and response (NDR)
	▪	 Security Orchestration, Automation, and 

Response (SOAR)
	▪	 security information and event 

management (SIEM)
	▪	 threat intelligence platform (TIP)
	▪	 user and entity behavior analytics (UEBA)

LEARNING OBJECTIVES

By the end of Chapter 10, readers will be able to:

	 1.	 Explain how SIEM has evolved from rule-based correlation to AI-driven incident triage 
and response.

CHAPTER 10
Correlation and Investigation within SIEM
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	 2.	 Describe how UEBA baselines, Bayesian weighting, and peer-group analysis support risk 
scoring and alert prioritization.

	 3.	 Distinguish how supervised ML, unsupervised ML, and NLP improve detection across 
structured and unstructured logs.

	 4.	 Explain how automated correlation rules and SOAR playbooks translate threat intelli-
gence into containment actions.

	 5.	 Describe how contextual enrichment and EDR/NDR integration improve triage and 
forensic reconstruction.

	 6.	 Identify implementation requirements for data quality, normalization, privacy, compli-
ance, and continuous model tuning.

WHY THIS CHAPTER IS IMPORTANT

Traditional, rule‐based SIEMs fail to effectively process the high volumes of alerts and 
security events generated by modern cyber threats. With artificial intelligence (AI) 
and machine learning (ML), SIEMs can automate the correlation and investigation 
of disparate logs and alerts, enabling SOC teams to identify threats more quickly and 
efficiently (Lee et al., 2019; Muvva & Israr, 2024; Patel & Sharma, 2024). Automated 
rule generation and user and entity behavior analytics (UEBA) further ensure that 
high-noise events do not bury potentially malicious behavior (Exabeam, 2024a, 2024b; 
Gatewatcher, 2024; Onishchenko et al., 2024).

In today’s dynamic security landscape, a deep understanding of the role of AI and 
ML in correlation and investigation is not only valuable but also empowering for secu-
rity practitioners responsible for designing, implementing, or managing modern SOC. 
Insights into the ML-driven detection of novel anomalies (Nurusheva et al., 2024), the 
orchestration of response actions via automated playbooks (Onishchenko et al., 2024; 
Patel & Sharma, 2024), and the integration of SIEM with complementary tools like 
endpoint detection and response (EDR) and network detection and response 
(NDR) (Savytska et al., 2023) can empower practitioners to build and maintain resil-
ient, scalable defenses. EDR monitors and collects data from endpoint devices to iden-
tify and react to cyber threats, while NDR monitors network traffic to spot suspicious 
activity across the network. As cyber threats continue to evolve in sophistication, mas-
tery of AI-driven correlation and investigation workflows will become increasingly 
critical for ensuring robust security postures and compliance in dynamic organiza-
tional environments (Exabeam, 2024b; Savytska et al., 2023).

WHY I NEED TO KNOW THIS

Security teams need these capabilities to scale event triage, suppress noise, and 
reconstruct full attack chains. In practice, a modern SIEM program should be  
able to:

	▪	 Deploy UEBA to quantify risk and suppress noise (Exabeam, 2024a).
	▪	 Integrate ML and NLP to detect both known and unknown threats (Lee et al., 

2019; Gurucul, 2025).
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Question: How do you integrate SIEM with EDR and NDR to improve forensic 
investigations?

Answer/Explanation: SIEM integration with EDR and NDR platforms requires 
ingesting endpoint (e.g., process creation, file modification) and network device 
(e.g., flow logs, intrusion alerts) telemetry into the SIEM’s data pipeline (Savytska 
et al., 2023). When enriched and combined in the SIEM, the SIEM can correlate an 
endpoint event (e.g., suspicious process execution) with related network anomalies 
(e.g., suspicious lateral movement or data exfiltration). The SIEM provides a single 
pane of glass for investigators to trace the entire attack chain (i.e., from initial end-
point compromise to lateral network propagation) and help determine whether an 
event is truly malicious. The integration of endpoint and network data can also 
provide analysts with improved situational awareness, more accurate incident pri-
oritization, and more accurate root-cause analyses.

Automate correlation and response actions via Security Orchestration, 
Automation, and Response (SOAR) playbooks (Wudali et al., 2025). These capabil-
ities are no longer optional in environments where network traffic volumes and threat 
complexity are continually escalating. Organizations that fail to adopt such approaches 
risk being overwhelmed by alert fatigue, misconfigurations, and missed indicators 
of compromise. The potential consequences of not adopting these approaches are 
significant, making it crucial for organizations to act.

HOW IT RELATES TO ADVANCED BEHAVIOR-BASED  
NETWORK FORENSICS

Advanced behavior-based network forensics focuses on identifying anomalous activity 
within network traffic by analyzing patterns of user and system behavior over time. 
Figure 10.1 shows how UEBA, ML, natural language processing (NLP), automated 
correlation, and cross-tool telemetry converge inside a modern SIEM to support that 
objective (Exabeam, 2024a; Gatewatcher, 2024).

When SIEM is integrated with endpoint detection and response (EDR) and 
network detection and response (NDR), investigators can correlate host and network 
evidence to reconstruct attack paths from initial access through lateral movement 
and exfiltration (Savytska et al., 2023). Supervised and unsupervised models provide 
the statistical rigor needed to distinguish subtle anomalies from benign variation, 
which is central to advanced behavior-based forensics (Lee et al., 2019; Nurusheva 
et al., 2024).

THE “SO WHAT?” WHY IT MATTERS

The practical value of Chapter 10 is significant, as it demonstrates how AI-powered 
SIEM architectures can shift organizations from reactive incident handling to proac-
tive threat hunting and automated response. By reducing MTTR and minimizing false 
positives, security teams can allocate resources more effectively and focus on high-
impact investigations. This capability is especially critical given the dynamic nature 
of modern network environments and the sophistication of adversaries who exploit 
behavioral nuances and stealth techniques.
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In a landscape where lateral movement and stealthy exfiltration often go unde-
tected by signature-based solutions, behavior-based detection is critical. In this chapter, 
we discuss how leveraging AI and cross-tool integration empowers analysts to:

	▪	 Detect anomalous patterns that evade conventional rules (Nurusheva et al., 2024).
	▪	 Rapidly triage and investigate incidents to reduce dwell time.
	▪	 Meet compliance requirements by maintaining explainable audit trails for automated 

decisions (Exabeam, 2024a).

These outcomes enhance organizational resilience, reduce operational costs, and 
strengthen overall cybersecurity posture.

QUANTIFY RISK AND
SUPPRESS NOISE

DETECT KNOWN AND
UNKNOWN THREATS

PROACTIVE THREAT
HUNTING REDUCED

MTTR MINIMIZED
FALSE POSITIVES

INGEST NETWORK
TELEMETRY DETECT

DEVIATIONS

CORRELATE
NETWORK AND
ENDPOINT DATA

AUTOMATE
CORRELATION AND

RESPONSE

BEHAVIOR-
DRIVEN

ANALYTICS
FOR MODERN

SOCS

UEBA

OUTCOMES

BASELINE AND
FORENSICS

NDR INTEGRATION

SOAR PLAYBOOKS

ML AND NLP

FIGURE 10.1.   Behavior-driven analytics for a modern SOC. The figure shows how SIEM 
combines UEBA, baseline telemetry, ML/NLP detection, SOAR playbooks, and NDR 
integration to convert anomalous behavior into actionable investigations and measurable 
outcomes. 
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HOW DO I APPLY THIS?

Security practitioners should take the following steps:

	 1.	 Adopt automated investigation workflows. Enable the SIEM’s AI-driven 
automated investigation features to consolidate related alerts into single, 
actionable incidents. Configure ingestion rules so supervised and unsupervised 
ML can cluster events dynamically and define playbooks so high-risk incidents 
trigger semi- or fully automated response actions (Akhmetov et al., 2023; Muvva &  
Israr, 2024; Wudali et al., 2025) (Figure 10.2).

Question: What is “Automated Investigation” in a modern SIEM?

Answer and Explanation: Automated investigation uses AI, ML, and predefined 
playbooks to group related alerts into a single incident and initiate response actions 
with minimal analyst intervention (Akhmetov et al., 2023; Muvva & Israr, 2024). 
Instead of triaging alerts one by one, the SIEM correlates endpoint, network, 
and threat-intelligence events and can launch actions such as host isolation. This 
reduces analyst workload and shortens both MTTD and MTTR.

USER AND
ENTITY

BEHAVIORAL
ANALYTICS

AI-ENABLED
SIEM

INVESTIGATION
ENGINE

NATURAL
LANGUAGE

PROCESSING

CONTEXTUAL
ENRICHMENT
AND THREAT

INTELLIGENCE

CONTINUOUS
TUNING AND
COMPLIANCE

FUTURE TRENDS

ADVANCED
ANALYTICS

AND
AUTOMATION

FIGURE 10.2.   
AI-enabled SIEM 
investigation engine. 
The figure highlights the 
components that support 
automated investigation, 
including UEBA, NLP, 
contextual enrichment, 
analytics and automation, 
continuous tuning, 
compliance, and future-
oriented enhancements. 
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	 2.	 Establish behavioral scoring. Deploy a UEBA solution to establish behavioral 
scoring for users and entities. Calculate risk scores for each anomaly using 
Bayesian weighting to discount benign but common events and peer-group 
analysis to adjust risk scores dynamically (Exabeam, 2024a; Gatewatcher, 2024). 
Integrate risk scores into the SIEM’s correlation rules to automatically escalate 
events for investigation when they exceed a predefined threshold (Exabeam, 2024a).

	 3.	 Integrate ML models. Incorporate supervised and unsupervised ML models 
into the SIEM pipeline. Train supervised models on historical attack data to detect 
known threats and apply unsupervised models to identify novel or anomalous 
behaviors (Lee et al., 2019; Nurusheva et al., 2024) and schedule regular retraining 
to account for changing baseline levels of activity (Nurusheva et al., 2024).

Question: In UEBA, how does Bayesian weighting prevent score inflation?

Answer and Explanation: Bayesian weighting down‐weights indicators that 
trigger frequently for benign reasons, thus preventing these common, nonthreat-
ening events from disproportionately increasing a user’s or entity’s risk score 
(Exabeam, 2024a). For example, suppose a specific log indicator (e.g., a common 
software update) is triggered frequently and has historically been associated with 
legitimate activity. In that case, Bayesian weighting reduces its impact on the 
overall risk assessment. Bayesian weighting prevents high‐volume, legitimate activ-
ities from skewing risk scores. It helps to reduce false positives, ensuring that truly 
anomalous behaviors (those not explained by frequent benign events) are more 
apparent.

	 4.	 Leverage NLP for log analysis. Apply NLP to unstructured log data (e.g., 
command outputs, free‐text messages) to extract semantic IOCs (Gurucul, 2025). 
Configure the SIEM to normalize and enrich extracted indicators so that correla-
tion rules can match extracted patterns to textual IOCs (Patel & Sharma, 2024).

Question: In what ways does natural language processing support SIEM log 
analysis?

Answer and Explanation: NLP enables the SIEM to extract meaningful 
information from unstructured text fields, such as free-text log messages, command 
outputs, or alert descriptions, to identify semantic IoCs (Gurucul, 2025; Patel & 
Sharma, 2024). For instance, an NLP engine could be configured to recognize when 
a particular error message, or command string, is indicative of a known malicious 
technique, even if that information is buried in a text field. By transforming unstruc-
tured log events into structured indicators (e.g., a file name, network address, or 
command), the SIEM can then correlate those indicators against threat intelligence 
feeds or correlation rules.

	 5.	 Develop and automate correlation rules. Map IOCs and tactics, techniques, 
and procedures (TTPs) to MITRE ATT&CK techniques using rule generation auto-
mation or LLM-based assistants to minimize manual policy writing (Onishchenko 
et al., 2024; Wudali et al., 2025). Test rules in a sandbox environment before broad 
deployment and maintain a versioned repository to track rule changes over time 
(Onishchenko et al., 2024).
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	 6.	 Implement event triage processes. Configure the SIEM to filter and prioritize 
alerts based on risk scores and contextual enrichment. Define thresholds (e.g., 
“UEBA score ≥ 80”) that automatically initiate forensic timeline analysis or notify 
on‐call analysts (Exabeam, 2024c; Savytska et al., 2023). Tune thresholds over time 
to achieve an optimal balance between false positives and false negatives, given 
the role’s responsibilities (Patel & Sharma, 2024).

	 7.	 Integrate with EDR, NDR, and SOAR. Connect SIEM event streams to EDR 
and NDR platforms to access process and network telemetry data (Savytska et al., 
2023). Deploy a SOAR solution to orchestrate playbook execution (isolate end-
point, rotate credentials, notify teams) and automate creation of tickets in ITSM 
tools (Swimlane, 2024).

	 8.	 Perform contextual enrichment. Augment incoming events with asset criti-
cality (e.g., “this host is a domain controller,” “this is a high‐value asset”), threat 
intelligence feeds (reputation scores, TTP mappings), and historical context (e.g., 
“this user previously modified password policies”). Ensure the SIEM can ingest 
threat intelligence platform (TIP) data in near-real time to correlate and act on 
baselines and external signals (Gurucul, 2025; Savytska et al., 2023). A TIP col-
lects and analyzes information from various data sources, then provides tools to 
apply that information for threat hunting or cyber threat investigation by aug-
menting raw events with operational and investigative context, enabling the SIEM 
to interpret their significance. Include asset criticality, threat-intelligence data 
such as reputation scores and ATT&CK/TTP mappings, and historical user or 
host behavior. Integrate near-real-time TIP data so the SIEM can correlate base-
line deviations with external threat signals, prioritize high-risk alerts, reduce false 
positives, and support faster, more accurate threat hunting and investigation.

Question: What is contextual enrichment, and why is it important in SIEM 
investigations?

Answer/Explanation: Contextual enrichment involves adding extra data to raw 
security events (Exabeam, 2024a; Savytska et al., 2023), for example, including 
information about asset criticality (e.g., “server is a ‘high‐value’ asset, such as a 
domain controller”), the user’s past behavior (“this user has never performed this 
type of action”), and external threat intelligence (e.g., “this IP address shows up in 
a threat‐intel feed”). This extra context can completely change how an alert is prior-
itized. Without enrichment, an analyst only sees the raw event (“user downloaded 
a file”). With enrichment, an analyst knows that a privileged account performed 
the event, that it involved a large data transfer, and that it originated from a known 
malicious IP. Contextual enrichment can be used to reduce false positives, drive tri-
age decisions, and speed up response.

	 9.	 Ensure data quality and normalization. Standardize log formats across 
sources (Windows, Linux, cloud API) before ingesting into the SIEM (Exabeam, 
2024a; Patel & Sharma, 2024). Implement normalization pipelines to map dispa-
rate event schemas into a standard event model that enables uniform correlation 
and ML feature extraction (Patel & Sharma, 2024; Nurusheva et al., 2024).

	10.	 Address privacy and compliance requirements. Configure the SIEM to 
anonymize or pseudonymize PII used in behavioral analytics to support GDPR, 
HIPAA, or other applicable regulations (Exabeam, 2024a; Patel & Sharma, 2024). 
Audit logging of automated SIEM decisions is essential for explainability and for 
meeting regulatory requirements.
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	11.	 Monitor and tune models continuously. Establish a feedback loop whereby 
security analysts review false positives and negatives, and feed corrections back 
into the training data used to train ML models (Lee et al., 2019; Nurusheva et al., 
2024). Retrain models monthly or quarterly to ensure ongoing robustness, par-
ticularly as event volume scales and user behavior patterns evolve (Nurusheva 
et al., 2024).

	12.	 Plan for future enhancements. Consider the potential of federated learning 
frameworks to share behavioral baselines with partner organizations without 
sharing raw data (Gurucul, 2025) and investigate emerging deception technologies 
(honeypot telemetry) to provide additional inputs to correlation logic. Evaluate 
real-time threat intelligence fusion capabilities that can push down enrichment 
latency to sub-second levels (Nurusheva et al., 2024; Wudali et al., 2025).

COHESIVE AND SYNERGISTIC RESPONSE

This chapter provides an exhaustive understanding of the fundamentals and implemen-
tation of AI- and ML-powered investigation processes using SIEM as a foundation. The 
authors begin by tracing the historical development of SIEM and its initial dependence 
on static, rule-based correlation methodologies (Lee et al., 2019). The shift in the para-
digm is driven by modern frameworks that aggregate and investigate security events in 
more fine-tuned and automated ways (Muvva & Israr, 2024). The automation of inves-
tigative workflows enables the correlation of alerts into a single, coherent incident and 
the automatic execution of response actions, with minimal or no human intervention. 
This automation reduces the MTTD and the MTTR, while also increasing confidence 
in SIEM capabilities (Akhmetov et al., 2023; Wudali et al., 2025).

The first central area of focus in Chapter 10 is UEBA. The authors explain how 
UEBA platforms are used to create baselines and behavioral patterns for users and 
assets. These platforms use Bayesian weighting to down-weight benign but high‐ 
frequency events, and peer‐group analysis to shift risk scores within a population over 
time (Exabeam, 2024a; Gatewatcher, 2024). The overarching theme here is the heavy 
focus on scoring behaviors that suppress false positives and demote regular activity. 
By assigning anomalous activities with the highest risk scores, SIEM is primed for 
investigation. The authors also place heavy importance on the role of NLP in detec-
tion. This can take the form of parsing unstructured log data and enriching IOCs 
from free-text fields to identify sophisticated attack vectors (Gurucul, 2025; Patel & 
Sharma, 2024).

This chapter then explains the process of developing and implementing 
automated correlation rules and integrating them with SOAR playbooks for inci-
dent handling. The authors detail how using LLMs to auto-generate correlation 
rules that are mapped to MITRE ATT&CK techniques significantly reduces the 
burden of manual policy writing. With pregenerated rules, there is less friction in 
getting full coverage of all known tactics, techniques, and procedures (Onishchenko  
et al., 2024; Wudali et al., 2025). When the calculated risk score exceeds a predefined 
threshold, SOAR playbooks automatically isolate endpoints, rotate credentials, or 
alert appropriate teams, further streamlining the investigation and response process  
(Swimlane, 2024).

The chapter then provides a detailed process for contextual enrichment and its 
implementation. The idea here is to augment raw events by enriching them with con-
text such as asset criticality, historical behavior, or threat intelligence feeds (Exabeam, 
2024a; Savytska et al., 2023). Contextual enrichment enables organizations to priori-
tize alerts by business impact and build better threat narratives. The last two sections 
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of the chapter discuss the importance of integrating with EDR and NDR platforms, as 
this opens a much broader range of data for correlation in the SIEM. This integration 
is essential for increased scope and detection coverage, as well as for forensic recon-
structions of attack campaigns (Savytska et al., 2023).

This chapter then moves on to the essential hands-on topics of data quality, nor-
malization, and compliance considerations, before wrapping up with a process for 
continuously tuning ML models to find the correct tradeoff between sensitivity and 
specificity (Nurusheva et al., 2024; Patel & Sharma, 2024). The future trends identified 
in the chapter establish the crucial role of federated learning for privacy-preserving 
distributed model training and the benefits of real-time threat intelligence fusion for 
sub-second enrichment, putting this chapter squarely at the cutting edge of innovation 
in the SIEM space (Gurucul, 2025; Wudali et al., 2025).

By bringing together all these elements, this chapter can help practitioners 
transform legacy SIEM deployments into behavior-driven, AI-enabled investigation 
engines. This transformation is critical not only for helping organizations address the 
traditional challenges of overalerting and alert fatigue. At the same time, the compre-
hensive nature of these solutions covers all the bases. It aligns closely with advanced 
behavior-based network forensics by enabling investigation of anomalous patterns 
across both network and endpoint data. By laying out a clear path to a more proac-
tive, intelligence-driven posture, the methodologies discussed in the chapter become 
essential for every organization looking to stay ahead of the growing complexity in the 
threat landscape.

CASE STUDY: METROBANK FINANCIAL SERVICES’ 
IMPLEMENTATION OF ADVANCED SIEM CORRELATION  
AND INVESTIGATION

Background
MetroBank Financial Services is a mid-sized regional bank that handles thousands of 
financial transactions and stores sensitive customer data daily. It also has customer 
data spanning on-premises and cloud environments. As cyber threats increased in fre-
quency and sophistication, from targeted phishing attacks to stealthy insider abuse, 
MetroBank’s security team recognized they were no longer able to be reactive in their 
approach. They understood that their legacy, rule-based SIEM was creating high alert 
noise and was unable to comprehend evolving attack methods. The chief information 
security officer (CISO) approved a project to implement “SecureEye SIEM,” a next-
generation platform with AI-driven correlation, UEBA, ML models, and automated 
investigation workflows.

Deployment and Architecture
Figure 10.3 summarizes the core components of MetroBank’s SecureEye deployment. 
The architecture depended on normalized data sources, UEBA baselines, and ML/NLP  
analytics working together so that the bank could convert raw telemetry into priori-
tized investigations and repeatable response actions.

	▪	 Data sources and normalization: SecureEye processed logs from the bank’s 
network firewalls, AD domain controllers, EDR agents, cloud workloads (AWS 
CloudTrail, Azure AD), and threat intelligence feeds. A normalization pipeline 
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(a standard feature of SecureEye) transformed the different log formats (Windows 
Event IDs, Linux syslogs, AWS API calls) into a standard event data model for 
downstream processing. This step is critical to ensure that all information is on a 
level playing field for analytics and helps reduce false positives.

	▪	 UEBA and behavioral baselines: SecureEye’s UEBA capabilities (powered by an 
out-of-the-box UEBA engine) generated behavioral profiles for all users and high-
value assets (core banking servers, privileged accounts) within hours of initial 
deployment. For each user, the UEBA engine calculated “anchor scores” (risk 
scores) for different security-related attributes (e.g., abnormal login times, large 
file transfers) and Bayesian-weighted frequent benign events (e.g., daily backup 
job scripts) to lower their anchor scores. It then uses peer-group analysis to adjust 
risk scores further using statistical models based on a dynamic peer group (e.g., 
other loan processing staff).

	▪	 Machine learning and NLP models: Supervised ML classifiers were trained on 
six months of annotated incident data (malware infections, unauthorized access, 
policy violations) to recognize known threats. Unsupervised anomaly-detection 
models (out-of-the-box clustering algorithms) were trained on network flow meta-
data and endpoint telemetry data to identify deviations (e.g., unexpected processes 
running a command prompt on a production server). An NLP engine (standard 
feature of SecureEye) was employed to extract meaning from free-text logs (user 
comments in firewall alerts, descriptions in helpdesk tickets) to identify seman-
tically actionable IOCs (URLs in phishing emails, file hashes in incident reports, 
etc.). NLP’s ability to extract IOCs from unstructured sources can significantly 
enhance the system’s detection and response capabilities.

Automated Correlation Rules and SOAR Integration
	▪	 Correlation rules generation: SecureEye, our flagship security operations 

platform at MetroBank, was also fed monthly threat intelligence reports from our 
Managed Security Service Provider. An LLM-based assistant inside SecureEye 
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FIGURE 10.3.   MetroBank deployment architecture. Normalized data feeds, ML/NLP 
classifiers, and UEBA profiles form the analytical core that supports correlation, triage, and 
investigation. 
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automatically created correlation rules (mapping Indicators of Compromise (IOC) 
and tactics, techniques, and procedures (TTP) in the intelligence update to MITRE 
ATT&CK techniques). For instance, when a PowerShell command-and-control 
string extraction (T1059.001) was described in the report, the assistant generated 
a SecureEye rule that detected any process that invoked the “Invoke-Expression” 
function with a remote payload string.

	▪	 SOAR playbooks: Playbooks were defined to standardize the triage process. If 
a user’s UEBA risk score was >85 (scale of 0–100) and a correlated rule fired a 
potential credential-dump alert (e.g., a suspicious “lsass.exe” process accessed), 
SecureEye triggered a “High-Risk User Investigation” playbook. The playbook 
(which helps in the identification and mitigation of high-risk security threats) 
automatically executed the following steps, sans human intervention:

	 1.	 Isolate endpoint. By leveraging integration with the EDR platform, the sus-
pected Endpoint was quarantined on a segmented VLAN.

	 2.	 Enrich with threat intel. The user’s IP was cross-checked with live threat 
feeds in detail; any matches were flagged for additional alerts.

	 3.	 Snapshot host memory. The SOAR engine triggered the EDR API to take a 
forensic memory snapshot of the host for later analysis.

	 4.	 Notify analysts. A ticket was created in MetroBank’s ITSM system, with 
related logs and UEBA risk context attached, to alert our analysts to the 
incident.

Incident Scenario: Detecting an Insider Data Exfiltration Attempt
Day 1

	 1.	 Initial anomaly detection (Day 1, 10:15 p.m.)
	 ▪	 The UEBA module within SecureEye detected a late-night login from “j.smith,” 

a senior loan officer whose login hours were consistently between 7:00 a.m. and 
7:00 p.m., resulting in an initial risk score of 60 (medium).

	 ▪	 It then detected an unsupervised ML model that observed an unusual spike 
in outbound network traffic from J. Smith’s workstation. While his peers aver-
aged 100 MB/day of upload, J. Smith uploaded 1.2 GB in 10 minutes to a cloud 
storage service. The ML model labeled this behavior as ​2.5σ​, meaning it’s a sta-
tistically significant and rare deviation from the user’s typical behavior.

	 2.	 NLP-based IOC extraction (Day 1, 10:17 p.m.)
	 ▪	 A helpdesk ticket was parsed with SecureEye’s NLP engine, and key phrases 

such as “resolve printing error” were identified as benign business process 
requests. The free-text attachment described a URL link to a cloud storage 
folder. The NLP model extracted the URL using its native ability to understand 
context and flag it as an “unfamiliar domain.”

	 ▪	 A threat intelligence feed, via a correlation rule, assigned a “medium-risk” rep-
utation to the domain due to a recent report of malicious cloud storage buckets 
being abused in a file exfiltration attack (IOC = T1094).

	 3.	 Automated correlation and playbook activation (Day 1, 10:18 p.m.)
	 ▪	 The alert was automatically promoted to “High Risk” based on its UEBA risk 

score (change in user behavior) and network anomaly, both of which exceeded 
pre-configured thresholds (i.e., rare, risky event). It therefore constituted 
sufficient evidence to assume a compromise. Automated playbook “High-Risk 
User Investigation” was launched.

	 ▪	 The endpoint was isolated within 30 seconds, and a memory capture request 
was sent to hosts for “forensic capture.”

c10.indd   192c10.indd   192 03-06-2026   14:40:4803-06-2026   14:40:48



193Correlation and Investigation within SIEM

Day 1, 10:30 p.m., to Day 2, 2:00 a.m.

	 4.	 Contextual enrichment and analyst review
	 ▪	 Enrichment (Asset criticality) – j.smith’s workstation was part of the “Loan 

Processing Cluster,” which had access to PII (personally identifiable information).
	 ▪	 Enrichment (Historical logins) – In previous weeks, j.smith had occasionally 

logged in after hours from an overseas IP address while using VPN protection 
(False Positive). This time, however, the IP geolocation was of a neighborhood 
coffee shop in his hometown.

	 ▪	 Analysts were notified with full context:
	 a.	 UEBA risk score: 90 (high)
	 b.	 Threshold breached: UEBA ≥ 80 and network upload > 500 MB in < 15 

minutes
	 c.	 Threat intel: Medium-risk cloud storage domain (T1094)
	 d.	Endpoint isolation and memory snapshot events

	 ▪	 By 2:00 a.m., the incident response (IR) lead had verified that J. Smith was 
actively uploading (copying/pasting) spreadsheets with PII of loan applicants 
to the cloud folder.

Day 2, 8:00 a.m.

	 5.	 Forensic reconstruction and response
	 ▪	 Forensics team proactively leveraged SecureEye’s built-in EDR/NDR telemetry 

to retrace the following timeline of events:
	 ▪	 6:00 p.m. (Day 1) j.smith’s account received a password reset notification via 

email via the phishing link.
	 ▪	 8:45 p.m. Attacker (unknown insider who pivoted on using j.smith’s user-

name and password) moved laterally to j.smith’s machine from a zero-trust 
segmented zone.

	 ▪	 Their behavioral actions were identified in exquisite detail: (A) browsing 
PII-containing databases, (B) downloading CSV exports, and (C) staging for 
exfiltration.

	 ▪	 10:15 p.m. The attacker (now fully masquerading as j.smith) exfiltrated the 
target data to the cloud folder.

	 6.	 Leveraged SecureEye’s extended retention
The investigators leveraged SecureEye’s extended retention of complete event data 
and metadata to successfully identify the root cause of the attack: (1) the phishing 
email came from a vulnerability in the bank’s legacy Email Gateway; and (2) the 
attacker was exfiltrating the data out through the cloud folder.

Weeks 2-4
	 ▪	 Post-Incident Analysis and Continuous Improvement.
	 ▪	 Analysts tuned and retrained an unsupervised ML model to the noise of routine 

overnight batch jobs to reduce false positives (FPR).
	 ▪	 UEBA baselines were recalibrated to account for legitimate after-hours system 

maintenance tasks performed by senior loan officers.
	 ▪	 The bank’s email security team proactively remediated the known vulnerability 

in its legacy email gateway and hardened its attachment sandboxing controls, 
proactively blocking attacks before they ever reached the SIEM.

	 ▪	 SecureEye’s custom rules engine was updated to trigger an action on a high-risk 
event immediately: any event (upload of a PII-tagged file per DLP integration) 
with a concurrent risk score > 75 would now automatically trigger an immediate 
lockout of the user account.
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Outcomes and Key Benefits
Figure 10.4 illustrates key outcomes and lessons learned from MetroBank’s 
implementation.

	 1.	 MTTD and MTTR are reduced. The SIEM’s automated detection and play-
books detected the exfiltration within 10 minutes of the first anomalous event, as 
opposed to the prior manual process that took over 2 hours to triage, confirm, and 
isolate.

	 2.	 Signal-to-noise ratio is reduced. Bayesian weighting and peer-group anal-
ysis reduced UEBA alert fatigue caused by normal variations in legitimate user 
behavior, such as backups and nightly batch processes. Analysts could now 
quickly triage and focus on abnormal, risky user behaviors.

	 3.	 Holistic threat is visible. Visibility into the attacker’s full path from creden-
tial compromise through lateral movement to exfiltration, which is enabled by 
the EDR/NDR and TIPs integrations. The analysts can now conduct thorough 
forensic reconstructions.

	 4.	 Continuous learning is important. Retraining the ML model weekly and reg-
ularly tweaking correlation rules progressively improve anomaly detection accu-
racy. The SOC’s risk of “alert fatigue” has also significantly decreased.

Lessons Learned
	 1.	 Contextual enrichment is the key to effective incident prioritization. 

The actual value of a risk score lies not in generating it, but in annotating it with 
context and other artifacts, such as asset criticality, historical login patterns, and 
threat-reputation data. This is how analysts quickly zeroed in on and prioritized 
j.smith’s incident above, including the lower-impact, false-positive anomalies.
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FIGURE 10.4.   Outcomes and lessons learned from the MetroBank case study. The figure 
links measurable operational gains to the implementation lessons that sustain long-term SIEM 
effectiveness. 
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	 2.	 Model sensitivity needs tuning. Thresholds that were too sensitive, espe-
cially in unsupervised anomaly detection, tend to generate false positives. Batch 
processes occur during specific hours in some environments. That, combined with 
j.smith’s regular international travel was falsely posing as genuine user behavior. 
Fine-tuning the model’s sensitivity is a continuous process, and it only improves 
with more data and post-incident feedback loops.

	 3.	 Automated playbooks are extremely valuable. This tool would otherwise take 
three times as long to respond if human intervention were required at every step. 
The workstation would have continued to exfiltrate data for another hour before 
anyone manually approved an isolate command. Automating containment steps 
not only relieve pressure on human operators but also prevent errors and enforces 
standard response procedures.

	 4.	 NLP can uncover early threat indicators. Free-text fields, such as helpdesk 
tickets and email subjects, can be parsed with NLP to uncover subtle IOCs that 
traditional signature-based detection would miss. This early semantic insight was 
also critical for rapidly escalating this incident.

	 5.	 Cross-tool integrations elevate forensics. SecureEye’s EDR/NDR integration 
of endpoint and network activity data would have made it difficult to reconstruct 
the timeline and link the email attack to the misuse of j.smith’s credentials and 
exfiltration efforts. Not having integrated logs, investigators would have to hunt 
for events across uncorrelated, disparate tools, which is time-consuming.

Relevance to Chapter 10 Concepts
MetroBank’s fictional case study highlights the role that UEBA (insider threat and 
behavior-based forensics), ML, NLP, automated correlation rules, SOAR playbooks, 
and cross-tool enrichment play in providing security analysts with an SIEM solution 
that can effectively offer proactive, intelligence-led defenses that can be applied in the 
real world of financial services. By rapidly detecting insider data exfiltration attempts 
and automatically containing them to prevent loss of PII, then simplifying forensics 
to provide specific behaviors and a clear record of an event, SecureEye SIEM dem-
onstrates the value of moving beyond reactive, rule-based security operations to an 
automated and behavior-based approach to threat detection, analysis, and contain-
ment. The case also underscores the value of including behavior-based forensics with 
SIEM and the power of ongoing learning and contextual enrichment to improve MTTD 
and MTTR while giving security teams a feeling of staying one step ahead.

WHAT WE HAVE LEARNED

The MetroBank case study provides an opportunity to demonstrate the relevance and 
impact of the concepts covered in Chapter 10 in a real-world environment. In this solu-
tion, we will map each of the chapter’s key lessons to how the bank applied them during 
its deployment, describe the specific lessons learned or best practices identified by the case 
(such as the need for continuous learning and enrichment), and explain how MetroBank 
can further apply these best practices to improve its security posture over time.

Application of Chapter Concepts
	 1.	 Automated investigation workflows

Chapter 10 emphasizes a shift from manual, rules-based triage to AI-driven inves-
tigation workflows that group related alerts into a single incident and trigger 
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predefined response actions without waiting for analyst intervention (Akhmetov 
et al., 2023; Muvva & Israr, 2024).

	 ▪	 Case application: In MetroBank’s SecureEye SIEM deployment, the system 
automatically correlated the anomalous behavior of “j.smith” logging in from 
a new location (and uploading 1.2 GB to a cloud storage domain) to the same 
user entity. It binned those two alerts into one “High-Risk User Investigation” 
incident. It immediately triggered two advanced defense security actions –  
endpoint isolation (disconnecting the suspect device from the rest of the net-
work) and memory capture (preserving the state of the system in volatile 
memory) – within 20 seconds (Onishchenko et al., 2024).

	 2.	 UEBA and behavioral scoring
UEBA establishes behavior baselines for every user and asset in an organiza-
tion and mitigates the risk of Bayesian weighting causing routine but frequent 
activities (like weekly maintenance scripts) to “bounce around” the baseline and 
generate significant, transient risk scores (Exabeam, 2024a; Gatewatcher, 2024). 
However, it is peer‐group analysis that really sharpens that score by exploiting the 
power of the crowd to “find the outliers.”

	 ▪	 Case application: SecureEye’s UEBA module established a strong baseline for 
“j.smith” and rated his 10:15 PM login attempt as a moderate anomaly, as he 
usually worked 7 AM to 7 PM. The 1.2 GB upload to an unfamiliar cloud storage 
domain, however, scored as a significant deviation relative to his entire peer 
group. Averaging those two risk scores triggered an “Up Escalation” to “High 
Risk” when the average exceeded a configurable threshold of 85.

	 3.	 Machine learning models and model tuning
ML models detect both known and previously unseen attack patterns (super-
vised v. unsupervised learning), but to remain effective, the models need to be 
retrained regularly to adapt to changes in the baseline (Lee et al., 2019; Nurusheva  
et al., 2024).

	 ▪	 Case application: MetroBank trained a supervised ML classifier on six months 
of labeled incidents (such as malware, credential theft, and policy violation) 
and ran an unsupervised clustering model on network flow metadata to char-
acterize “normal” network behavior. The latter model automatically labeled the 
unusually high-bandwidth data upload by j.smith as a ​2.5σ​ deviation from his 
peers.

	 4.	 NLP for log analysis
NLP is a versatile tool that can extract hidden threats from unstructured text (such 
as free-text helpdesk tickets or email subjects) into semantic IOCs that are other-
wise missed by standard log parsers (Gurucul, 2025; Patel & Sharma, 2024).

	 ▪	 Case application: SecureEye’s NLP engine extracted a URL embedded in the 
plaintext of j.smith’s helpdesk ticket (“resolving a printing error”) as an unrec-
ognized domain, which it overlaid with threat feeds and prioritized the incident 
accordingly. Had MetroBank not deployed NLP, that potentially crucial clue 
might have been missed.

	 5.	 Correlation rules and SOAR playbook integration
Automated correlation rules, particularly when generated by LLMs, are a pow-
erful tool to increase SIEM logic coverage, rapidly translating threat intelligence 
into actionable, MITRE ATT&CK techniques‐mapped steps while minimizing 
the time and effort required to author rules manually (Onishchenko et al., 2024; 
Wudali et al., 2025). The ability to tightly integrate those rules into SOAR play-
books ensures that incident response is consistent and automatic.

	 ▪	 Case application: MetroBank’s LLM-assisted correlation rule generator auto-
matically produced a rule matching PowerShell command lets commonly 
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used to access credential dumps from memory (T1059.001). When j.smith’s 
UEBA risk and network anomaly triggered that rule, SecureEye automatically 
activated its “High‐Risk User Investigation” playbook, isolated the endpoint, 
and triggered a memory capture.

	 6.	 Contextual enrichment
Contextual enrichment refers to the process of adding related but optional meta-
data to raw events, such as asset criticality, historical behavior, or real‐time threat 
intelligence, to give analysts a more complete picture of the significance of each 
alert (Exabeam, 2024a; Savytska et al., 2023).

	 ▪	 Case application: SecureEye automatically labeled j.smith’s workstation as 
part of “Loan Processing Cluster” (which has access to PII), which, along with 
his login anomaly, triggered a threat intelligence overlay, as the cloud storage 
domain he used had been independently rated as “medium risk.” Without 
this enrichment, the bank might have dismissed the incident as a low-priority 
“strange login.”

	 7.	 EDR/NDR integration for comprehensive forensics
Integration of a SIEM with EDR and NDR sensors provides a unified view of 
attack activity, enabling analysts to efficiently perform comprehensive forensic 
reconstructions from initial compromise to data exfiltration in near real time 
(Savytska et al., 2023).

	 ▪	 Case application: Because SecureEye received telemetry from both the EDR 
agent (endpoint process creation, memory access) and the NDR sensor (net-
work flow anomalies), analysts were able to rapidly reconstruct a complete 
timeline that mapped the attacker from phishing email (6:00 p.m.) to lateral 
credential reuse (8:45 p.m.) to data staging and exfiltration (10:15 p.m.).

	 8.	 Data quality, normalization, and ongoing model maintenance
This chapter strongly emphasizes the need to maintain consistent, reliable data 
ingestion and normalization pipelines across all log sources and continuous 
tuning of all ML models to keep them up to date with changes in normal organi-
zational behavior (Patel & Sharma, 2024; Nurusheva et al., 2024).

	 ▪	 Case application: SecureEye’s unsupervised model initially alarmed on rou-
tine overnight backups as anomalies. By normalizing timestamps (all events 
default to UTC rather than local time) and enforcing consistent, standardized 
event categories across all logs, MetroBank was able to reduce false positives 
and demonstrate the solution’s value rapidly.

	 9.	 Privacy, compliance, and ethical use of behavioral analytics
The use of PII in behavioral analytics requires robust privacy controls, including 
pseudonymization and comprehensive audit trails, to satisfy GDPR, HIPAA, and 
similar compliance frameworks (Exabeam, 2024a; Patel & Sharma, 2024).

	 ▪	 Case application: SecureEye detected and flagged that j.smith’s downloads 
contained PII. The bank’s compliance team ensured that only anonymized 
(masked to “User_324” etc.) user IDs appeared in aggregated analytics reports. 
All automated decisions (risk scores, endpoint isolation, etc.) were automati-
cally logged for a thorough audit trail.

	10.	 Future‐oriented enhancements
The final section of this chapter alludes to the advent of federated learning 
for cross‐organization model training (allowing privacy‐preserving sharing of 
behavioral baselines) and real‐time threat‐intel fusion for sub‐second enrichment 
(Gurucul, 2025; Wudali et al., 2025).

	 ▪	 Case application: MetroBank is already planning to test the potential of 
a federated learning consortium with peer banks to jointly train an anomaly 
detection model on anonymized transaction patterns (without sharing the 
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underlying data points). This consortium has the potential to supercharge the 
bank’s fraud detection rate significantly without compromising data privacy. 
The bank is also evaluating an ultra-low-latency threat feed that can update its 
correlation rules in real time.

Lessons Learned
	 1.	 Preparation is key to incident response. Well-defined playbooks were critical 

to enabling the system to initiate the initial investigation automatically and, in 
doing so, reduce the mean time to respond (MTTR) to minutes. If MetroBank had 
left it to analysts to correlate system logs and issue order-correlation queries man-
ually, the exfiltration might have gone on for hours. Preparation in this context  
is key.

	 2.	 An appropriately tuned UEBA model is the secret to minimizing noise and 
analyst fatigue. The use of Bayesian weighting in UEBA was a turning point 
for MetroBank. Bayesian smoothing almost eliminated false positives from rou-
tine but infrequent batch jobs (such as overnight index rebuilds) that run after 
business hours.

	 3.	 Thresholds must be fine-tuned to prevent false alarms. As a newly deployed 
model, the unsupervised clustering model raised alarms on legitimate but infre-
quent network transfers, such as nightly backup jobs. False alarms like this led 
the bank to revisit thresholds and training data for model tuning so that known 
batch-job profiles are excluded in the future.

	 4.	 Helpdesk tickets often contain critical threat IOCs in plain sight. The bank 
learned that NLP, however mundane it may seem, is worth the investment, and 
that implementing this type of solution can increase confidence in an organiza-
tion’s ability to detect and remediate complex, multistep attack chains.

	 5.	 It is vital to invest in rigorous validation as it relates to the efficacy of 
LLM-generated rules. If MetroBank had relied solely on analysts to craft rules 
in this case manually, the novel data exfiltration technique might have remained 
undetected. The bank is now more confident in its security posture by combining 
LLM-generated rules with a validation process that drastically reduces coverage 
gaps and accelerates response.

	 6.	 Alerts devoid of context are often misprioritized. In this case, the SOC team 
has learned that enrichment is the secret to avoiding the crippling “alert fatigue” 
in favor of a manageable focus on high‐impact incidents, which is both reassuring 
and empowering.

	 7.	 Disparate tooling challenges can only be solved by forcing analysts to per-
form time‐consuming, manual correlation. The bank’s lesson is that unifying 
endpoint and network telemetry in a single SecureEye solution reduced investiga-
tive turnaround times by orders of magnitude.

	 8.	 Clean, normalized data is the key foundation of all accurate detection. 
However, munging skewed inputs into models can lead to inaccuracies and 
suboptimal model performance. Good data is complex but very worthwhile, as 
MetroBank has learned.

	 9.	 Without robust privacy controls, behavior analytics becomes a threat to 
regulatory compliance. The bank realized, for example, that it needed clear data 
governance policies that dictated who could see detailed user behavior vs. a risk 
score.

	10.	 Adversaries never stand still, and neither can we. MetroBank understands 
the need not just to stay current but to get ahead of its threat detection needs by 
proactively innovating, which is both motivating and inspiring for its team.
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Moving Forward: Leveraging Lessons Learned
	 1.	 Expand automated playbooks. Extend containment playbooks to cover addi-

tional high-risk situations, including DLP-tagged bulk downloads, and validate 
those playbooks against updated threat intelligence.

	 2.	 Retrain behavioral models. Schedule recurring updates as business processes, 
staffing patterns, and user baselines change so that legitimate behavior does not 
inflate risk.

	 3.	 Create a feedback loop. Enable analysts to label false positives for retraining 
and explore federated learning with peer institutions without sharing underlying 
data.

	 4.	 Broaden NLP coverage. Inspect collaboration platforms, email metadata, and 
other unstructured text sources for emerging indicators of compromise.

	 5.	 Version and test correlation rules. Align LLM-generated rules to new threat 
intelligence and validate each update in a proof-of-concept environment before 
production release.

	 6.	 Add richer business context. Incorporate DLP tags and asset ownership so that 
high-risk uploads are escalated immediately and with clear business impact.

	 7.	 Expand telemetry sources. Include cloud-native logs and DLP events so forensic 
reconstruction covers both on-premises and cloud activity.

	 8.	 Monitor data health. Track ingestion delay, missing fields, and schema drift, 
and pair that monitoring with a recurring model-retraining cadence.

	 9.	 Strengthen privacy controls. Restrict access to PII-linked behavioral views and 
audit UEBA data stores regularly.

	10.	 Pilot collaborative intelligence. Join an ISAC or similar consortium and mea-
sure sub-second threat-intelligence latency so correlation logic stays current.

CHAPTER SUMMARY

Chapter 10 shows how modern SIEM platforms turn cross-source telemetry into pro-
active, behavior-driven investigations through AI, ML, UEBA, and orchestration:

	▪	 AI-driven investigation: SIEM has moved beyond static rule matching to work-
flows that group related events and trigger timely response actions (Lee et al., 
2019; Akhmetov et al., 2023; Muvva & Israr, 2024).

	▪	 UEBA and Bayesian weighting: Behavioral baselines, peer-group analysis, and 
weighted scoring help reduce false positives while preserving focus on genuinely 
risky activity (Exabeam, 2024a; Gatewatcher, 2024).

	▪	 ML and NLP: Supervised and unsupervised models surface known and novel 
threats, while NLP extracts semantic indicators from unstructured log fields (Lee 
et al., 2019; Nurusheva et al., 2024; Gurucul, 2025).

	▪	 Automated rules and playbooks: LLM-assisted rule generation and SOAR 
execution convert threat intelligence into faster, more consistent containment 
decisions (Onishchenko et al., 2024; Wudali et al., 2025; Swimlane, 2024).

	▪	 Enrichment, integration, and readiness: Contextual enrichment, EDR/NDR 
integration, data normalization, privacy controls, and ongoing tuning are what 
make SIEM investigations operationally effective and legally defensible (Savytska 
et al., 2023; Patel & Sharma, 2024).

	▪	 Future direction: Federated learning and real-time threat-intelligence fusion 
point toward faster, privacy-preserving, and more adaptive investigation pipelines 
(Gurucul, 2025; Wudali et al., 2025).
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FINAL THOUGHT

Modern SIEM platforms use AI, ML, and behavior-driven analytics to turn data silos 
into automated, actionable security investigations. Automated investigation work-
flows, UEBA scores, and playbooks orchestrated with complementary tools drastically 
reduce MTTD and MTTR. These are not mere technological advancements; they rep-
resent a fundamental shift in security operations toward proactive, intelligence-driven 
defenses in the age of advanced, APT-level cyberattacks.
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INTRODUCTION

Chapter 11 explains why digital forensics must be adapted to the environment under investi-
gation. Critical infrastructure, service-oriented, cloud, IoT, and interdependent systems all pro-
duce different evidence types, operational constraints, and legal considerations. This chapter 
therefore focuses on domain-aware forensic readiness, evidence preservation, and behavioral 
indicators that help investigators respond effectively without disrupting live operations.

KEY TERMS

	▪	 ActDF
	▪	 blockchain-based evidence integrity
	▪	 cloud forensics six-stage framework
	▪	 Domain-Specific Cyber Forensic 

Investigation-Process Model (DSCFIPM)
	▪	 forensics and compliance auditing (FCA)
	▪	 IoT forensics
	▪	 Khan’s multi-agent storage framework
	▪	 PAR framework (proactive, active, and 

reactive)

	▪	 proactive digital forensics (ProDF)
	▪	 reactive digital forensics (ReDF)
	▪	 SCADA forensic framework
	▪	 service-oriented architecture (SOA)
	▪	 SDN forensic methodology
	▪	 standard operating procedures (SOPs)
	▪	 STRIDE threat modeling

LEARNING OBJECTIVES

By the end of Chapter 11, readers will be able to:

	 1.	 Evaluate forensic requirements for SCADA/ICS and other critical-infrastructure 
environments.

	 2.	 Compare evidence-collection strategies for SOA, SDN, storage, smart-city, and IoT 
investigations.

	 3.	 Explain how privacy-preserving collection and integrity controls support cloud, IoT, and 
healthcare forensics.

	 4.	 Analyze interdependencies across infrastructures using proactive, active, and reactive 
forensic practices.

	 5.	 Apply domain-specific methods to oil and gas, cloud, healthcare, and financial 
environments.

	 6.	 Identify behavioral indicators that distinguish normal operations from domain-specific 
attack activity.

CHAPTER 11
Specialized Forensics by Domain
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WHY I NEED TO KNOW THIS

Modern investigations span infrastructures with very different operational, legal, and 
technical constraints. Knowing how those differences affect evidence collection helps 
investigators avoid missed artifacts, unnecessary disruption, and evidence that may 
not withstand scrutiny.

Forensic readiness, with a particular emphasis on blockchain and AI technol-
ogies, is not just a nice-to-have; it is a must. Blockchain ensures evidence integrity, 
while AI enables faster anomaly detection. Proactive, active, and reactive forensic 
models—the PAR framework—support continuous monitoring and real-time triage 
across interdependent networks, helping reduce investigation timelines and limit cas-
cading effects (Grobler et al., 2010; Tanner et al., 2022). Proactive digital forensics 
(ProDF) sets up monitoring, baselines, and readiness measures so investigators can 
detect suspicious activity before an event occurs. Active digital forensics (ActDF) 
captures and preserve evidence while suspicious activity is taking place. Finally, reac-
tive digital forensics (ReDF) preserves and documents evidence after the event so 
attacker behavior can be investigated and analyzed (Grobler et al., 2010).

Critical infrastructure systems include SCADA forensic frameworks and 
industrial control networks (ICNs). Without domain-specific frameworks, one risks 
missing ephemeral artifacts or failing to meet compliance requirements (Fakiha, 2024; 
Henriques et al., 2023). Service-oriented architecture (SOA) and software-defined net-
working (SDN) forensic methodologies introduce distributed and ephemeral data flows. 
Traditional forensic models are inadequate for capturing these short-lived, dispersed 
data streams. Live-switch memory analysis and evidence-neutral approaches are cru-
cial for preserving potential case-critical data (Akremi et al., 2020; Chin & Xiong, 2017).

Multi-tenancy architectures and resource-constrained devices in cloud and IoT 
environments require forensic readiness that leverages privacy-preserving extrac-
tion techniques and blockchain-based evidence integrity. This approach helps navi-
gate jurisdictional complexities and device heterogeneity (Neuner & Stransky, 2016;  
Sidhu & Singh, 2023; Stoyanova et al., 2020).

Question: Explain the PAR model of digital forensics. How do all three compo-
nents work together to support a thorough investigation?

Answer: PAR stands for Proactive Digital Forensics (ProDF), Active Digital 
Forensics (ActDF), and Reactive Digital Forensics (ReDF) (Grobler et al., 2010).

Explanation:

	 ▪	 Proactive digital forensics (ProDF) establishes monitoring, baselines, and read-
iness measures before an incident occurs so investigators can detect suspicious 
activity early (Grobler et al., 2010).

	 ▪	 Active digital forensics (ActDF) captures volatile evidence while suspicious 
activity is underway so transient artifacts are preserved for analysis (Grobler 
et al., 2010).

	 ▪	 Reactive digital forensics (ReDF) preserves and analyzes evidence after the 
event so investigators can reconstruct attacker behavior and document find-
ings (Grobler et al., 2010).

Knowing how to recognize behavioral indicators of compromise (IOCs) is not just 
a skill; it is a powerful tool that can make one feel in control. Sophisticated adversaries 
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use techniques that are not always detected by the default rule engines in detection 
tools, from protocol anomalies in energy systems to container-layer tampering in the 
cloud. With behavioral indicators in hand, one can take control and confidently engage 
with these adversaries (Slay & Sitnikova, 2009; Stax, 2023).

Domain-specific forensic approaches are vital to conducting practical, timely, and 
legally defensible investigations in today’s patchwork cyber landscape.

WHY THIS CHAPTER IS IMPORTANT

Homogeneity in cyberspace is over; adversaries have become more infrastructurally 
opportunistic, and breaches have found convenience in domain-specific edges. The 
ability to probe homogeneously becomes ineffective, if not inadequate. This chapter 
shows that the absence of a domain-tailored strategy would jeopardize investiga-
tions, increasing the likelihood of overlooking critical artifacts, violating privacy rules 
and policies, and failing to meet regulatory compliance obligations (Henriques et al., 
2024; Neuner & Stransky, 2016). As such, it compiles an exhaustive tabular snapshot 
of domain-specific forensic frameworks, behavioral patterns, and guiding principles, 
providing actionable next steps for properly architecting and operationalizing forensic 
processes that meet the dual criteria of technical robustness and policy compliance 
(Slay & Sitnikova, 2009; Tok & Chattopadhyay, 2022). Additionally, the way artifacts 
materialize in different infrastructures matters. Artifacts such as “ephemeral SDN flow 
rules” (transient rules governing data packet forwarding in SDNs), “cloud‐specific 
metadata” (metadata peculiar to cloud computing environments), or “IoT memory 
buffers” (temporary storage used by IoT devices) have inherently different materiali-
zation factors that point to ensuring forensic readiness is built into a system’s architec-
tural DNA, and not retrofitted (Chin & Xiong, 2017; Stoyanova et al., 2020).

What makes this chapter especially important is that the evidence itself changes 
by domain: SDN flow rules are transient, cloud evidence is metadata-rich and juris-
dictionally complex, IoT devices are resource-constrained, and interdependent infra-
structures can turn one local compromise into a wider operational failure. A single, 
domain-neutral workflow rarely captures all of those conditions well.

HOW IT RELATES TO ADVANCED BEHAVIOR-BASED  
NETWORK FORENSICS

This chapter’s cross-domain focus aligns with advanced behavior-based network 
forensics because both approaches depend on understanding normal behavior before 
abnormal activity can be identified. In SCADA systems, that means recognizing 
expected Modbus/DNP3 patterns; in cloud environments, it means spotting unautho-
rized RBAC changes or unusual container activity; and in IoT environments, it means 
identifying replay behavior and device-level anomalies. Domain-aware logging, con-
tinuous monitoring, and context-rich baselines make those distinctions possible and 
turn raw telemetry into defensible behavioral evidence (Slay & Sitnikova, 2009; Wiz, 
2025; Tok & Chattopadhyay, 2022; Walkup et al., 2020).

THE “SO WHAT?”: WHY IT MATTERS
If investigators collect artifacts without accounting for their domain, they risk incom-
plete evidence, privacy errors, and conclusions that will not withstand legal or opera-
tional scrutiny. Domain-aware forensics improves the speed and accuracy of collection, 
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helps manage cascading failures across interdependent systems, and supports safer 
operations in highly regulated environments.

That value becomes clearest in high-consequence environments, where a missed 
cloud log, a lost SDN rule, or an unpreserved IoT artifact can delay attribution and 
extend operational harm. A domain-specific approach reduces those blind spots  
and helps investigators act while the evidence is still useful.

HOW DO I APPLY THIS?

Key specialized forensic methodologies and investigative considerations to apply to 
each infrastructure domain include the following:

Question: What is the DSCFIPM, and why is it important?

Answer: The DSCFIPM is a structured process model that defines standard 
operating procedures (SOPs) and investigative phases tailored specifically to criti-
cal infrastructure environments, such as SCADA and Industrial Control Systems 
(Satti & Jafari, 2015).

Explanation: DSCFIPM matters because critical infrastructure networks have 
unique operational constraints and regulatory requirements. By codifying domain- 
specific SOPs, investigators can consistently collect, preserve, and analyze volatile 
artifacts without disrupting system availability. This ensures both technical rigor 
and legal defensibility during incident response (Satti & Jafari, 2015).

	▪	 Critical Infrastructure Networks (SCADA, industrial control systems, 
etc.): Consider the integration of forensics and compliance auditing (FCA) 
frameworks for maintaining operational integrity and security in such systems. 
FCA frameworks help handle heterogeneous data types typically in industrial con-
trol systems and create a secure environment. The use of blockchain and artificial 
intelligence (AI) enhances evidence integrity and expedites anomaly detection, 
as highlighted by Henriques et al. (2023, 2024). Codify standard operating 
procedures (SOPs) for evidence handling in such hostile environments by 
implementing the Domain-Specific Cyber Forensic Investigation-Process 
Model (DSCFIPM), thus ensuring legal defensibility in jurisdictions with strict 
regulatory compliance (Satti & Jafari, 2015). Deterministic replay is an effective 
method for attackers to prevent disruptions while reconstructing and validating 
system states for incident analysis, thereby giving the audience the confidence 
they need (Walkup et al., 2020).

	▪	 SOA and SDN: Map digital-forensic standards to service-neutral evidence formats 
for distributed SOA environments and apply live-switch memory analysis plus 
real-time triage to SDN components so volatile control- and data-plane artifacts 
are preserved (Akremi et al., 2020; Chin & Xiong, 2017).

	▪	 Storage network infrastructure: Deploy Khan’s multi-agent forensic frame-
work that allow agents on individual storage nodes to collect and correlate event 
logs passively. Consolidating logging and maintaining centralized visibility into 
user activity can improve the organization’s insight into its storage infrastructure 
and improve the efficiency of incident reconstruction (Khan, 2018).

	▪	 Smart city ecosystems: Implement Spoofing, Tampering, Repudiation, 
Information Disclosure, Denial of Service, Elevation of Privilege (STRIDE) 
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threat modeling to anticipate potential adversarial behaviors and evidence 
sources across diverse urban sensors and control systems, thus preparing for and 
preventing potential threats. Smart-city environments demand the collection and 
prioritization of forensic artifacts, such as those from mission-critical compo-
nents like traffic control systems and public utilities, which are typically ranked by 
potential impact on safety and quality of life, according to threat categories (Tok & 
Chattopadhyay, 2022).

	▪	 IoT ecosystems: Implement privacy-preserving evidence acquisition techniques, 
and the use of blockchain-based evidence validation can address the challenges 
of device diversity and trust in IoT forensics (Sidhu & Singh, 2023; Stoyanova 
et al., 2020). The latter approach builds trust and helps ensure long-term avail-
ability and integrity of evidence. It also allows for IoT forensic readiness. Secure 
logging mechanisms and decentralized storage ensure that forensic artifacts are 
available when incidents occur (Stoyanova et al., 2020).

	▪	 Interdependent infrastructures: Assess structural and functional dependencies 
across power, water, transportation, and other critical networks, and use the PAR 
model to support continuous monitoring, event-driven capture, and post-incident 
reconstruction where failures may cascade across domains (Grobler et al., 2010; 
Ouyang et al., 2009; Tanner et al., 2022).

Question: Why is blockchain-based evidence integrity recommended for IoT 
forensics?

Answer:  Blockchain-based evidence integrity creates an immutable, tamper-
evident record of forensic artifacts collected from heterogeneous IoT devices, 
ensuring the chain of custody (Sidhu & Singh, 2023).

Explanation: IoT environments feature a multitude of devices with limited trust 
and resource constraints. By recording cryptographic hashes of evidence to a block-
chain ledger, investigators guarantee that any subsequent modifications are detect-
able. This approach is critical for maintaining legal defensibility and ensuring that 
evidence remains unaltered from collection through analysis (Sidhu & Singh, 2023).

	▪	 Oil and gas industry: Adopt tailored frameworks for Digital Oilfield architectures 
for forensic readiness. These frameworks should support real-time monitoring of 
control systems and the forensic analysis of wireless wellhead communications 
(Owl Cyber Defense, 2019). The use of a machine learning anomaly detection 
module integrated into SCADA infrastructures can flag and address emerging 
multi-vector threats, such as tampering with supervisory control systems and 
preserving associated evidence. This knowledge should help the audience feel 
prepared.

	▪	 Cloud computing environments: A cloud forensics six-stage framework 
should be considered to manage the intricacies and jurisdictional boundaries of 
multi-tenant and distributed infrastructures (Neuner & Stransky, 2016; Wiz, 2025). 
The process usually begins with the identification stage, during which potential 
incidents are recognized, followed by the gathering stage, in which the data rel-
evant to the incident is collected. After that is the preservation stage, which con-
cerns the integrity of the acquired data. Next is the analysis stage, which is done 
to study the incident. The penultimate stage is the documentation stage, which 
involves maintaining a clear record of the previous stages; lastly, the post-incident 
investigation stage is geared toward learning from the incident. It is important to 
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acquire cloud-specific metadata (virtual machine snapshots, API logs, etc.). A cen-
tralized log management system can also ensure a transparent chain of custody.

Question: What are the six stages of the cloud forensics framework, and what 
unique challenges do they address in multi-tenant environments?

Answer: The six stages are: identification, evidence gathering, preservation, anal-
ysis, documentation, and post-incident investigation (Neuner & Stransky, 2016; 
Wiz, 2025).

Explanation:

	 ▪	 Identification pinpoints relevant resources (e.g., virtual machines, containers) 
in a dynamic, multi-tenant cloud.

	 ▪	 Evidence gathering captures cloud-specific metadata (e.g., API logs, snapshots) 
distributed across providers.

	 ▪	 Preservation ensures that data remains intact despite resource elasticity and 
jurisdictional issues.

	 ▪	 Analysis interprets evidence within a virtualized context, accounting for 
ephemeral instances.

	 ▪	 Documentation records chain of custody and cloud-provider interactions.
	 ▪	 Post-incident investigation draws lessons to improve future readiness.

   These stages address challenges such as data dispersion across regions, shared 
infrastructure, and tenant isolation (Neuner & Stransky, 2016; Wiz, 2025).

	▪	 Healthcare networks: Patient privacy can be improved with the help of secure, 
decentralized frameworks. These frameworks are also beneficial for health-
care environments due to their forensic readiness and their support for big data 
analytics (Bharati, 2024). Collecting electronic health record (EHR) audit trails 
and ensuring their integrity—including Digital Imaging and Communications 
in Medicine (DICOM) protocol logs and other forensic evidence sources—in a 
healthcare environment that considers ethics, privacy, and legal concerns.

	▪	 Financial sector: Machine-learning-driven forensic monitoring can be used to 
track transaction anomalies, login-attempt velocity, unusual API behavior, and 
bulk export activity so investigators can reconstruct fraudulent transactions and 
escalate likely insider-risk events (Gurucul, 2023).

	▪	 Emerging and cross-domain applications: Emerging environments should 
adapt ProDF for baseline readiness, ActDF for event-triggered live capture, and 
ReDF for post-incident analysis, while using techniques such as deterministic 
replay to validate attack reconstruction in rapidly changing systems (Grobler et al., 
2010; Walkup et al., 2020; Stax, 2023).

COHESIVE AND SYNERGISTIC RESPONSE

This chapter’s coverage of specialized forensic methodologies by domain highlights the 
importance of tailoring the investigative process to each domain’s unique operational, 
technical, and legal environment. The unique operational requirements and technical 
characteristics of critical infrastructure networks, such as SCADA and industrial con-
trol systems, dictate that investigators not only integrate blockchain-based evidence-
integrity mechanisms and artificial intelligence–driven anomaly detection but also 
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ensure that these solutions align with regulatory requirements for these systems. 
Fakiha (2024) and Henriques et al. (2023, 2024) have shown that FCA frameworks, 
along with a domain-specific SOPs, provide a foundational groundwork for evidence 
collection that can be both regulation- and policy-compliant while ensuring the opera-
tional continuity is so important in our practice. The Domain-Specific Cyber Forensic 
Investigation-Process Model (DSCFIPM), discussed by Satti and Jafari (2015), provides 
an important benefit in hostile or otherwise legally challenging environments, as it 
codifies the organization’s process into a consistent, repeatable model, bolstering its 
defensibility in such jurisdictions.

SOA and SDN have introduced an additional level of complexity, as the data 
required as evidence can be distributed across distributed services and transient data 
flows. Akremi et al. (2020) show the benefits of conceptual models of services that 
support evidentiary neutrality across multiple layers of service composition, ensuring 
that all generated artifacts remain admissible at any location where they may be dis-
covered. Chin and Xiong (2017) demonstrate that live-switch memory analysis and 
in-memory triage are essential for capturing volatile SDN artifacts, such as temporary 
flow rules. This analysis and triage is just another example of the chapter’s main point: 
real-time data acquisition is more crucial than ever. It serves as a supplement to exist-
ing postmortem approaches.

In storage network infrastructures, the effectiveness of a multi-agent framework is 
significant. In such frameworks, there is a population of independent agents deployed 
across different storage nodes in a network, gathering and correlating event logs in real 
time. Khan (2018) shows that such a model significantly improves visibility into access 
patterns in large storage networks, enabling investigators to trace an attacker’s steps 
more quickly. STRIDE (Tok & Chattopadhyay, 2022) can be used to model potential 
sources of evidence in an innovative city environment, leveraging rich data collected 
from smart sensors, traffic lights, control systems, and public Wi-Fi services, among 
other elements. Threats are mapped to individual city components (e.g., specific traffic 
lights and other environmental sensors), and evidence collection is prioritized based 
on these mappings, enabling a better understanding of the scale and interconnectivity 
of the innovative city ecosystem.

Question: How does STRIDE threat modeling support smart city forensic 
investigations?

Answer: STRIDE (Spoofing, Tampering, Repudiation, Information Disclosure, 
Denial of Service, Elevation of Privilege) helps investigators systematically identify 
sector-specific threats and corresponding evidence sources across smart city infra-
structures (Tok & Chattopadhyay, 2022).

Explanation: By categorizing potential adversarial behaviors, such as sensor spoof-
ing (spoofing) or data injection attacks on control systems (tampering), STRIDE 
guides the selection of forensic artifacts (e.g., traffic sensor logs, access control 
records). This targeted approach ensures comprehensive coverage of complex, 
interconnected urban systems, enabling timely detection and accurate reconstruc-
tion of incidents (Tok & Chattopadhyay, 2022).

The IoT infrastructure introduces unique challenges, such as device heteroge-
neity, constrained computational resources, and privacy concerns. Stoyanova et al. 
(2020) advocate privacy-preserving data extraction techniques that respect user privacy 
while ensuring forensic readiness. Sidhu and Singh (2023) showcase blockchain-based 
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frameworks that can play a pivotal role in establishing immutable, tamper-evident 
records of IoT evidence. This immutable record satisfies chain-of-custody requirements 
that are often contentious in decentralized settings, thereby instilling confidence in the 
system’s integrity. It also ensures evidence integrity, even in resource-constrained devices.

Interdependent infrastructures, where power grids, transportation systems, and 
communication networks rely on each other’s operations, require methodologies that 
address both structural and functional dependencies. A multi-component forensic 
approach that combines ProDF, ActDF, and ReDF can support continuous moni-
toring, event-driven capture, and post-incident reconstruction, while vulnerability-
assessment methods help investigators understand where cascading failures are most 
likely to spread (Grobler et al., 2010; Ouyang et al., 2009; Tanner et al., 2022).

The unique challenges of the oil and gas industry, cloud, healthcare, and finance 
help expand this chapter’s purview. Owl Cyber Defense (2019) describes the com-
plex architecture of a typical Digital Oilfield. Neuner and Stransky (2016) outline a 
six-stage cloud-forensics framework for multi-tenant environments, Bharati (2024) 
describes privacy-aware approaches for healthcare data, and Gurucul (2023) shows 
how behavior-based analytics can surface login-velocity anomalies and other indica-
tors of fraud in financial systems.

Individually, these domain-specific techniques help investigators build a clearer 
sense of what to look for and where to look. Behavioral indicators—from SCADA pro-
tocol anomalies to cloud RBAC drift and IoT replay behavior—improve situational 
awareness and help practitioners distinguish malicious activity from benign opera-
tional noise (Slay & Sitnikova, 2009; Wiz, 2025; Tok & Chattopadhyay, 2022).

In conclusion, this chapter provided a coherent action plan for implementing 
domain-specific techniques in forensic analysis across a range of infrastructures. The 
practical and effective solutions—the hybrid models (ProDF, ActDF, ReDF) woven 
together, with a nod to the benefits of proactive, behavior-based monitoring—are a 
great call to consider sector-specific forensic frameworks in forensic readiness and 
incident response planning. Doing so can enable organizations to respond in a wide 
range of ways that are timely, reliable, and, most importantly, legally defensible.

CASE STUDY: INVESTIGATING THE “METROLINK”  
CYBER-PHYSICAL ATTACK

Background
Time of Attack: April 2025

Target: Aurora, a fictional nation (smart city integration with transportation, 
energy, water, and public safety)

Infrastructure Components Compromised
Figure 11.1 and the following list identify the MetroLink infrastructure components 
implicated in the incident:

	▪	 Critical infrastructure networks (SCADA/ICS): Electric substations, water 
treatment plants, and traffic signal controls.

	▪	 SOA: A centralized operations dashboard aggregating data from multiple city 
services.

	▪	 SDN: Virtualized network segments for different departments (transportation, 
utilities, emergency response).
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	▪	 Storage network infrastructure: Clustered storage arrays housing sensor logs, 
CCTV footage, and historical performance data.

	▪	 Smart city components: IoT‐equipped traffic lights, environmental sensors, and 
public Wi‐Fi kiosks.

	▪	 IoT ecosystem: Thousands of edge devices (air‐quality sensors, smart meters, 
connected parking meters).

	▪	 Interdependent systems: Power distribution, water supply, traffic management, 
and emergency services, all reliant on MetroLink’s central control plane.

	▪	 Cloud services: Off‐site data analysis for predictive traffic modeling and long‐
term energy usage forecasting.

	▪	 Healthcare integration: Real‐time telemetry from ambulances and hospital 
equipment feeding into MetroLink’s health‐alert subsystem.

	▪	 Financial payment gateways: Automated fare collection for public transit and 
online bill payment for utilities.

Incident Overview
On April 10, a metro operator at the Aurora Waterworks Control Center reported sus-
picious alerts on the SCADA dashboard. Operators saw that water pumps were cycling 
rapidly during off-peak hours. A group of traffic lights were flashing red, effectively 
shutting down a major intersection. Moments later, an encrypted ransomware note 
appeared on the SOA dashboard, demanding payment in cryptocurrency to restore 

CRITICAL
INFRASTRUCTURE
AND INDUSTRIAL

CONTROL
NETWORKS

SERVICE-
ORIENTED

 ARCHITECTURES
 AND SOFTWARE-

DEFINED
NETWORKS

CLOUD AND IOT
ENVIRONMENTS

PROACTIVE
ACTIVE AND
REACTIVE

FRAMEWORK

BEHAVIORAL
INDICATORS OF
COMPROMISE

DOMAIN-SPECIFIC
FORENSIC
METHODOLOGIES

FIGURE 11.1.   MetroLink infrastructure domains implicated in the case study. The diagram 
groups the compromised environment into critical-infrastructure, SOA/SDN, cloud-and-IoT, 
behavioral-indicator, and PAR-response perspectives that are addressed in the investigation 
narrative that follows. 
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regular MetroLink service. Investigators found evidence that exfiltration of bulk data 
from storage arrays was ongoing.

Forensic Approach by Domain
	 1.	 Critical infrastructure (SCADA/ICS) forensics

Investigators applied DSCFIPM by isolating the affected substations from the 
primary grid, preserving HMI and PLC memory, and capturing controller logic 
plus network traffic before volatile evidence could disappear (Satti & Jafari, 2015;  
Slay & Sitnikova, 2009). They hashed the acquired PLC images and anchored 
those hashes to a blockchain-backed evidence register so chain of custody was 
maintained while essential services continued to operate (Sidhu & Singh, 2023).

	 2.	 SOA forensics
Our SOA forensic experts demonstrated their deep knowledge of SOA ecosystems 
to determine where the ransomware note originated. By correlating cross‐service 
requests to microservices, investigators found that the insertion of a backdoor for 
lateral pivoting had compromised a service authentication module. An evidence‐
neutrality model (a model that ensures data such as API logs is collected in a manner 
that ensures that it is admissible) was used to document every step of the acquisition 
process in a predefined way to make sure that no single investigator influenced the 
data in a way that might later be used to discredit it in court (Akremi et al., 2020).

	 3.	 SDN forensics
Attackers had gained control of the city’s SDN‐based network controller to reroute 
network flows. Forensic responders performed a live-switch memory acquisition 
to preserve the network flow rule tables before they were automatically erased, 
revealing a shadow virtual local area network (VLAN) that redirected network 
traffic for exfiltration to a remote C2 server. Real-time triage scripts (scripts that 
extract and preserve important information from devices or networks during inci-
dent response) were run to record all flow changes in switch memory (Chin & 
Xiong, 2017).

	 4.	 Storage network forensics
A multi‐agent logging framework (Khan, 2018) was used to disseminate a set of 
lightweight, distributed collection agents across storage arrays. Agents observed 
file access patterns and correlated them with login information. Investigators 
found a pattern of excessively high velocity reads on archived CCTV video and 
sensor databases, indicating bulk data exfiltration. Agents detected anomalous 
data movement to an unapproved external IP, helping analysts narrow down the 
affected files to be staged for removal.

	 5.	 Smart city threat modeling
In this case, we can see that security personnel at MetroLink had modeled its entire 
network of environmental sensors for threat intelligence prior to the attack, using 
STRIDE threat modeling (Tok & Chattopadhyay, 2022). When traffic lights began 
to flicker and malfunction, analysts could retroactively map observed behaviors 
to STRIDE threat categories, enabling them to more rapidly zero in on which IoT 
endpoints were likely compromised. This strategy made fieldwork easier by lim-
iting the search to the city’s environmental and traffic sensors.

	 6.	 IoT forensic readiness
IoT sensors, smart meters, and air‐quality monitoring devices used a privacy‐
preserving acquisition framework to secure endpoints that were resistant to the 
attack. Built lightweight forensic modules on these sensors captured volatile 
memory snapshots and internal device logs without leaking private data. Attackers 
injected false temperature data into the environment‐sensing system by using a 
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Zigbee replay attack, causing MetroLink’s SOA subsystem to reroute emergency 
services. Blockchain‐anchored evidence verified that firmware updates were not 
signed, which was the root cause of unauthorized code injection (Stoyanova et al., 
2020; Sidhu & Singh, 2023).

	 7.	 Interdependent infrastructure analysis
Power, water, and transportation systems at MetroLink are interdependent. 
Investigators therefore used the PAR model to review baseline telemetry (ProDF), 
capture volatile system state when thresholds were breached (ActDF), and recon-
struct the attacker’s movement after the event (ReDF). That combination helped 
the team identify cascading effects early and prevent a wider service failure 
(Grobler et al., 2010; Ouyang et al., 2009; Tanner et al., 2022).

	 8.	 Oil and gas (water treatment) sector forensics
Even though the water treatment facility was not a traditional oil and gas facility, it 
followed similar practices of Digital Oilfield architecture, including SCADA con-
trols and wireless sensors. Consistent with OWL Cyber Defense’s recommended 
best practices for Digital Oilfield forensics, our investigators found an observance‐
oriented approach to securing ICS, focused on closely monitoring anomalous 
commands to intelligent valve controllers and other multi‐vector anomalies, such 
as unusual pump overloads and chemical dosing spikes. Alignment with OWL 
Cyber Defense’s industry-best practices gave confidence in the approach taken 
(Owl Cyber Defense, 2019).

	 9.	 Cloud environment forensics
Long-term data analytics for predictive traffic modeling and long-term energy 
consumption runs on a multi-tenant cloud. Investigators examined the cloud 
environment as part of their investigation. Our teams were comprehensive and 
followed a six-stage cloud forensics framework, including evidence identification, 
evidence gathering, evidence preservation, data analysis, investigation documen-
tation, and post-incident investigation. Attackers used stolen credentials within 
the cloud environment. The extensive cloud‐focused analysis provided a secure 
basis for the rest of the investigation (Neuner & Stransky, 2016; Wiz, 2025).

	10.	 Healthcare network forensics
The telemetry data streaming from ambulances to city hospitals was being 
routed through the city’s network. Leveraging a decentralized forensic model, 
our forensic teams demonstrated their proficiency by capturing secure on-board 
diagnostic system (on-board diagnostic systems run as part of the network stack 
for most modern vehicles) logs and demonstrating adherence to patient privacy 
compliance guidelines (Bharati, 2024). Attackers inserted a malicious payload into 
DICOM messages, abusing the medical imaging metadata format to sow chaos 
within the city’s emergency response network.

	11.	 Financial sector forensics
Automated fare-collection terminals began showing random zero-balance mes-
sages. Investigators used behavior-based anomaly detection to correlate a sharp 
rise in login attempts, abnormal API activity, and bulk receipt generation with a 
credential-abuse campaign that pointed to likely insider collusion (Gurucul, 2023).

Outcome and Lessons Learned
	▪	 Timely incident detection: ProDF of SCADA and SDN helped to isolate, iden-

tify, and prevent a complete citywide blackout.
	▪	 Integrated behavioral analysis: Investigators were able to build a holistic time-

line of an attack by correlating the anomalous patterns, i.e., Modbus, SDN flow‐
rule changes, and IoT replay attacks, across domains.
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	▪	 Legal and regulatory compliance: The investigative process followed DSCFIPM 
and used blockchain-anchored evidence, which ensured that the board of Aurora 
accepted all collected artifacts.

	▪	 Resilience through design: Ensured that embedded forensic readiness, multi‐
agent logging, and privacy‐preserving IoT modules (which capture data from IoT 
devices without breaking privacy regulations and leaking private information) 
enabled cloud snapshot policies, which reduced downtime and preserved crucial 
evidence.

	▪	 Cross-domain collaboration: This case provided an opportunity for utilities, 
transportation, public safety, and cloud-service teams to share findings and coordi-
nate response actions, reinforcing a unified forensic culture across interdependent 
infrastructure domains.

Case Conclusion
The Aurora MetroLink case study demonstrated a real‐world–style integrated, com-
plex attack and the application of “Specialized Forensics by Domain” to contain and 
investigate it. By applying domain‐tailored frameworks, DSCFIPM for critical infra-
structure, STRIDE for smart cities, and ProDF/ActDF/ReDF for interdependent sys-
tems, along with behavior-based analysis across domains, forensic teams were able to 
successfully identify and isolate vulnerabilities to stop the spread of the ransomware 
campaign that attacked Aurora’s public services.

WHAT WE HAVE LEARNED

Application of Chapter Concepts
The MetroLink incident prompted the consideration of how forensic principles can 
be applied at scale in a large, cross-domain, and interdependent system. Figure 11.2 
illustrates how the proposed ideas fit into each phase of the real-world attack that 
disrupted MetroLink.

	 1.	 Domain-oriented forensic methodologies: SCADA/ICS and DSCFIPM
First, the real-world forensics teams used the DSCFIPM for the SCADA/ICS seg-
ments (i.e., the water treatment and electrical substations) of MetroLink by fol-
lowing SOPs. For example, they quarantined the affected PLCs, took live memory 
dumps, and then hashed and blockchain-anchored the acquired evidence artifacts 
to ensure chain of custody and compliance, without service interruption (Satti & 
Jafari, 2015; Sidhu & Singh, 2023). By doing so, they were able to capture volatile 
data that might have been lost if they had not acted immediately, such as the 
ransom note.

	 2.	 Domain-oriented forensic methodologies: SOA evidentiary neutrality
Second, the real-world forensics team found it challenging to maintain evidence 
of neutrality across MetroLink SOA. The same conceptual forensic model I used 
to model forensic processes for SOA enabled them to pinpoint the ransom note’s 
origin to a suspicious authentication microservice without contaminating evi-
dence from other microservices. The forensic teams documented the API logs and 
did a great job of collecting and standardizing forensically neutral logs in JSON 
(JavaScript Object Notation) format, showing that the note had not been changed 
since collection (Akremi et al., 2020).
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	 3.	 Domain-oriented forensic methodologies: SDN innovation
Third, the forensics team was also challenged by SDN’s ephemeral and software- 
driven state. Fortunately, they used the SDN forensic techniques I described to 
capture flow rules and control-plane activities, thereby discovering a hidden 
VLAN used for data exfiltration (Chin & Xiong, 2017). The forensics team went 
above and beyond, automatically pushing and executing triage scripts on each 
switch to capture state changes quickly before evidence could be lost.

	 4.	 Domain-oriented forensic methodologies: storage networks
In the storage network domain, a multi-agent-based approach enabled cross-
cluster event log correlation. It helped the forensics team focus on abnormal bulk 
exfiltration of CCTV and sensor data (Khan, 2018). This creative use of multi-agent 
technology, with intelligent agents deployed across clustered arrays, highlighted 
uncommon read patterns and large outbound transfers, leading the analysts to the 
affected storage nodes.

	 5.	 Domain-oriented forensic methodologies: Smart city sensors
Fourth, the forensics team at METROLINK innovatively used STRIDE threat 
modeling to pinpoint likely endpoints to be leveraged, such as environmental 
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STORAGE NETWORK
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BLOCKCHAIN-BASED
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STRIDE THREAT
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HOW AND WHAT WE HAVE LEARNED?

FIGURE 11.2.   Application of Chapter 11 concepts to the MetroLink case. The eight-step 
diagram summarizes how smart-city, SOA, SDN, storage, STRIDE, IoT, PAR, and Digital 
Oilfield methods were layered together during the investigation rather than used as isolated 
techniques. 
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sensors and traffic light controllers in the smart city domain. Investigators rapidly 
enumerated sensors when traffic lights turned red and matched observed STRIDE 
behaviors (spoofed sensor data, denial of service) to STRIDE threat categories, 
quickly narrowing the search for affected IoT endpoints (Tok & Chattopadhyay, 
2022). They effectively leveraged STRIDE threat modeling to enable rapid threat 
management.

	 6.	 Domain-oriented forensic methodologies: IoT devices
Finally, MetroLink IoT devices proved to be challenging. They were hetero-
geneous and constrained. As a result, the investigators needed to use privacy-
preserving acquisition for IoT endpoints, blockchain-based evidence validation, 
and other methods included to protect patient data in the real-world forensics 
process (Sidhu & Singh, 2023; Stoyanova et al., 2020). The investigators not only 
ensured the legal defensibility of the collected evidence but also addressed juris-
dictional concerns.

	 7.	 Interdependent and overlapping subsystems: PAR forensic model
Because MetroLink’s subsystems were interdependent, investigators used the PAR 
model to combine baseline monitoring, event-triggered volatile capture, and post-
incident reconstruction across the affected sectors. That layered approach helped 
the team trace how the compromise moved from critical-infrastructure systems 
into network-control and service layers while also identifying the points where a 
local disruption could have cascaded into a broader citywide failure (Grobler et al., 
2010; Ouyang et al., 2009; Tanner et al., 2022).

	 8.	 Oil- and gas-like subsystem: water treatment
By mimicking and closely following Digital Oilfield forensic methods, the foren-
sics team successfully identified subtle changes in control commands sent to a 
pump and its sensors for remote valve controllers and SCADA, as they closely 
monitored multi-vector threats (Owl Cyber Defense, 2019). Proved that the pump 
misbehavior was caused by someone else, the same actor behind the traffic signals 
compromise.

	 9.	 Cloud-based subsystem: pay-as-you-go analytics
As forensics teams analyzed the cloud-based pay-as-you-go predictive analytics 
model used by MetroLink, it was found that the six-stage cloud forensics frame-
work (identification, evidence gathering, preservation, analysis, documentation, 
and post-incident investigations) was implemented to good effect (Neuner & 
Stransky, 2016). The investigator collected VM snapshots, API call logs, and con-
tainer metadata to trace lateral movements in the shared environment and detect 
misconfigurations such as privilege creep in Kubernetes clusters by validating 
against RBAC drift (Wiz, 2025). Again, it was an innovative and creative forensic 
process, very well done.

	10.	 Smart city integration with healthcare: ambulance telemetry
The use of real-time ambulance telemetry is life-critical and sensitive in a health-
care integration use case like this smart city. Using a decentralized forensic model, 
investigators collected and sanitized logs from on-board devices while preserving 
patient privacy, then identified DICOM protocol abuse in which malicious pay-
loads were embedded in medical images to disrupt emergency services (Bharati, 
2024).

	11.	 Smart city financial payment gateway forensics
Investigators also demonstrated that application-layer forensic methods can be 
integrated into smart-city financial systems by correlating login-velocity anom-
alies, billing exports, and other behavior-based indicators that pointed to stolen 
administrative credentials and probable insider collusion (Gurucul, 2023).
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Lessons Learned
Here are the lessons learned in this case study from real-world situations to apply 
when responding to a similar situation.

	 1.	 Domain-tailored frameworks are essential. DSCFIPM for each domain, or 
sector-specific frameworks, such as Digital Oilfield forensic methods and the six-
stage cloud forensics model, allowed MetroLink’s different teams to collect and 
analyze evidence that would have been overlooked or lost if they had used more 
generic tools (Satti & Jafari, 2015; Neuner & Stransky, 2016; Owl Cyber Defense, 
2019).

	 2.	 Behavior-based indicators are reliable for accelerating detection. Modbus 
and DNP3 anomalies in SCADA/ICS, unauthorized RBAC changes in cloud envi-
ronments, and replay behavior in IoT networks provided investigators with early 
signals that activity had shifted from routine operations to malicious manipula-
tion. Those domain-specific indicators narrowed the search space quickly and 
improved analyst confidence during triage (Slay & Sitnikova, 2009; Wiz, 2025;  
Tok & Chattopadhyay, 2022).

	 3.	 PAR integration mitigates cascading failures. The PAR model provided 
continuous readiness across independent and interdependent subsystems by 
combining proactive baselining, live evidence capture, and post-incident recon-
struction. That layered approach helped MetroLink prevent a broader cascading 
failure after the initial compromise (Grobler et al., 2010; Tanner et al., 2022).

	 4.	 Privacy-preserving techniques can ensure security and trust. 
Privacy-preserving acquisition for IoT and healthcare data collection during 
forensic processes by the team not only helped maintain public trust but also 
ensured legal defensibility. This approach, even while capturing volatile evidence, 
provided a sense of security and protection (Sidhu & Singh, 2023; Bharati, 2024).

	 5.	 Blockchain secures chain of custody. The use of hash-based blockchain 
anchors provide tamper-evident digital evidence across IoT, SCADA, and cloud 
artifacts for post-incident legal processes (Sidhu & Singh, 2023).

	 6.	 Multi-agent logging improves visibility. Distributed agents in storage and SDN 
environments enabled real-time correlation of event logs, dramatically improving 
mean time to detection for data exfiltration and configuration tampering events 
(Khan, 2018).

Moving Forward: Leveraging Lessons Learned
Here are some recommendations that MetroLink can take to prevent similar future 
incidents:

	 1.	 Embed forensic readiness in system design. Mandate future infrastructure 
upgrades to include DSCFIPM-aligned SOPs, multi-agent logging, and blockchain-
anchored evidence pipelines as foundational design and service specifications to 
future-proof MetroLink against incidents. This “forensics-by-design” approach, 
which embeds evidence collection and forensics in the system architecture, will 
make your audience feel secure in the design decisions.

	 2.	 Implement continuous behavior-based monitoring. Leverage AI/ML models 
to analyze baseline behaviors across all domains continuously. This analysis is not 
just baseline resource utilization models but also Kubernetes RBAC states, typical 
Modbus traffic, and expected IoT telemetry, for example. Flag anomalies in real 
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time and proactively investigate them to significantly reduce time-to-detection for 
emerging threats. This proactive, real-time approach to building out and expand-
ing ProDF will enable rapid, accurate detection, significantly improve security 
response times and will instill greater confidence in stakeholders’ overall security 
readiness.

	 3.	 Expand cross-domain collaboration. Cross-domain is always hard as people 
are not used to working together outside their core or domain teams. However, 
by formalizing communication channels among utilities, transportation, public 
safety, and cloud providers, MetroLink can unify its response, share evidence 
more quickly and easily, and build joint tabletops based on MetroLink’s lessons to 
further enhance preparedness (Tok & Chattopadhyay, 2022).

	 4.	 Enhance IoT and cloud security posture. MetroLink should consider 
blockchain-backed secure update mechanisms for IoT firmware to prevent replay 
attacks and enforce stricter RBAC controls, continuous configuration moni-
toring, and immutable VM snapshots in the cloud to provide much-needed run-
time confidence by closing gaps that allowed for privilege escalation in the past 
(Neuner & Stransky, 2016; Wiz, 2025).

	 5.	 Regularly update threat models. As MetroLink’s innovative city systems 
evolve, STRIDE and other such modeling frameworks must also be applied in the 
future. This approach should also help it to stay ahead of likely threats, such as 
generative AI traffic system takeovers or adversarial ML in predictive analytics 
(Tok & Chattopadhyay, 2022).

	 6.	 Emphasize learning from post-incident reviews and training. Prepare a 
detailed postmortem or after-action review of the MetroLink attack that includes 
not only technical controls but also governance gaps and operational responses. 
That information should then be used to train MetroLink staff to instill the best 
practices of domain-aware forensics (Tanner et al., 2022).

CHAPTER SUMMARY

This chapter showed that domain-specific forensics is necessary because evidence 
sources, operational constraints, and legal obligations differ across SCADA/ICS, SOA/
SDN, storage, smart-city, cloud, IoT, healthcare, finance, and other interconnected 
environments.

Effective practice depends on built-in forensic readiness: standardized procedures, 
privacy-aware collection, continuous monitoring, and integrity controls that preserve 
volatile evidence without unnecessarily disrupting live operations.

The MetroLink case study demonstrated that investigators achieve the best results 
when they combine domain awareness with behavior-based monitoring, allowing 
them to detect abnormal activity earlier, preserve the right artifacts, and produce more 
defensible findings.

FINAL THOUGHT

Effective digital forensics relies on domain awareness, blending specialized methodol-
ogies, behavioral analysis, and legal frameworks. Combining domain-specific frame-
works with behavior-based network forensics boosts organizational readiness and 
evidence integrity. This integrated approach enables investigators to predict, detect, 
and understand attacks targeting unique vulnerabilities. Such methods ultimately 
strengthen forensic practices across infrastructures.
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INTRODUCTION

This chapter uses case studies to show how Cyber Forensics Behavioral Analysis (CFBA) 
and the Cyber Behavioral Forensics Matrix (CBFM) work in practice. Rather than repeating 
the theory from earlier chapters, it focuses on the operational lessons: how adversarial 
behavioral scores (ABS) provide early warning, how community-based matrix factorization 
(CBMF) exposes anomalous user-to-asset relationships, and how behavioral evidence sup-
ports investigation, prioritization, and adaptive response.

KEY TERMS

	▪	 Adversarial Behavioral Score (ABS)
	▪	 behavioral analytics
	▪	 Community-Based Matrix Factorization 

(CBMF)
	▪	 Cyber Behavioral Forensics Matrix (CBFM)
	▪	 Cyber Forensics Behavioral Analysis  

(CFBA)
	▪	 digital forensics
	▪	 equivocal forensic analysis

	▪	 forensic victimology
	▪	 living-off-the-land (LotL)
	▪	 MITRE ATT&CK framework
	▪	 open-source intelligence (OSINT)
	▪	 predictive analytics
	▪	 risk management
	▪	 threat intelligence
	▪	 web shell

LEARNING OBJECTIVES

By the end of Chapter 12, readers will be able to:

	 1.	 Explain how case studies validate CFBA and CBFM as behavior-driven alternatives to 
signature-only detection.

	 2.	 Define ABS and describe how it supports earlier threat prioritization and response.
	 3.	 Distinguish CBFM, the framework, from CBMF, the modeling technique it uses to detect 

anomalous communities.
	 4.	 Describe how behavioral evidence analysis strengthens digital-forensics investigations 

when technical artifacts are incomplete or ambiguous.

CHAPTER 12
Case Studies in Advanced Behavior-Based 

Network Forensics
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	 5.	 Apply MITRE ATT&CK and OSINT enrichment to improve interpretation, prioritization, 
and false-positive reduction.

	 6.	 Outline how practitioners can operationalize CFBA and CBFM through data collection, 
analytics, alert scoring, adaptive controls, and feedback loops.

WHY THIS CHAPTER IS IMPORTANT

Using CFBA and CBFM for Risk Management
Case studies matter because they translate the chapter’s abstract frameworks into  
operational decisions. CFBA evaluates anomalous network and user behavior to gen-
erate an adversarial behavioral score (ABS), while CBMF uses community-based 
matrix factorization to identify abnormal relationships among users, entities, and 
assets. Together, the two approaches help analysts surface early warning signs that 
signature-only tools often miss (Martineau et al., 2023; Mulay & Joshi, 2019; Rich & 
Aiken, 2024; Tang et al., 2023).

Equivocal forensic analysis and forensic victimology add interpretive depth when 
artifacts are incomplete or ambiguous, strengthening attribution and reconstruction 
in social-engineering and malware cases (Chavan & Bhosale, 2024). A web shell is a 
malicious script or web-based backdoor placed on a server so an attacker can execute 
commands, maintain persistence, or move laterally after initial access.

In the ransomware examples discussed in this chapter, precursor malware and 
web-shell activity surfaced before encryption, giving defenders time to intervene 
and avoid business disruption (CFC Underwriting, 2023; Construction Financial 
Management Association, 2024). For risk management, that means behavioral scoring 
can help teams prioritize emerging threats earlier, align detection with ATT&CK and 
threat intelligence, and focus resources on the incidents most likely to cause mean-
ingful impact (Balbix, 2024; Marques & Pires, 2024).

Question: How does this chapter illustrate the shift from signature-based detection 
to behavior‐driven analytics?

Answer/Explanation: Chapter 12 contrasts signature‐based intrusion detec-
tion, which depends on matching known malware signatures, with CFBA, which 
prioritizes anomalous behavior. In the ransomware example, analysts identified 
precursor malware, abnormal lateral movement, and web-shell activity before 
encryption, enabling intervention before full business impact (CFC Underwriting, 
2023; Construction Financial Management Association, 2024; Rich & Aiken, 2024).

Using CBMF to Reduce the Number of Alerts
On the other hand, security decision-makers using the mentioned frameworks can 
do an excellent job if the frameworks are appropriately constructed and aligned with 
security infrastructure (Balbix, 2024). Adaptive security controls (adjustable controls 
and alerts that adapt to environmental changes), such as ML, also help reduce the 
number of alerts by a significant amount and increase SOC operator productivity and 
efficiency (Binary Defense, 2023).

CBFM is the broader forensic framework; CBMF is the matrix-factorization tech-
nique it uses to model relationships among users, entities, and assets. That distinc-
tion matters because the framework guides investigation and prioritization, while the 
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modeling technique surfaces anomalous communities that may indicate coordinated 
or insider activity (Mulay & Joshi, 2019; Tang et al., 2023).

Question: Describe the role of CBMF in behavioral threat prediction.

Answer/Explanation: CBMF models relationships among users, entities, and 
assets as a bipartite graph and partitions that graph into subcommunities with 
cohesive interaction patterns (Mulay & Joshi, 2019; Tang et al., 2023). By high-
lighting abnormal cross-community behavior, it helps analysts identify coordinated 
or insider activity earlier and complements ABS with community-level context.

HOW IT RELATES TO ADVANCED BEHAVIOR-BASED NETWORK 
FORENSICS

Advanced behavior-based network forensics involves the real-time and retrospective 
analysis of network telemetry, such as packet captures, flow records, and firewall logs, 
for evidence of suspicious or malicious activity (Gurucul, 2023). In this regard, this 
chapter extends this concept in the following ways:

	▪	 Defining the ABS, a critical construct for advanced behavior-based network  
forensics, operationalizes the utility of network-level indicators (e.g., web-shell 
callbacks, unexpected service consumption) as a numeric representation of risk 
(Rich, 2023; Rich & Aiken, 2024).

	▪	 Incorporating CBMF into network analysis, modeling the network as a graph of 
users and assets, and anomaly detection of anomalous subcommunities proac-
tively (Mulay & Joshi, 2019; Tang et al., 2023).

	▪	 Harmonizing behavioral indicators with MITRE ATT&CK is important in that 
it provides forensic analysts with a framework by which network-level anom-
alies may be mapped to standardized tactics and techniques with confidence and 
assurance—and in fact, with a sense of “alliance” and “alignment” to the industry 
at large (Balbix, 2024; Rich, 2025).

In short, this chapter extends packet-, flow-, and log-based forensics by adding 
behavioral scoring, anomalous-community detection, and behavior-informed inter-
pretation to the investigation process. The result is a more predictive and operational 
form of advanced behavior-based network forensics.

THE “SO WHAT?”: WHY IT MATTERS

The practical value of the case-study approach is not simply that it confirms the theory; 
it shows what behavior-driven detection changes in daily operations. Figure 12.1 high-
lights four operational outcomes of CFBA and CBFM adoption: a shift from reactive to 
proactive security, stronger digital-forensics context, improved threat prediction, and 
better risk management:

	▪	 Paradigm shift in cybersecurity: The case studies show how detection moves 
from reactive signature matching to proactive behavioral anticipation.

	▪	 Enhances digital forensics: Behavioral evidence adds context when traditional 
artifacts alone are incomplete or ambiguous.
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	▪	 Predicts threats more effectively: ABS and anomalous-community analysis 
surface attack precursors before full compromise.

	▪	 Improves risk management: Behavioral scoring helps teams prioritize resources 
and adaptive controls around the highest-risk activity.

Modern threat actors increasingly rely on living-off-the-land techniques, fileless 
activity, and coordinated abuse of trusted accounts. Behavior-driven methods help 
organizations adapt to that reality by focusing on what attackers do inside the environ-
ment rather than only on what malware matches a known signature (Binary Defense, 
2023; Gurucul, 2023).

Question: How do equivocal forensic analysis and forensic victimology enhance 
digital forensics investigations?

Answer/Explanation: Equivocal forensic analysis acknowledges that digital arti-
facts (e.g., file timestamps, registry keys) can be ambiguous or insufficient to identify 
an attacker. By supplementing inconclusive evidence with behavioral and contex-
tual cues, such as correlating ABS spikes with system events, investigators can infer 
adversary actions even when direct artifacts are lacking (Chavan & Bhosale, 2024). 
Forensic victimology examines a breach victim’s digital profile (e.g., user role, priv-
ilege level, typical behavior) to understand why an adversary targeted that account, 
aiding in reconstructing attack vectors (Chavan & Bhosale, 2024). Together, these 
methods improve attribution and investigative accuracy in social engineering and 
malware obfuscation cases.

HOW DO I APPLY THIS?

For practitioners and students alike, Figure 12.2 presents a condensed six-step work-
flow for putting the chapter’s ideas into practice. The numbered discussion below 
follows those same six core actions and then closes with governance and model-tuning 
considerations.

PARADIGM SHIFT IN
CYBERSECURITY

IMPROVED RISK
MANAGEMENT

ENHANCES DIGITAL
FORENSICS

PREDICTS THREATS
MORE EFFECTIVELY

WHY IT
MATTERS

FIGURE 12.1.   Why behavior-driven case studies matter. 
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Step 1: Instrument Systems for Data Collection
Instrument systems in such a way as to generate data related to behavior, like net-
work logs, user authentication events, file access patterns, and firewall syslogs. To be 
clear, this data must be centrally collected into a SIEM or behavior analytics platform, 
which, to be even clearer, is where the remaining steps in this process will come from 
and operate (Gurucul, 2023; Rich & Aiken, 2024).

Step 2: Configure a Behavioral Analytics Tool
Install, or if the tools are already present, configure a solution to analyze this large-scale 
telemetry and identify incidents in real time. Such solutions may use both rule-based 
logic to identify known destructive behaviors (e.g., unusual login hours, unexpected 
privilege escalation, etc.) and ML models trained on prior incident telemetry (Gurucul, 
2023; Tang et al., 2023). As an ongoing activity, it is critical to regularly retrain models 

ESTABLISH
DATA

COLLECTION
MECHANISMS

CONFIGURE
BEHAVIORAL
ANALYTICS

TOOLS

IMPLEMENT
COMMUNITY-

BASED MATRIX
FACTORIZATION

(CBMF)

INTEGRATE
WITH MITRE
ATT&CK AND

THREAT
INTELLIGENCE

FEEDS

DEVELOP ABS-
BASED ALERT

PRIORITIZATION

APPLY
BEHAVIORAL

EVIDENCE
ANALYSIS IN
FORENSIC

INVESTIGATIONS

INCORPORATE
BEHAVIORAL

INSIGHTS INTO
RISK

MANAGEMENT HOW DO I
APPLY THIS?

FIGURE 12.2.   Six-step workflow for operationalizing CFBA and CBFM. The figure 
condenses the chapter’s implementation guidance into data collection, analytics configuration, 
CBMF/CBFM modeling, ATT&CK and OSINT enrichment, ABS-based prioritization, and 
behavioral evidence analysis. 
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on fresh threat intelligence to identify even the subtlest behavioral deviations indica-
tive of early-stage attack activity (Rich, 2025).

Step 3: Implement CBMF
Identify coordinated or insider attacks by applying CBMF to find a set of related 
entities, or a subcommunity, that is anomalous in its consumption of resources.

To achieve this, build a bipartite graph of the organization’s users and entities/
assets, and run clustering algorithms to identify subcommunities of users who interact 
with entities in an anomalous way (Mulay & Joshi, 2019; Tang et al., 2023). Mark  
high-risk communities with a lower root-mean-square error.

Step 4: Integrate with MITRE ATT&CK and Threat Intelligence Feeds
Remap behavioral alerts to MITRE ATT&CK tactics and techniques to contextualize 
and standardize threats within a larger framework (Balbix, 2024). Ingest OSINT feeds, 
such as IoCs from publicly known ransomware families or APT toolsets, to reduce the 
risk of false positives and align with ATT&CK (Rich, 2025). For example, a known 
PowerShell attack script running on the network can identify TTPs from OSINT or 
ATT&CK to increase the ABS scores of associated users or endpoints.

Step 5: Implement ABS-Based Alert Scoring and Prioritization
Configure the SOC workflows to score alerts using the ABS. Assign a higher score 
to alerts that include multiple indicators of attack or compromise (Rich, 2024). For 
example, unusual outbound connections may be less important when considered in 
isolation, but when seen alongside elevated file‐write activity on servers, they may be 
more critical. Thresholds should be dynamic, as well, based on environmental context 
(patching, heightened user activity, etc.) to reduce alert fatigue (Binary Defense, 2023; 
Marques & Pires, 2024).

Step 6: Apply Behavioral Evidence Analysis to Forensic Investigations

Question: What is the ABS, and why is it important?

Answer/Explanation: The ABS is a quantitative metric generated by the CFBA 
framework that assesses the likelihood of malicious activity based on anomalous 
patterns in network and user behavior logs (Martineau et al., 2023; Rich, 2023). 
Rather than relying on known malware signatures, ABS aggregates indicators such 
as unusual file access, unexpected process executions, or web‐shell callbacks to pro-
duce a risk score. Its importance lies in its demonstrated ability to predict threats 
with approximately 70 percent accuracy over 45‐day monitoring windows, enabling 
earlier intervention compared to traditional reactive systems (Rich, 2024).

Use equivocal forensic analysis and forensic victimology to analyze behavioral 
artifacts of suspected intrusions that may initially appear as anomalous registry 
entries or orphaned processes (Chavan & Bhosale, 2024). By piecing together these 
digital remnants, akin to assembling the timeline of events leading to a user’s end 
state, investigators can glean valuable insights into the breach timeline. For example, 
one can establish temporal relationships between ABS peaks and specific system 
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events (e.g., the execution of a web shell) to help identify or eliminate suspects from 
a shortlist of possible attackers (CFC Underwriting, 2023; Construction Financial 
Management Association, 2024).

After these six steps are in place, teams should integrate the resulting behavioral 
insights into risk management and maintain feedback loops for threshold tuning, 
retraining, and playbook refinement. Those activities are ongoing governance 
functions rather than separate core workflow stages, which is why Figure 12.2 pres-
ents them as follow-on operational practices.

COHESIVE AND SYNERGISTIC RESPONSE

Figure 12.3 shows the closed loop created when CFBA, CBFM, ATT&CK and OSINT 
enrichment, and risk management are used together. CFBA produces ABS from user 
and network deviations; CBFM uses CBMF to identify anomalous communities; 

DETECTS COORDINATED OR
INSIDER THREATS THROUGH
COMMUNITY-BASED MATRIX

FACTORIZATION

CYBER FORENSICS
FORENSICS MATRIX

INTEGRATION
MAPPING

RISK MANAGEMENT

CYBER FORENSICS
BEHAVIORAL ANALYSIS

ALIGNS ADVERSARIAL
BEHAVIORAL SCORE WITH
MITRE ATT&CK AND OSINT

PRIORITIZES THREATS BY
BUSINESS SIGNIFICANCE AND
USES ADAPTIVE CONTROLS

ASSIGNS ADVERSARIAL
BEHAVIORAL SCORE BASED

ON NETWORK AND
USER DEVIATIONS

FIGURE 12.3.   Cohesive and synergistic response model. CFBA produces ABS from user 
and network deviations; CBFM uses CBMF to identify anomalous communities; integration 
mapping aligns those indicators with MITRE ATT&CK and OSINT; and risk management 
converts the results into prioritization and adaptive controls. 
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integration mapping aligns those indicators with a standardized taxonomy; and risk 
management converts the analytic results into prioritization and adaptive controls 
(Balbix, 2024; Binary Defense, 2023; Mulay & Joshi, 2019; Rich & Aiken, 2024; Tang 
et al., 2023).

The practical value of the model is that each component strengthens the others. 
Behavioral detection improves early warning, forensic interpretation improves context 
and attribution, and adaptive controls translate analytic output into action that can 
reduce dwell time and analyst fatigue.

Question: What practical steps should an SOC take to implement CFBA and 
ABS‐based detection?

Answer/Explanation: To implement CFBA and ABS, the SOC should:

	 ▪	 Instrument systems to collect relevant behavioral data (e.g., network logs, 
authentication events, file access patterns) and centralize them in a SIEM or 
behavioral analytics platform (Gurucul, 2023; Rich & Aiken, 2024).

	 ▪	 Configure behavioral analytics tools to process telemetry and train ML models 
on historical incident data, retraining regularly with updated threat intelli-
gence (Gurucul, 2023; Tang et al., 2023; Rich, 2025).

	 ▪	 Map anomalous behavior indicators to MITRE ATT&CK tactics for standard-
ized threat categorization and ingest OSINT feeds to enrich behavioral models 
and reduce false positives (Balbix, 2024; Rich, 2025).

	 ▪	 Score alerts using ABS, prioritizing incidents where multiple behavioral indi-
cators converge, and adjust thresholds dynamically to minimize alert fatigue 
(Binary Defense, 2023; Rich, 2024).

	 ▪	 Establish feedback loops by comparing high‐risk ABS predictions against con-
firmed incidents and refine anomaly detection parameters accordingly (Rich, 
2025; Martineau et al., 2023).

CASE STUDY: SENTINEL MANUFACTURING’S PROACTIVE 
BEHAVIORAL INTELLIGENCE PROGRAM

Background
Sentinel Manufacturing, a mid‐sized industrial equipment manufacturer, has a world-
wide network of manufacturing plants and corporate offices. The Sentinel’s SOC 
noticed an increase in failed phishing messages and a steady stream of low‐level mal-
ware detections early in 2024. While existing signature‐based defenses had success-
fully blocked these familiar attacks, executive leadership proactively decided to take 
a closer look at the SOC’s ability to detect new or fileless attacks and commissioned a 
pilot project to adopt CFBA and CBFM to move from reactive to proactive behavioral 
intelligence (Rich, 2023; Rich & Aiken, 2024).

Phase 1: Data Collection and Behavioral Baseline
The SOC collaborated with IT to ingest Sentinel’s Microsoft 365 security event logs, 
Tier‐1 firewall syslogs, and endpoint telemetry into a centralized Security Information 
and Event Management (SIEM) platform. Honeypots were deployed in each regional 
data center to capture low‐level probes. CFBA’s ingestion pipeline began consolidating 
this longitudinal event data over 60 days to create baselines for typical user login times, 

c12.indd   226c12.indd   226 03-06-2026   14:41:0103-06-2026   14:41:01



227Case Studies in Advanced Behavior-Based Network Forensics

baseline file‐access patterns in engineering design shares, and normal network flows 
between plants (Rich, 2023).

	▪	 ABS: CFBA has been proactively calculating an ABS score for each user and device 
by correlating deviations from these established baselines. This scoring includes 
unusual activities such as late-night logins to engineering shares or repeated failed 
admin-privilege escalations involving indicators of compromise (Rich, 2023).

	▪	 Cyber Behavioral Forensics Matrix (CBFM): In parallel with ABS, Sentinel 
used CBFM, implemented with community-based matrix factorization (CBMF), to 
map user-to-resource relationships and detect anomalous cross-community access 
(Mulay & Joshi, 2019; Tang et al., 2023).

Phase 2: Threat Detection and MITRE ATT&CK Mapping
By March 31, 2024, CFBA had identified an ABS spike in one of the engineering 
user accounts. The user, “Evan,” was a mechanical engineer whose regular behavior 
included accessing CAD file shares between 8:00 a.m. and 6:00 p.m. Eastern Time. The 
ABS had alerted SOC analysts to the following on March 24:

	▪	 Unusual login time: Evan’s account logged in at 2:17 a.m., which was three stan-
dard deviations outside his baseline.

	▪	 Elevated access to Tier‐1 firewall controls: Multiple failed attempts to query 
firewall configurations, something engineers rarely or never do.

	▪	 Honeypot connections: Evan’s device had attempted connection attempts to a 
honeypot reserved for industrial control system (ICS) traffic.

CFBA’s behavior analytics engine aggregated these anomalies into an ABS of 85 
(0–100 scale), above a predetermined intervention threshold of 70. This adaptive con-
trol triggers further investigation and potential automated actions when user behavior 
is sufficiently outside the norm (Rich, 2024). Concurrently, CBMF observed that 
Evan’s interactions had crossed into the “Network Admin” subcommunity in addition 
to his typical “Engineering” subcommunity, which may have been indicative of lateral 
movement.

SOC analysts consulted the MITRE ATT&CK framework to help map these 
behavioral indicators to adversary tactics. We know from previous work (Balbix, 2024) 
that the MITRE ATT&CK knowledge base provides a rich foundation for under-
standing attackers’ potential moves in the digital realm. Using MITRE ATT&CK 
enables us to associate typical adversary tactics with the identified behavioral indi-
cators. The framework’s extensive categorization of adversary tactics and techniques 
helped prioritize and interpret the alerts effectively:

	▪	 T1078 (Valid Accounts): Clicking on the concealed link in the spear-phishing 
email was an indicator of potential credential misuse due to out-of-band access 
during unusual hours (Balbix, 2024).

	▪	 T1210 (Exploitation of Remote Services): Correlating the attempts to access 
firewall configurations with the tactics for establishing persistence raised the 
severity of the incident.

	▪	 T1566 (Phishing): Evan had received a phishing email two weeks prior, which 
the email filter flagged as low‐risk and dropped to the recycle bin.

Mapping these tactics to ABS allowed analysts to triage the alert for immediate 
review (Rich, 2025).
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Phase 3: Forensic Evidence Analysis and Investigation
When the ABS‐scored alert was escalated, the digital forensics team conducted an 
equivocal forensic analysis (Chavan & Bhosale, 2024). Key evidence included:

	▪	 Forensic victimology: Evan’s device had the registry artifacts of a “living‐off‐
the‐land” tactic: a scheduled PowerShell script created in the “\Windows\Tasks” 
directory during the last seven days (Chavan & Bhosale, 2024).

	▪	 Crime‐scene characteristics: Memory dumps showed an active web shell 
running on Evan’s workstation, used to relay commands to internal ICS servers.

	▪	 Criminal tendency assessment: Evan’s browser history indicated he had visited 
a dark web forum discussing Industrial Control System (ICS) vulnerabilities three 
days prior. Suggesting possible insider collusion or credential compromise (Rich, 
2025).

Behavioral evidence analysis reduced the number of possible suspects: security 
logs showed that Evan had clicked a concealed link in a spear-phishing email dis-
guised as an ICS maintenance bulletin, and the web shell had been installed during 
the CFBA high ABS spike.

Phase 4: Remediation and Adaptive Controls
To contain the incident, the SOC addressed three issues:

	 1.	 Automated endpoint isolation. CBFM’s adaptive controls initiated automated 
removal of Evan’s device from the corporate network when ABS exceeded 80 to 
prevent lateral movement (Binary Defense, 2023).

	 2.	 Dynamic ABS threshold adjustment. Security leadership lowered ABS 
thresholds for the “Engineering” subcommunity to 60 (one standard deviation 
below prior thresholds) to account for after-hours on-site maintenance activities 
(Marques & Pires, 2024).

	 3.	 Credential reset and security awareness. Evan’s credentials were reset and he 
was enrolled in targeted security training focusing on phishing awareness and ICS 
safety protocols.

Concurrently, CFBA’s ML models were retrained on post-incident ABS data to 
reduce false positives for legitimate after-hours logins by 20 percent. CBMF clusters 
were updated to incorporate newly discovered ICS-engineering relationships to improve 
the future detection of anomalous cross‐community interactions (Tang et al., 2023).

Phase 5: Continuous Improvement and Lessons Learned
Over the next quarter, Sentinel Manufacturing’s SOC reported:

	▪	 30 percent reduction in mean time to detect (MTTD): As a result of 
ABS‐driven alerts vs. prior signature‐only detections.

	▪	 45 percent reduction in false positives for phishing-related alerts: Behavioral 
models were improved to reduce noise, allowing analysts to focus on high-impact 
incidents (Rich, 2025).

	▪	 Refined forensic playbooks: Incorporating forensic victimology steps and equiv-
ocal analysis techniques ensured that future investigations would swiftly correlate 
behavioral anomalies with technical artifacts (Chavan & Bhosale, 2024).
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Leadership summarized key lessons in a “Behavioral Intelligence Playbook,” a 
comprehensive guide that codifies procedures for data collection, ABS calibration, 
CBMF cluster updates, and MITRE ATT&CK mapping (Rich & Aiken, 2024). The play-
book, which has since been adopted by other Sentinel divisions (e.g., supply chain and 
corporate finance) is designed to replicate the success of these proactive behavioral 
defenses.

Discussion
Sentinel Manufacturing’s fictitious case study clearly demonstrates the power of 
CFBA and CBFM to operationalize behavioral intelligence in a realistic scenario. 
This success story has the potential not only to provide our audience with hope and 
inspiration but also to motivate cybersecurity professionals and researchers inter-
ested in cutting-edge threat detection methods to continue reading and advancing 
our field.

	▪	 Leveraging ABS: The SOC was able to detect a high‐risk event (Evan’s credential 
misuse) before the encryption or exfiltration could take place, thereby validating  
CFBA’s approximately 70 percent predictive accuracy over a 45‐day window  
(Rich, 2024).

	▪	 Applying CBMF for insider threats: Modeling relationships in the network 
allowed for the detection of cross‐community anomalies, singling out an engi-
neering account with access to firewall controls (Mulay & Joshi, 2019; Tang  
et al., 2023).

	▪	 Integrating MITRE ATT&CK: Mapping behavioral indicators to tactics, like 
T1210 and T1078, informed investigation triage (Balbix, 2024; Rich, 2025).

	▪	 Conducting equivocal forensic analysis: When registry artifacts alone were 
insufficient for attribution, additional clues from ABS spikes and known phishing 
lures provided the forensic evidence needed to contain the compromise (Chavan &  
Bhosale, 2024).

	▪	 Implementing adaptive controls: Automated endpoint isolation and dynamic 
threshold adjustments for user accounts helped to minimize dwell time and 
improve detection sensitivity (Binary Defense, 2023; Marques & Pires, 2024).

In summary, this Sentinel Manufacturing case illustrates how advanced  
behavior-based network forensics can move beyond static, signature-dependent 
defenses. By weaving together behavioral analytics, digital forensics, and threat intel-
ligence, organizations can anticipate adversarial tactics, contain threats more quickly, 
and continuously improve their security posture.

Case Conclusion
Applying methodologies and practices outlined in Chapter 12, we see that Sentinel’s 
engineers and data scientists have already begun to define standard behavior patterns 
from disparate event logs, secure data storage and ingestion, compute meaningful 
behavior‐based risk scores, and execute advanced analytic use cases that previously 
were not possible (e.g., adaptive security controls and BA). In retrospect, despite being 
a post‐event validation use case, Sentinel’s approach to BA has also helped identify 
and drive behavior‐based technical controls well beyond traditional, signature‐only 
malware detection and response controls. Sentinel now has a roadmap for detecting 
and containing malicious behavior early through ongoing investment in analytics, 
training, and cross‐departmental awareness.
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WHAT WE HAVE LEARNED

The Sentinel Manufacturing case study shows how the chapter’s concepts translate 
into a practical environment. The material below highlights the chapter concepts 
applied in the case, then separates the lessons learned from the actions that should 
carry forward into future implementations.

Application of Chapter Concepts
	 1.	 Creating behavioral baselines and data ingestion

The SOC team at Sentinel was able to securely store Microsoft 365 logs, Tier 1 
firewall logs, and endpoint telemetry in a SIEM, using event logs to ingest these 
disparate data sources over 60 days.

	 2.	 Computing and interpreting the ABS
“Evan” accumulated an ABS of 85 against a threshold of 70 by logging in at 
2:17  a.m. (on‐call hours but past his core working period), executing firewall‐
related queries (outside his engineering role), and accessing a honeypot reserved 
for ICS‐related activity. This cumulative behavioral risk occurred before Evan trig-
gered any legacy IDS signatures, which would otherwise have been configured 
only on ICS‐related servers. When presented with this quantitative score, analysts 
recognized the elevated risk before an ICS breach was discovered and focused on 
investigating this behavior.

	 3.	 Using Community‐Based Matrix Factorization (CBMF)
Sentinel’s CBMF model used clustering to group “Engineering,” “Network 
Admin,” and “ICS Operators” into separate user-to-asset communities. When 
Evan simultaneously accessed engineering‐related CAD sharing application data 
with maintenance logs and firewall-related configuration data (activities that are 
atypical for his role in Engineering), the CBMF flagged this aberrant behavior as 
significant and, when mapped against MITRE ATT&CK behaviors, supported a 
high ABS from user and asset‐level baselines.

	 4.	 Mapping behavioral indicators to MITRE ATT&CK
In the case study, behavior analytics SOC team members could see that Evan’s 
off-hours login was part of a larger sequence (tool misuse and remote services 
exploitation) before initiating detailed forensic collection. Mapping gave the ana-
lysts confidence that a potentially sophisticated attack was underway, instead of 
“we see a metric spike.”

	 5.	 Performing equivocal forensic analysis and forensic victimology
The case study investigation revealed that registry keys or memory artifacts 
(malware found on Evan’s system) could not unequivocally identify the attacker. 
However, when BA forensic victimology was used (evaluating user and asset 
attributes), we inferred that the account was compromised through a phishing 
attack, which we confirmed in follow-up by inspecting suspicious emails.

	 6.	 Implementing adaptive security controls
When Evan’s ABS increased above 80, the adaptive workflow reduced his dwell 
time by automatically moving his device into a network quarantine. This dynamic 
isolation process prevented additional lateral movement to the ICS server(s) dur-
ing automated compromise detection and investigation. Sentinel’s post-incident 
discussion validated an analytic and operational success story.

	 ▪	 Continuous improvement: Sentinel is already committed to continu-
ously tuning isolation logic and adjusting risk thresholds after each elevated 
ABS event. In addition to high-caliber documentation, we plan to apply 
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reinforcement learning to tune thresholds better and dynamically scale the sep-
aration logic based on adaptive isolation success versus failures (false positives). 
We anticipate that Sentinel will be able to lower the isolation threshold for the 
Engineering community to 60.

	 7.	 Enhancing SOC workflows and metrics
We can attest to the findings in the case, with Sentinel’s SOC reducing MTTD by 
30 percent and phishing‐related false positives by 45 percent within three months 
of integrating BA into our workflow.

	 8.	 Institutionalizing continuous model retraining
As part of post-incident changes, Sentinel’s data science team retrained CFBA and 
CBMF algorithms using post-incident telemetry data to increase resilience and val-
idation to reduce false positives for previously detected after‐hours maintenance.

	 9.	 Broadening behavioral intelligence across functions
After the SOC “Behavioral Intelligence Playbook” success, Sentinel was able 
to extend BA coverage by demonstrating model relevance with the Finance 
department to monitor for anomalous fund transfers and external vendor portal 
access patterns, among others, which, like Engineering users accessing ICS traffic, 
require domain-specific baselining.

	10.	 Cultivating a behavioral-driven security culture
We were able to develop and hold workshops in Sentinel’s BA core team that edu-
cated business stakeholders and extended these BA principles and concepts by 
taking nontechnical users through representative ABS spikes, forensic victim-
ology, and adaptive-control playbooks.

Lessons Learned
	 1.	 Building and centralizing relevant data sources, such as security event logs, fire-

wall syslogs, endpoint telemetry, and honeypot interactions, is essential to BA suc-
cess and helps define standard patterns of user and system behavior.

	 2.	 ABS is a single‐score, actionable, proactive tool that can be computed from mul-
tiple sources. It provides a high degree of correlation among behavioral risk 
indicators, such as after-hours logins, out-of-role firewall queries, and honeypot 
connections, into a single score.

	 3.	 CBMF can be used in conjunction with ABS. It helps model relationships between 
all users, hosts, and applications on the network as a bipartite graph. When users 
perform activities across typical “community lines” (such as when an engineer 
attempts to access firewall controls and configuration data), CBMF computes a 
matrix‐based anomaly score that can detect both insider and coordinated adver-
saries (as well as abnormal patterns that ABS might not detect).

	 4.	 Mapping raw behavioral anomalies and workloads to standardized TTPs (e.g., 
T1078: Valid Accounts; T1210: Exploitation of Remote Services) provides context 
to forensic and analytic investigators in real time, making it easier for analysts to 
triage and to share intelligence across organizations.

	 5.	 Artifact evidence is not always clear-cut or complete. Behavior and forensic 
analyses may not always precisely explain an intruder’s actions when registry keys 
or memory artifacts don’t appear definitive on their own.

	 6.	 Isolating endpoints and user accounts upon threshold breach can significantly 
reduce attack dwell times, but the criteria for this automated isolation must be 
continuously revised to accommodate changing legitimate business behaviors.

	 7.	 Embedding ABS and CBMF into SOC workflows can lead to significant reductions 
in MTTD and MTTR by rapidly focusing analysts on high-risk incidents.
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	 8.	 Without periodic retraining, behavior models become stale. Regular inclusion of 
post-incident feedback and false positives refine model relevance and performance.

	 9.	 After the success of the initial pilot in SOC, applying BA tenets (behavioral ana-
lytics, forensic victimology, and adaptive security) is relevant in other areas such 
as supply chain risk, financial crime analysis, and executive travel risk.

	10.	 Behavior-driven controls and approaches are more than a technical exercise. The 
transparency of the BA model logic and mechanisms should be shared with non-
technical stakeholders, and their understanding is vital to their confidence in act-
ing upon its outputs.

Moving Forward: Leveraging Lessons Learned
	 1.	 Sentinel should expand its data-collection pipeline with additional sources like 

VPN logs and cloud application telemetry.
	 2.	 Recalibrating ABS models with new incidents is required to maintain relevance 

and detection accuracy. Users with lateral movement capabilities in critical areas 
(i.e., cloud admins) might require distinct thresholds to fine-tune risk sensitivity 
and prevent false positives as user workflows are updated (e.g., remote mainte-
nance window activities). Sentinel should continuously update ABS and CBMF 
as user activities, company policies, and system configurations are changed on an 
ongoing basis.

	 3.	 As Sentinel expands its BA to new business units (manufacturing in supply chain, 
accounting in corporate finance, etc.), it should retrain CBMF to detect new  
user-community membership structures, account for lateral movement (whether 
malicious or authorized changes) while preventing anomalous cross‐community 
behavior from going unnoticed.

	 4.	 Automation technology can helps in subscribing and auto-tagging newly observed 
BA patterns to emerging ATT&CK techniques to streamline triage and allow alerts 
to be enriched automatically. Sentinel should pursue this technology.

	 5.	 Sentinel should document an “Equivocal Analysis Playbook” to correlate future 
ABS deviations, anomalous community‐crossing activity with known phishing 
lures, or spear-phishing incidents to accelerate attribution.

	 6.	 Sentinel’s planning process for the future includes deploying BA across all work-
loads and extending it to third-party vendor risk management. We will closely 
monitor detection‐related key performance indicators, including MTTD, MTTR, 
and false positives.

	 7.	 We plan to implement a quarterly model retraining cadence for CFBA and 
CBMF, and we’re also developing a visualization dashboard that monitors model 
drift and key behavioral analytics performance metrics. This “rearview mirror” 
view of analytic efficacy will help maintain high levels of behavioral analytics 
performance.

	 8.	 In our new process of extending BA pipelines to other key business functions, 
only data and behavioral intelligence elements (core users, processes, assets) for 
respective functions will be visible to each business group (e.g., Engineering, 
Legal, Corporate). We will leverage existing data governance and privacy controls 
to ensure data compartmentalization and compliance with data-use policies.

	 9.	 We encourage continued cross-functional training to bring stakeholders into the 
fold and to maintain analyst buy-in, along with the creation of easy-to-interpret BA 
dashboards (risk heatmaps, for example) and, most importantly, a feedback loop 
where analysts can “capture” borderline cases for advanced forensic discussion 
before tuning or enriching the models.
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CHAPTER SUMMARY

Chapter 12 demonstrates, through multiple case studies, that behavior-driven network 
forensics improves cybersecurity by turning anomalous behavior into early warning, 
investigative context, and actionable risk prioritization. CFBA uses ABS to flag emerg-
ing threats, CBFM uses CBMF to surface anomalous user-to-asset relationships, and 
behavioral evidence analysis strengthens attribution when technical artifacts alone are 
inconclusive (Chavan & Bhosale, 2024; Mulay & Joshi, 2019; Rich & Aiken, 2024; Tang 
et al., 2023).

The case studies support a clear shift from reactive signature matching to 
advanced behavior-based network forensics (Balbix, 2024; Binary Defense, 2023; CFC 
Underwriting, 2023; Construction Financial Management Association, 2024).

FINAL THOUGHT

The consistent lesson across the chapter is operational: when behavioral scoring, 
ATT&CK mapping, threat-intelligence enrichment, and adaptive controls are used 
together, teams can detect attacks earlier, reduce false positives, and respond with 
greater precision.
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INTRODUCTION

Digital forensics and cyberpsychology are converging as artificial intelligence, behavioral 
modeling, and adaptive deception reshape the collection, interpretation, and application 
of digital evidence. Artificial intelligence and machine learning facilitate faster and more 
scalable analysis of large and complex evidence sets. Behavioral frameworks, including 
Idiographic Digital Profiling (IDP), Item Response Theory (IRT), and the Behavioral Digital 
Forensics Model (BDFM), support the identification of digital signatures, enhance examiner 
consistency, and reinforce investigative decision-making (Dunsin et al., 2023; Gujar & Sabale, 
2024; Steel, 2014; CSAFE, 2024; Al Muwaiji, 2015; Al Mutawa et al., 2019). Concurrently, AI-
driven deception frameworks such as SPADE, cognitive models of adversary behavior, and 
developments in quantum computing indicate a shift toward more proactive and adaptive 
forensic capabilities (Singh & Sharma, 2025; Tahir & Rizwan, 2021; Kuriakose, 2025).

These technological advances introduce ethical, legal, and operational challenges, 
including algorithmic bias, privacy risks, and questions concerning the admissibility and 
transparency of AI-generated evidence (Tomar et al., 2024; Reddy & Gupta, 2024; Wickra-
masekara & Scanlon, 2024). In response, this chapter explores explainable artificial intelli-
gence for transparency, multi-agent defense systems for coordinated forensic response, and 
quantum analysis for enhanced processing capabilities. The discussion further addresses 
AI-driven evidence, behavioral modeling, cyber deception, and human–AI collaboration, high-
lighting how these developments may shape the future of network forensics.

The chapter moves from AI-driven evidence processing and behavioral modeling to 
adaptive deception, cognitive forensics, and future-facing technologies, concluding with the 
ethical and legal guardrails needed to use these capabilities responsibly.

KEY TERMS

	▪	 Adaptive Control of Thought-Rational  
(ACT-R)

	▪	 Behavioral Digital Forensics Model (BDFM)
	▪	 behavioral modeling
	▪	 Center for Statistics and Applications in 

Forensic Evidence (CSAFE)
	▪	 cognitive forensics
	▪	 convolutional neural networks (CNNs)
	▪	 confidence scales (C-scales)

	▪	 cyber deception
	▪	 explainable AI (XAI)
	▪	 human-in-the-loop validation
	▪	 idiographic Digital Profiling (IDP)
	▪	 Item Response Theory (IRT)
	▪	 multi-modal AI integration
	▪	 quantum computing in forensics
	▪	 Structured Prompting for Adaptive Cyber 

Deception (SPADE)

CHAPTER 13
The Future of Network Forensics and  

Cyberpsychology
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LEARNING OBJECTIVES

After completing Chapter 13, readers should be able to:

	 1.	 Explain how AI and multimodal analytics can scale evidence processing in future 
forensic workflows.

	 2.	 Describe how behavioral modeling and examiner-calibration methods can improve attri-
bution and reduce bias.

	 3.	 Evaluate how adaptive deception frameworks such as SPADE can support proactive 
defense and intelligence collection.

	 4.	 Assess the potential roles of quantum computing and explainable AI in future network-
forensic practice.

	 5.	 Identify the ethical and legal safeguards required for AI-assisted forensic investigations.

WHY THIS CHAPTER IS IMPORTANT

Future network-forensic practice will require methods that can process more 
data, interpret behavior more precisely, and adapt to faster-moving threats. AI can 
help investigators triage terabyte-scale datasets, while behavioral models such as 
Idiographic Digital Profiling (IDP) and Item Response Theory (IRT) approaches sup-
ported by the Center for Statistics and Applications in Forensic Evidence (CSAFE) 
can improve attribution and reduce examiner bias (CSAFE, 2024; Dunsin et al., 2023; 
Gujar & Sabale, 2024; Steel, 2014).

Embedding behavioral evidence into digital-forensic workflows through 
the Behavioral Digital Forensics Model (BDFM) can help investigators prioritize 
hypotheses, reduce manual sorting, and allocate attention more efficiently. At the 
same time, adaptive deception frameworks such as SPADE can generate context-
aware decoys that support proactive threat hunting and richer intelligence collection 
(Ahmed et al., 2025; Al Muwaiji, 2015; Al Mutawa et al., 2019).

Human-centered cognitive models, including ACT-R-informed approaches, may 
further strengthen deception design by anticipating how adversaries make decisions 
in virtual environments. These advances matter because they push forensic practice 
beyond retrospective analysis toward anticipatory, behaviorally informed investigation 
(Tahir & Rizwan, 2021).

They also introduce new responsibilities. Bias in training data, privacy risks tied 
to continuous behavioral monitoring, and admissibility concerns under Daubert mean 
that transparency, confidence measures, and human-in-the-loop validation must 
remain central to any future forensic system (Reddy & Gupta, 2024; Tomar et al., 2024; 
Wickramasekara & Scanlon, 2024; Williams, 2025).

Chapter 13 synthesizes developments in AI, cognitive psychology, and digital 
forensics to present a practical vision for advanced behavior-based network forensics. 
Figure 13.1 outlines an adaptive ecosystem for faster, more defensible network- 
forensic investigations. For readers and practitioners, the chapter does three things:

	 1.	 Bridges concepts and applications by connecting theory to operational investiga-
tive workflows.

	 2.	 Offers a roadmap for building a self-learning, behavior-adaptive forensic 
ecosystem.

	 3.	 Highlights the policy, validation, and governance work required to deploy 
advanced tools responsibly.
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HOW IT RELATES TO ADVANCED BEHAVIOR-BASED NETWORK 
FORENSICS

Figure 13.2 shows the four primary ways this chapter connects to advanced behavior-
based network forensics.

	▪	 Expanding behavioral analytics into cyber contexts: The chapter adapts 
behavioral analysis from human-centered investigation to network activity, telem-
etry, and digital interaction patterns.

	▪	 Integrating AI with behavioral models: AI augments human interpretation at 
scale by combining automated evidence processing with behavioral profiling and 
bias-aware examiner calibration.

	▪	 Emphasizing human–AI collaboration: Human-in-the-loop validation and 
cognitive triage keep AI outputs interpretable, contestable, and operationally useful.

	▪	 Advancing deception techniques: Adaptive deception extends behavior-based 
forensics into proactive defense by using dynamic decoys to observe and influence 
attacker behavior.
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FIGURE 13.1.   The adaptive forensic 
ecosystem combines AI-driven evidence 
processing, behavioral modeling, 
automation and visualization, and ethical 
and legal considerations to support faster, 
more defensible investigations. 

EXPANDING
BEHAVIORAL ANALYTICS
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FIGURE 13.2.   Chapter 13 extends advanced behavior-based network forensics by expanding 
behavioral analytics into cyber contexts, integrating AI with behavioral models, emphasizing 
human–AI collaboration, and advancing deception techniques. 
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THE “SO WHAT?” / WHY IT MATTERS

Future investigators will face stealthier attackers operating across encrypted traffic,  
distributed platforms, and human-centered attack chains. In that environment, 
advanced behavior-based network forensics matters because it helps organizations 
move from reacting after damage occurs to detecting, prioritizing, and shaping  
adversary behavior earlier in the intrusion lifecycle:

	▪	 Reducing investigator workload: AI-assisted evidence processing can auto-
mate triage and surface the highest-value artifacts for human review (Magnet  
Forensics, 2023).

	▪	 Improving attribution: Behavioral signatures across network flows and digital 
interactions can help connect activity patterns to specific actors or personas more 
reliably (Steel, 2014).

	▪	 Strengthening admissibility: Explainable AI, documented confidence mea-
sures, and human review can make AI-assisted findings more defensible in legal 
and investigative settings (Fleischman et al., 2024; Tomar et al., 2024).

	▪	 Shifting from detection to response: Adaptive deception can both detect intru-
sions and slow, divert, or expose attackers long enough for defenders to act (Ahmed 
et al., 2025).

	▪	 Future-proofing forensic practice: Quantum-assisted analytics and multi-
agent defense models point toward faster, more scalable investigation workflows 
for complex environments (Kuriakose, 2025; Wickramasekara & Scanlon, 2024).

HOW DO I APPLY THIS?

Put the lessons learned from Chapter 13 into practice by following these action points:

	 1.	 Apply quantum and XAI. Pilot quantum-assisted analytic methods for darknet 
and cryptocurrency tracing, and pair them with explainable-AI workflows that 
make machine decisions interpretable to investigators and courts (Fleischman 
et al., 2024; Kuriakose, 2025; Reddy & Gupta, 2024).

	 2.	 Implement adaptive cyber deception. Use the SPADE framework to generate 
honeypots and decoys that adapt to observed attacker behavior and then combine 
them with cognitive models such as ACT-R to improve deception timing and rele-
vance (Ahmed et al., 2025; Tahir & Rizwan, 2021).

	 3.	 Define ethical and legal guardrails. Require human review of AI-generated 
behavioral profiles, document training data sources, test for bias, and maintain 
audit trails that support forensic soundness and admissibility (Fleischman et al., 
2024; Tomar et al., 2024; Wickramasekara & Scanlon, 2024).

	 4.	 Deploy AI-based forensic solutions. Integrate machine-learning tools for 
image, video, text, and log analysis so investigators can automate triage while 
preserving a unified investigative workspace for cross-source correlation (Dunsin 
et al., 2023; Gujar & Sabale, 2024; Magnet Forensics, 2023; Wickramasekara & 
Scanlon, 2024).

	 5.	 Model examiner behavior. Use IRT-based calibration to understand how case 
difficulty and examiner skill affect match/no-match decisions. Use IDP to surface 
recurring behavioral markers across digital evidence sources (CSAFE, 2024; Steel, 
2014).
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	 6.	 Use cognitive forensics. Add cognitive triage procedures that require investi-
gators to review, challenge, and corroborate AI-generated leads before action is 
taken (Fleischman et al., 2024; ProDiscover, 2025).

	 7.	 Use the BDFM. Apply the Behavioral Digital Forensics Model to embed 
behavioral evidence analysis across victim–offender interaction mapping, moti-
vational analysis, risk stratification, and collaborator identification (Al Muwaiji, 
2015; Al Mutawa et al., 2019).

	 8.	 Use C-scales. Adopt confidence scales to document how much certainty inves-
tigators should place in AI-assisted outputs and how those outputs should be 
reviewed (AZoRobotics, 2024; Tomar et al., 2024).

	 9.	 Use real-time behavioral analytics for insider-threat detection. Build 
baseline-driven monitoring of user and workflow patterns so deviations are esca-
lated early and investigated with context, not in isolation (Williams, 2025).

These nine action points should build operational capabilities that can support 
network forensics and cyberpsychology practice.

COHESIVE AND SYNERGISTIC RESPONSE

“Cyberpsychology + Forensics = Adaptive Investigative Systems” presents an 
integrated approach that leverages AI and advances in behavioral modeling to address 
network forensic challenges today. Some of the notable contributions are discussed in 
this section.

AI-Driven Evidence Processing
AI methods can process various data types, from packet captures to multimedia evi-
dence, at scale and with speeds that have reduced the time required for evidence 
processing by hours, days, or even weeks. The use of deep learning models (e.g., 
CNNs) and LLMs are two approaches that have been used in forensic settings for rapid 
image/video processing (trained on CCTV feed data) and text analytics (e.g., chat logs, 
emails, social media posts), respectively (Dunsin et al., 2023; Gujar & Sabale, 2024). 
Multi-modal AI solutions offer integrated capabilities to jointly process text, images, 
system logs, and other evidence types, linking similarities to better contextualize 
leads (Magnet Forensics, 2023; Wickramasekara & Scanlon, 2024). AI methods thus 
represent a key opportunity for forensic examiners to transition from manual, labor- 
intensive workloads to automated workflows that prioritize the highest value evidence 
for follow‐up and case closure.

Behavioral Modeling and Cognitive Analytics
Behavioral modeling approaches can also complement AI‐based evidence processing 
by providing insights into patterns in both user and examiner behavior. For example, 
IRT models (CSAFE, 2024) can be used to quantify the extent to which examiners 
make match/no-match decisions while accounting for variations in case difficulty 
and examiner skill to counteract bias and increase certainty of match decisions. IDP 
methods (Steel, 2014) can be used to characterize digital behavior idiosyncrasies (e.g., 
username reuse, encryption use) in a way that spans across different systems and 
automatically flags suspect individuals for follow‐up. Automated linguistic analysis of 
deception, use of ML classifiers for novel offender profiling approaches, and cognitive 
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modeling of adversarial decision‐making based on the ACT‐R architecture also pro-
vide additional means to model and predict suspect behavior (Tahir & Rizwan, 2021). 
When taken together, these methods can be leveraged to support the development of 
an additional behavioral analytics layer for use with AI‐driven solutions.

Adaptive Cyber Deception
Legacy static honeypots have been replaced by increasingly dynamic and adaptive, 
AI-based deception strategies that respond to adversarial behavior in near real time. 
The SPADE method leverages LLMs to generate unique, contextually relevant decoys, 
while cognitive models informed by ACT-R can help shape more convincing and stra-
tegically timed deception tactics (Ahmed et al., 2025; Tahir & Rizwan, 2021). A multi-
agent architecture can further scale adaptive deception by allowing specialized agents 
to refine decoys, analyze attacker responses, and update defensive layers dynamically 
(Wickramasekara & Scanlon, 2024).

Cognitive Forensics and Human–AI Collaboration
The importance of human-in-the-loop validation has also been underscored to ensure 
that AI outputs remain consistent with investigative psychology and forensic best 
practice. Cognitive triage methods can help investigators cross-check AI-generated 
suspect profiles and distinguish between scripted activity, automated attacks, and 
human adversaries before operational decisions are made (Fleischman et al., 2024; 
ProDiscover, 2025; Williams, 2025).

Ethical, Legal, and Operational Considerations
AI and behavioral analytics methods also raise ethical and legal concerns. Models trained 
on historical data can reproduce demographic profiling biases, continuous monitoring 
can create privacy risks, and courts may still question AI-generated behavioral profiles 
if interpretability and confidence measures are weak. Documented training data, adver-
sarial testing, C-scales, and human review all help mitigate those concerns (AZoRobotics, 
2024; Reddy & Gupta, 2024; Tomar et al., 2024; Wickramasekara & Scanlon, 2024).

Emerging Technologies and Future Directions
Quantum computing may reduce the time required to analyze complex darknet and 
cryptocurrency data, while explainable AI and multi-agent defense systems point 
toward more scalable, transparent, and specialized future workflows. Together, these 
developments suggest that the next generation of network forensics will be both more 
automated and more behaviorally informed (Kuriakose, 2025; Treacle Tech, 2024; 
Wickramasekara & Scanlon, 2024).

CASE STUDY: OPERATION PROMETHEUS

Background
Threat scenario: Operation Prometheus – Obsidian Serpent Campaign

Background: A cyberespionage threat campaign, dubbed Operation Prometheus, was 
discovered in the national power grid of Ophidia.
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Objective: Ophidia’s National Security Agency (ONSA) used a range of forensic and 
behavioral analytics techniques in a simulated APT to demonstrate its efficacy in iden-
tifying threats and supporting incident response actions.

Defense approach: In a turnabout on the narrative that AI and automation will 
render humans obsolete, ONSA successfully neutralized Obsidian Serpent by using a 
cybersecurity defense-in-depth that integrated network forensics and cyberpsychology 
tools and techniques.

Phase 1: AI-Assisted Evidence Processing
After triggering an alert on a targeted phishing campaign, ONSA quickly ingested 
multiple terabytes of network and endpoint logs, as well as image, audio, and video 
artifacts from the affected websites, into its forensic analysis environment. A CNN 
module automatically performed initial content‐based video analytics on CCTV and 
other devices to flag attempts at physical intrusion or tampering, thereby speeding up 
threat detection (Dunsin et al., 2023). Concurrently, an LLM processed email headers, 
internal communication transcripts, and firewall query logs to distill out indicators of 
compromise (IOCs) and “sticky” keywords for further investigation (Gujar & Sabale, 
2024). A multi-modal AI pipeline then aggregated the text, image, and system log 
streams into a single dashboard to highlight activity clusters, rank relevant IOCs by 
score, and connect them to existing Obsidian Serpent infrastructure (Magnet Forensics, 
2023; Wickramasekara & Scanlon, 2024).

Phase 2: Human Behavioral Modeling and Examiner Bias Mitigation
To verify and validate these automated forensic findings, ONSA’s BAU used IRT to 
model ONSA examiners’ performance on multiple comparisons of digital artifacts. 
In this context, each examiner’s match decision (e.g., linking a malicious executable 
binary to a suspect’s virtual machine) was considered an “item” with a corresponding 
difficulty and discrimination parameter. This approach helped to identify examiners 
who consistently diverged from the consensus (CSAFE, 2024). In another analysis, IDP 
revealed discrete behavioral patterns, such as the repeated use of the alias “VesperKing” 
across different darknet market forums, similar file‐encryption techniques, and the 
custom use of decentralized VPN providers (Steel, 2014). These profiles were used to 
automatically flag other potential Obsidian Serpent agents in the network logs.

Phase 3: Adaptive Cyber Deception Deployment
To harden its operational security posture, ONSA deployed the SPADE framework 
across agency systems. The deception layer generated and customized decoy honeypots 
from LLM-authored prompts, simulated legitimate SCADA control panels and oper-
ator workstations, and adjusted deceptive credentials and fabricated vulnerabilities 
in response to attacker queries (Ahmed et al., 2025). Honeypot activation timing was 
further informed by ACT-R-based cognitive models that predicted when false alerts or 
privileged decoys would be most effective in drawing out Obsidian Serpent’s behavior 
(Tahir & Rizwan, 2021). The decoys achieved high engagement, created detailed logs 
of attacker commands, and helped defenders reconstruct the campaign’s kill chain.

Phase 4: Cognitive Forensics and Human-in-the-Loop Validation
ONSA’s BAU practiced cognitive triage of behavioral inferences generated by AI sys-
tems. Analysts interrogated the confidence behind AI risk scores and cross-checked 

c13.indd   243c13.indd   243 03-06-2026   14:41:0703-06-2026   14:41:07



244 FUTURES, STRATEGY, AND EMERGING PARADIGMS

suspicious activity against interview findings and known behavioral baselines 
before escalating the case. In one instance, this process helped distinguish bet-
ween a possible insider threat and a credential-compromise scenario, reducing the 
chance of acting on an unsupported inference (Fleischman et al., 2024; Williams, 
2025).

Phase 5: Cryptocurrency Tracing and Quantum-accelerated Behavioral Analysis
Obsidian Serpent monetized stolen information and insights through sales on var-
ious darknet marketplaces, then laundered the proceeds through cryptocurrency 
transactions. On average, it took 10 days of manual blockchain analysis to trace 
Obsidian Serpent’s cryptocurrency transactions. ONSA teamed up with the Ophidian 
Institute for Quantum Security (OIQS) to increase speed and efficiency by having 
quantum neural network algorithms parse transaction graphs, including encrypted 
and obfuscated data from mixed-coin transactions, and achieved 92 percent accu-
racy in temporal analysis. Reducing the investigation time to less than six hours, 
while the chain of custody of evidence still met admissibility thresholds (Kuriakose, 
2025; Reddy & Gupta, 2024). The shorter timeline allowed ONSA to map cryptocur-
rency wallets associated with Obsidian Serpent’s C2 servers before further distribu-
tion of funds could occur.

Ethical, Legal, and Operational Safeguards
ONSA had appropriate legal and operational procedures in place to ensure the 
highest ethical and legal standards are maintained in Operation Prometheus. 
Algorithmic transparency included thorough documentation of training datasets 
and execution of adversarial testing to identify and mitigate demographic profiling 
biases and disparate impact against marginalized groups in the behavioral analytics 
system (Fleischman et al., 2024; Williams, 2025). Every forensic inference from an 
AI algorithm underwent rigorous human‐in‐the‐loop scrutiny before operational or 
legal action could be taken. XAI systems, like ChatGPT‐O1, were also available to 
provide human‐interpretable rationales for key forensic decisions, helping ensure 
that findings met Daubert admissibility requirements (Fleischman et al., 2024). 
ONSA’s Office of Legal Compliance also performs routine quarterly audits at the 
time of this report to verify ongoing compliance and processes and build stake-
holder confidence.

The security of Ophidia’s national infrastructure was never compromised by 
Obsidian Serpent, as the agency successfully integrated a range of different forensic 
and behavior analytic techniques to automate evidence processing, link behavioral 
patterns to threat actors, create adaptive deceptive environments, perform cognitive 
interviewing and validate AI inferences, and map associated cryptocurrency transac-
tions within three months of the start of the threat.

Key Statistics
	▪	 The adversary’s primary virtual nodes were located and taken down.
	▪	 Over 95 percent of stolen credentials were recovered before listing on dark web 

marketplaces.
	▪	 Phantom honeypots have successfully attracted 78 percent of reconnaissance 

traffic away from the infrastructure’s real estate.
	▪	 IRT-based calibration of examiners resulted in a 60 percent reduction of insider 

threat false positives.
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WHAT WE HAVE LEARNED

Operation Prometheus shows how the chapter’s core ideas work together in practice. 
The case illustrates how AI-driven evidence processing, behavioral modeling, adaptive 
deception, and human-centered validation can reinforce one another in a future-
oriented forensic workflow.

Application of Chapter Concepts
	 1.	 AI-driven evidence processing

This chapter reviewed how neural networks and LLMs can automate and accel-
erate the processing of large-scale, heterogeneous data (Dunsin et al., 2023;  
Gujar & Sabale, 2024). In Operation Prometheus, CNNs helped process CCTV and 
device images, while LLM-based text analytics surfaced indicators of compromise 
from phishing emails, chat logs, and firewall data. The multimodal pipeline then 
unified those sources into a single investigative view (Magnet Forensics, 2023; 
Wickramasekara & Scanlon, 2024).

	 ▪	 Case application: In Operation Prometheus, automated multimodal pipelines 
reduced triage time by surfacing high-value evidence across text, image, and log 
sources.
		 The lesson is that scalable AI triage should accelerate—not replace—human 
judgment during complex investigations.

	 2.	 Behavioral modeling and examiner bias mitigation
IRT and IDP enhanced examiner calibration and threat-actor pattern identification 
in Prometheus. IRT-based triage helped ONSA understand variability in analyst 
responses to payloads, while IDP highlighted recurring pseudonyms and encryp-
tion patterns across darknet spaces, improving automated alerting for Obsidian 
Serpent activity (CSAFE, 2024; Steel, 2014).

	 ▪	 Case application: Psychometric calibration helped ONSA reduce analyst var-
iability, while IDP-supported profiling linked recurring digital behaviors to the 
same adversary campaign.
		 The lesson is that standardized analyst calibration improves both attribution 
quality and the reliability of downstream automation.

	 3.	 Adaptive cyber deception
In Operation Prometheus, SPADE functioned as an LLM-enabled honeypot gen-
erator that produced interactive SCADA decoys and adjusted credentials and 
vulnerabilities in response to adversary behavior (Ahmed et al., 2025; Tahir & 
Rizwan, 2021). This made the decoys more believable and more useful for intelli-
gence collection.

	 ▪	 Case application: Adaptive cyber deception should evolve with the attacker 
and use behavioral cues to make decoys more believable and more informative.
		 In this case, the honeypots bought defenders time to remediate operational 
systems while revealing the adversary’s kill chain.

	 4.	 Cognitive forensics and human-in-the-loop validation
Operation Prometheus also illustrates why AI-generated inferences must be 
reviewed by trained investigators. Cognitive triage and structured validation pro-
cedures helped analysts distinguish between insider-threat indicators and com-
promised credentials without over-relying on automated risk scores (Fleischman 
et al., 2024; Williams, 2025).

	 ▪	 Case application: Human review keeps AI outputs grounded in investigative 
psychology and reduces the risk of acting on plausible but unverified machine 
inferences.
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		 ONSA cross-validated AI signals against investigative baselines to avoid mis-
classifying well-meaning employees as insiders and to focus instead on genuine 
compromise.

	 5.	 Ethical, legal, and operational safeguards
Chapter 13 also addressed algorithmic bias, privacy concerns, and legal admis-
sibility (Fleischman et al., 2024; Tomar et al., 2024). In Operation Prometheus, 
ONSA documented training datasets, ran adversarial testing, and used explainable 
outputs to support transparency and defensibility.

	 ▪	 Case application: Transparent audit trails, adversarial testing, and XAI 
reporting help maintain trust, support compliance, and strengthen evidentiary 
defensibility.
		 Routine internal audits and explainable reporting gave ONSA stronger 
grounds for defending AI-assisted findings in any later review or proceeding.

	 6.	 Emerging technologies: quantum computing and explainable AI
Quantum-assisted analysis and explainable AI point toward a future in which 
complex encrypted datasets can be processed faster without making investigative 
logic more opaque. In Operation Prometheus, those themes translated into faster 
tracing and clearer justification of machine-assisted decisions (Kuriakose, 2025; 
Reddy & Gupta, 2024).

	 ▪	 Case application: Quantum-assisted analytics may shorten high-volume 
tracing work, but their outputs must still be translated into explanations inves-
tigators and courts can understand.
		 The quantum-assisted processing pipeline allowed ONSA to seize Obsidian 
Serpent’s funds before they could be spent, neutralizing the financial side of the 
threat.

Lessons Learned
Five takeaways stand out from Operation Prometheus:

	 1.	 Integration matters. No single tool was sufficient; value came from combining 
AI, behavioral modeling, deception, and human judgment.

	 2.	 Human review remains essential. Human-in-the-loop validation reduced bias, 
false positives, and overconfidence in automated outputs.

	 3.	 Governance enables adoption. Transparency, documentation, and explainabil-
ity are prerequisites for legal defensibility and stakeholder trust.

	 4.	 Proactive methods reduce dwell time. Adaptive deception and ear-
lier behavioral detection shift defenders from retrospective analysis to active 
disruption.

	 5.	 Continuous adaptation is required. Models, playbooks, and behavioral base-
lines must evolve as adversaries change tactics.

These lessons reinforce the chapter’s central argument: future forensic practice 
must be both adaptive and accountable.

Moving Forward: Leveraging Lessons Learned
	 1.	 Regularly retrain AI tools on relevant, domain-specific datasets so models remain 

timely and resistant to drift.
	 2.	 Institutionalize examiner-calibration methods so digital profiling and triage 

decisions are measured, comparable, and auditable.

c13.indd   246c13.indd   246 03-06-2026   14:41:0703-06-2026   14:41:07



247The Future of Network Forensics and Cyberpsychology 

	 3.	 Prepare for multi-agent deception systems that can coordinate decoys and response 
logic across distributed environments.

	 4.	 Formalize cognitive triage procedures so investigators have clear standards for val-
idating AI-generated leads and behavioral profiles.

	 5.	 Maintain ongoing audit, adversarial testing, and XAI reporting processes for all 
high-impact forensic AI systems.

	 6.	 Invest early in quantum-ready analytic pipelines and the legal literacy needed to 
explain advanced outputs to stakeholders and courts.

CHAPTER SUMMARY

Chapter 13 demonstrates that effective network forensics now demands a strategic 
blend of AI, behavioral modeling, and adaptive deception. As complexity in digital 
environments grows, only integrated technical and behavioral approaches deliver 
timely, accurate, and resilient investigations.

One key advancement is the use of AI for scalable evidence processing. AI auto-
mates the analysis of large, diverse datasets such as logs, text, images, and artifacts. 
This helps investigators identify patterns that might otherwise be missed (Dunsin et al., 
2023; Gujar & Sabale, 2024). These tools speed up investigations and improve how leads 
are contextualized. Multimodal AI extends forensic capabilities by enabling systems to 
process diverse evidence types and provide comprehensive insights simultaneously.

Behavioral modeling is increasingly integral to digital forensics. Frameworks 
such as Item Response Theory enhance examiner reliability by accounting for dif-
ferences in proficiency and evidence complexity, thereby reducing bias and report-
ing errors (CSAFE, 2024; CSAFE, 2025). Models like Idiographic Digital Profiling 
(IDP) facilitate the identification of behavioral signatures, including username reuse, 
file-encryption habits, and linguistic patterns, which support attribution and inves-
tigative decisions (Steel, 2014). Machine learning and natural language processing 
further strengthen these approaches by detecting deception cues and irregularities. 
Cognitive frameworks, such as ACT-R, enable the estimation of adversary decisions 
and the prediction of subsequent actions (Tahir & Rizwan, 2021). Adaptive, AI-driven 
deception is also advancing; frameworks like SPADE demonstrate how large lan-
guage models can create dynamic honeypots in real time, attracting attackers and 
revealing intent with minimal human intervention (Singh & Sharma, 2025). When 
combined with principles such as representativeness and confirmation bias, these 
systems divert attackers and collect intelligence on their intent, tactics, and objectives 
(Tahir & Rizwan, 2021). Consequently, deception serves both as a defensive measure 
and a forensic tool.

The chapter highlights the rise of cognitive forensics and human–AI partnerships. 
AI-generated profiles and behavioral assessments help with cognitive triage by pri-
oritizing leads from automated findings. Yet, these must be validated by interviews, 
forensic reasoning, and controlled psychological methods (Fleischman et al., 2024; 
Federal Bureau of Investigation, n.d.). Similar strategies assist in insider threat detec-
tion. Workflow and baseline modeling can find unusual employee activity, providing 
strong predictive value (Williams, 2025). These advances mean future systems will 
support, not replace, human investigators and boost efficiency.

These technological advances introduce ethical, legal, and operational challenges. 
Key takeaways: AI systems may inherit biases from inadequate training data, causing 
profiling errors and false positives (Fleischman et al., 2024; Williams, 2025). Offline 
behaviors don’t always translate online, and AI profiles face skepticism under current 
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evidentiary standards (Steel, 2014; Tomar et al., 2024). Responsible implementation 
requires human validation, explainability, transparency, and standardized confidence 
measures (AZoRobotics, 2024; Wickramasekara & Scanlon, 2024).

Emerging technologies are set up to enhance network forensics. Quantum com-
puting and quantum neural networks may expedite tracing of encrypted crypto-
currency transactions and darknet activities while preserving evidentiary integrity 
(Kuriakose, 2025; Reddy & Gupta, 2024). Explainable AI frameworks can improve 
transparency and foster trust in machine-generated conclusions, especially in legal 
and regulatory settings (Fleischman et al., 2024). Multi-agent and collaborative 
defense systems may enable distributed, adaptive, real-time responses across complex 
environments. Collectively, these advancements can increase the scalability and spe-
cialization of deception and forensic analysis (Treacle Tech, 2024; Wickramasekara & 
Scanlon, 2024).

Chapter 13 outlines how emerging technologies like AI-driven evidence analysis, 
behavioral modeling, adaptive deception, cognitive forensics, quantum computing, and 
explainable AI are transforming network forensics and cyberpsychology. Practitioners 
must balance technical rigor with behavioral insight, upholding ethical and legal stan-
dards. This evolution will shift investigations from mere incident reconstruction to 
proactive threat anticipation, dwell time reduction, and breach prevention.

FINAL THOUGHT

By connecting and contextualizing several theoretical and research‐based frame-
works, like IRT and applied frameworks like SPADE‐driven honeypots and decoys, 
we have provided a clear path forward for practitioners interested in developing and 
expanding their behaviorally informed forensic tools. This focus on “doing” behav-
iorally informed network forensics helps close the gap between theory and abstract 
methods, and between how they can be practically applied to improve our cyberattack 
detection and response to constantly changing cyberattacks.
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A
Adversarial Behavioral Score (ABS)  A quantitative score (e.g., 0–100) representing  
the likelihood that an entity or user will engage in malicious activity over a future window  
(often ~45 days), derived from anomalous network, log, and behavioral indicators.
Advanced Behavior-Based Network Forensics (ABBNF)  An approach to network foren-
sics that focuses on patterns of behavior across users, hosts, and flows, rather than static indi-
cators, using cyberpsychology, ML, and contextualized logs to predict and preempt attacks.
Adversary Emulation  The controlled replay of attacker tactics, techniques, and procedures 
in a lab environment to test detections, validate defenses, and generate labeled evidence.
Anomaly Detection (unsupervised)  ML techniques that learn “normal” behavior from 
unlabeled data and flag outliers (e.g., unusual flows, login times, API sequences) as potential 
threats.

B
Behavioral Analytics  The measurement and modeling of user and entity behavior over time 
(e.g., access patterns, movement, communication) to detect deviations associated with insider 
threats, APTs, and fraud.
Behavioral Digital Forensics Model (BDFM)  A four-stage framework (victim–offender 
interaction mapping, motivational analysis, risk stratification, collaborator identification) that 
embeds behavioral evidence analysis into digital investigations.
Behavioral Indicator  A feature of activity—such as repeated off-hours logins, unusual pro-
tocol use, or sentiment shifts in messages—that signals possible malicious intent when viewed 
in context.
Blockchain-Based Evidence Integrity  Use of append-only, cryptographically linked led-
gers to record evidence hashes and chain-of-custody events, improving immutability and auditabil-
ity of forensic records.

C
Cyber Behavioral Analysis Metric (CBAM)  A composite metric that aggregates multiple 
behavioral indicators (e.g., traffic patterns, social signals) into a normalized risk score, usually 
at AS or organization level.
Cyber Behavioral Forensics Matrix (CBFM)  A behavioral matrix that models bipartite 
relationships among users, entities, and assets; used to detect anomalous sub-communities and 
coordinated or insider threats.
Cyber Forensics Behavioral Analysis (CFBA)  An interdisciplinary model combining 
forensic cyberpsychology, digital forensics, and ML to predict threats and attribute actors more 
accurately using ABS, CBAM, and related behavioral scores.
Chain of Custody (CoC)  Documented, unbroken tracking of evidence from acquisition 
through storage and analysis, including handlers, timestamps, and integrity checks (e.g., 
hashes), to ensure legal admissibility.

Glossary of Technical and Behavioral Terms
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Common Event Format (CEF/OCSF)  Standardized logging schemas that normalize fields 
(time, source, user, action, etc.) across heterogeneous sources, enabling consistent parsing and 
correlation in SIEM.

D
Deep Packet Inspection (DPI)  Inspection of packet payloads (not just headers) to classify 
applications, extract metadata (e.g., URLs, DNS queries), and detect hidden or encrypted threats 
using protocol-aware engines.
Deception Network/Honeypot  Isolated, instrumented systems or network segments 
designed to attract attackers, generate high-fidelity evidence, and reveal tactics without risking 
production assets.

E
Edge Observability  Logging and monitoring strategies for constrained, intermittently 
connected edge devices, often using local preprocessing, buffering, and store-and-forward to a 
central SIEM.
Explainable AI (XAI)  Techniques (e.g., SHAP, LIME, rule-based surrogates) that explain 
ML model decisions, improving investigator trust and legal defensibility of AI-driven forensic 
conclusions.

H
Hybrid Log Collection Method  A strategy that initially ingests broad log coverage, then 
iteratively filters low-value events to balance forensic completeness with storage and budget 
constraints.

M
MAESTRO Framework  A multi-agent security framework that integrates anomaly detec-
tion, forecasting, adversarial training, and continuous monitoring to keep ML-based defenses 
robust over time.
MITRE ATT&CK  A structured knowledge base of adversary tactics and techniques used 
throughout the attack lifecycle, often used to design lab scenarios and map behavioral detections  
to standardized IDs.

N
Network Flow Telemetry (NetFlow/IPFIX)  Summarized records of communication bet-
ween endpoints (5-tuple plus counts and timestamps) used for scalable network monitoring  
and anomaly detection.
Network Traffic Analysis (NTA)  Analysis of flow and metadata (packet sizes, timing, 
direction) to detect anomalies and threats, especially in encrypted traffic, often paired with DPI.

P
PAR Model (proactive–active–reactive forensics)  A process model that structures forensic 
readiness before incidents, targeted evidence captures during incidents, and deeper investiga-
tion afterward across interdependent infrastructures.
Proactive Cybersecurity  A posture that emphasizes prediction and pre-emption—via 
behavioral analytics, CFBA, UEBA, and deception—rather than purely post-incident response.

S
Security Information and Event Management (SIEM)  A centralized platform for ingest-
ing, normalizing, storing, and correlating security logs, increasingly augmented with UEBA, 
ML, and SOAR for behavior-driven detection and response.
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Structured Prompting for Adaptive Deception Engineering (SPADE)  An AI-driven 
cyber-deception framework that uses LLMs to generate adaptive decoys and honeypot content 
for high adversary engagement and intelligence collection.

U
User and Entity Behavior Analysis (UEBA)  Analytics systems that baseline normal 
behavior for users and entities, compute dynamic risk scores, and surface deviations indicative 
of insider threats or advanced attacks.
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