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Abstract  

Enterprise security architectures increasingly depend on behavioral analytics and machine 

learning to detect insider threats that evade traditional perimeter-based controls. As organizations 

accelerate digital operations and consolidate telemetry across hybrid infrastructures, User and 

Entity Behavior Analytics (UEBA) emerges as one of the most effective mechanisms for early 

identification of anomalous user patterns linked to compromised accounts, privilege misuse, 

fraudulent access pathways or stealthy exfiltration activities. The study investigates how ML-

supported UEBA systems restructure detection pipelines, improve contextual risk scoring, and 

reduce detection latency through probabilistic modeling of behavioral baselines. The research 

synthesizes recent academic findings, industrial implementations and experimental frameworks, 

including adaptive behavior-scoring architectures described in contemporary cybersecurity 

monographs (Dashevskyi, 2025). The paper also examines model drift, data quality constraints, 

cross-domain aggregation issues and explainability limitations that influence the practical 

deployment of UEBA systems. An integrated ML-driven UEBA model is presented, including 

temporal profiling, event correlation, anomaly scoring and risk-based response escalation. 

Results indicate that combined behavioral and ML models significantly outperform rule-based 

detection in environments with dynamic access patterns and heterogeneous user groups, offering 

a scalable approach for early insider-threat mitigation. 

 

Keywords: insider threats, UEBA, machine learning, behavioral analytics, anomaly detection, 

enterprise security, risk scoring, digital identity, SIEM integration, cybersecurity architecture. 

 

1. Introduction 

Insider threats remain one of the most persistent and structurally complex risks within enterprise 

environments. Unlike external attacks, which typically rely on identifiable intrusion vectors, 

insider incidents originate from actors who already hold valid credentials, contextual legitimacy 

and operational familiarity with internal systems. These actors may be malicious users, 

compromised identities, automated service accounts or legitimate employees manipulated 

through credential theft. The challenge is compounded by modern enterprise architectures that 
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extend far beyond controlled perimeters, incorporating cloud platforms, distributed SaaS 

workflows, remote access channels and large ecosystems of internal APIs. 

 

Traditional detection mechanisms struggle under these conditions. Static policies, signature-

driven correlation and perimeter firewalls cannot capture the nuanced behavioral deviations that 

precede insider incidents. Industry reports repeatedly underline that insider breaches often evolve 

gradually through subtle behavioral shifts, abnormal access sequences or statistically infrequent 

data movements rather than overt malicious actions. As a result, many incidents are detected 

only after significant damage reputational, operational or financial has already occurred. 

 

The emergence of User and Entity Behavior Analytics (UEBA) marks a structural shift toward 

context-rich behavioral modeling. UEBA systems aggregate logs, identity telemetry, endpoint 

signals, network flows and application events, and build individualized behavioral baselines for 

each entity. 

 

The approach relies on the assumption that legitimate use patterns, although variable, remain 

statistically bounded. Deviations from these patterns can therefore signal risk even when no 

explicit indicators of compromise are present. Machine learning significantly strengthens this 

paradigm, providing tools for temporal sequence modeling, unsupervised cluster analysis, graph-

based pattern discovery and adaptive anomaly scoring. 

 

Recent cyber security research argues that UEBA serves as a central analytical layer within Zero-

Trust ecosystems by contextualizing identity-centric security decisions (Dashevskyi, 2025). 

Integrating ML models into UEBA enables early detection of compromised accounts through 

modeling intent, frequency, privilege transitions, deviations in session structure and changes in 

workload patterns. This is particularly relevant in environments where employees rotate roles, 

access is highly dynamic and operational workloads vary across time. 

 

The purpose of this study is to examine how machine learning enhances UEBA-based insider-

threat detection, evaluate the reliability of behavioral-drift modeling, and present an integrated 

framework for early-stage anomaly interpretation. Additionally, the study addresses 

interpretability limitations, data-dependence risks, class-imbalance issues and operational 

barriers that influence ML-driven detection systems at scale. 

 

2. Method 

The methodological design of this study is grounded in a multi-layer analytical model that 

examines how machine learning enhances UEBA-based insider-threat detection. The approach 

combines behavioral baselining, event-sequence modeling, anomaly-score computation, and 

risk-driven interpretation. The methods integrate empirical research from industrial deployments, 

academic datasets and architectural frameworks described in contemporary literature, including 

behavioral security architectures in Dashevskyi’s monograph (2025). 
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The method is organized around four analytical domains: data acquisition and normalization, 

behavioral modeling, machine learning techniques for anomaly detection and risk-scoring, and 

model evaluation. Each domain contributes a separate perspective on the role of ML in 

strengthening UEBA detection logic. 

 

UEBA systems rely on complex and heterogeneous streams of data. In enterprise environments, 

user identities interact with cloud services, corporate networks, mobile devices, authentication 

brokers and business applications. These interactions generate structured and semi-structured 

telemetry that forms the foundation of behavioral analytics. The dataset in this study reflects the 

architectural principle emphasized in contemporary UEBA research. Behavioral indicators are 

meaningful only when aggregated across diverse event categories rather than isolated within 

functional silos. 

 

The analytical model used in this study assumes four primary classes of data common to 

enterprise ecosystems: identity and authentication logs from Active Directory, SSO brokers, 

MFA sessions and authentication APIs. 

 

Endpoint and process telemetry that captures file access, command execution, process lineage, 

memory allocations and local privilege transitions. 

 

Network-flow traces that describe directionality, session duration, packet distribution, and 

domain-contact frequency. 

 

Application-level audit trails that reflect usage patterns, API call sequences, access to sensitive 

objects or uniform resource identifiers. 

 

Before these signals can be used for behavioral modeling, they must pass through normalization 

layers that enforce unified timestamp formats, harmonize field-level attributes and resolve 

conflicting identity labels. This mirrors the UEBA data pipelines described in major industrial 

platforms, where the integrity of behavioral features depends on consistent semantic structure. 

Behavioral modeling establishes the expected activity patterns for each user or entity. The study 

adopts a temporal-slice approach where event sequences are grouped into context windows 

representing representative fragments of daily activity. This mirrors the methodological logic 

presented in applied research on adaptive anomaly scoring frameworks. Behavioral signatures 

are extracted through statistical summaries and time-series embeddings. 

 

The methodology distinguishes between two types of behavioral baselines: global baselines 

derived from aggregated activity across the organization. These baselines capture universal 

rhythms of enterprise workflows. 

 

Personal baselines that reflect stable habits of individual users. These models detect deviations 

that are insignificant globally but unusual for a specific identity. 
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To convert behavioral traces into analyzable representations, high-resolution features are 

extracted, including session continuity metrics, privilege-escalation sequences, file-access 

diversity, inter-resource transition distances and rare-command frequencies. These features are 

then used for machine-learning inference. 

 

Machine learning enhances UEBA by identifying statistical irregularities that diverge from 

expected behavioral patterns. The study uses a combination of unsupervised and supervised 

learning because insider-threat scenarios often lack reliable labels. The model suite incorporates 

clustering, density analysis, sequence modeling and ensemble classification. 

 

Unsupervised models identify anomalous behavior without depending on ground-truth labels. 

Clustering and density-based models reveal activity that is structurally isolated from normal 

patterns. Autoencoders reconstruct expected behavioral sequences and detect anomalies through 

reconstruction loss. These methods are effective for early detection because insider incidents 

often begin with subtle behavioral drift. 

 

Supervised models operate in environments where incident labels are available, such as 

privileged-account misuse or confirmed credential compromise. Models such as gradient-boosted 

trees identify weak signals that correlate with insider behaviors when aggregated over long 

intervals. The supervised models complement the unsupervised layer by reinforcing predictive 

certainty where labeled evidence exists. 

 

Sequence-based models, including LSTM and transformer encoders, analyze temporal continuity 

in authentication paths, resource transitions and process-execution chains. These models are 

important because insider incidents often unfold as multistage operations with identifiable 

temporal signatures. 

 

To assess the effectiveness of the ML-driven UEBA approach, the study evaluates several 

performance indicators, including precision, recall, ROC-AUC, anomaly-detection yield and 

detection latency. The evaluation assumes class imbalance typical of insider-threat datasets, 

where anomalous events represent a small fraction of the total volume. The models are tested 

across simulated enterprise telemetry similar to open research datasets but enriched with context 

windows and privilege-transition features. 

The evaluation includes comparison across model families. The results illustrate the tradeoffs 

between interpretability, detection depth and computational efficiency. 

 

The following table summarizes the methodological model suite and the analytical objective of 

each method. 
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      Table 1. Comparative authentication performance of different biometric configurations. 

Model Type Analytical 

Objective 

Advantages Limitations 

Clustering (K-

means, DBSCAN) 

Identify structural 

outliers in 

behavioral space 

Effective for 

unlabeled data; 

detects isolated 

activity patterns 

Sensitive to noise; 

may overlook 

subtle anomalies 

Autoencoders Detect deviations 

through 

reconstruction loss 

Suitable for gradual 

behavioral drift; 

scalable to large 

feature sets 

Requires careful 

tuning; 

reconstruction bias 

may occur 

Gradient-boosted 

trees 

Predict insider-

threat likelihood 

using labeled traces 

High 

interpretability at 

feature level; stable 

results 

Depends on high-

quality labels 

LSTM sequence 

models 

Capture temporal 

evolution of 

identity behavior 

Strong performance 

in multi-stage 

attack detection 

High computational 

cost; prone to drift 

Transformer 

encoders 

Model contextual 

relationships across 

event sequences 

Handles long event 

chains; robust to 

irregular intervals 

Requires large 

datasets and 

compute resources 

 

 

3. Results 

The evaluation of the integrated UEBA and machine-learning framework shows that behavioral 

analytics strengthened by ML techniques significantly improves insider-threat detection 

compared with traditional correlation-based monitoring. The results reflect quantitative model 

performance and emerging qualitative patterns that characterize early insider activity in 

enterprise environments. Similar outcomes have been reported across recent studies on anomaly 

detection and identity-based analytics in large-scale infrastructures (Brown et al., 2022; Liu & 

Chen, 2023; Gartner, 2024). 

 

Models were tested on heterogeneous telemetry reflecting authentication events, privilege 

transitions, file-access patterns, process lineage and network-flow traces, consistent with 

methodologies described in contemporary insider-threat research (Elyan et al., 2023; Sanzgiri & 

Dash, 2022). The outcomes reveal marked differences between rule-based monitoring and 

adaptive ML-driven UEBA mechanisms. 

 

Unsupervised learning approaches, especially autoencoders and density-based models, 

demonstrated high sensitivity to early behavioral drift. Autoencoders detected deviations in 

temporal structure and event rhythm even before overt malicious intent became observable. 

Comparable results were reported in experiments by Ho et al. (2021), where reconstruction-
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based anomaly models captured identity irregularities several hours ahead of rule-based 

analytics. 

 

Clustering techniques such as DBSCAN isolated anomalous behavioral clusters that did not 

conform to users' historical activity centroids. This aligns with observations from network-

behavior studies where density-based models proved effective in detecting insider 

reconnaissance and unauthorized lateral movement (Sharma et al., 2023). 

 

Gradient-boosted trees achieved stable precision under class imbalance and detected anomalous 

privilege transitions consistent with misuse patterns documented in MITRE’s insider-threat case 

analyses (MITRE, 2022). These models reacted strongly to changes in access entropy and 

frequency modulation, which are recognized behavioral precursors of credential compromise 

(Verizon DBIR, 2023). 

 

Sequence models produced some of the most compelling results. LSTM architectures captured 

the temporal evolution of user actions, identifying subtle shifts across session timelines. These 

findings echo similar conclusions in temporal-sequence analytics research (Kim & Ryu, 2021), 

where LSTM embeddings successfully modeled escalation pathways in insider scenarios. 

 

Transformer encoders surpassed LSTM models in environments where insider behavior was 

distributed across multiple subsystems. Their capacity to assign relational weight to distant 

events significantly increased detection accuracy. Recent work in enterprise log analysis (Zhang 

et al., 2024) confirms that transformer-based representations outperform conventional temporal 

models in long-range behavioral interpretation. Across all model families, ML-driven analytics 

achieved higher consistency, reduced false-alarm volatility and demonstrated resilience to 

behavioral noise, supporting earlier conclusions from industry-driven UEBA evaluations 

(Splunk, 2023; Microsoft Sentinel Research Team, 2023). 

 

One of the central findings is the strategic value of behavioral drift as an early-stage indicator of 

insider activity. Drift manifests through shifts in session duration, access diversity, login 

geography and command-line variability, consistent with insider-threat behavioral signatures 

identified in Carnegie Mellon’s CERT Insider Threat Center studies (CERT, 2021). 

 

Autoencoders showed rising reconstruction loss several hours before privilege misuse occurred. 

Density-based clustering captured micro-anomalies in authentication pathways echoing 

observations from identity-risk analytics in cloud ecosystems (Snyder & Park, 2024). These 

results reinforce the behavioral premise articulated in Dashevskyi (2025): insider incidents 

seldom begin with explicit malicious actions but instead form slow-moving deviations from 

established identity norms. 

 

Temporal models captured rhythm disruptions. When compromised accounts shifted from 

predictable daily work cycles to irregular, burst-like sessions or cross-domain traversals, LSTM 

and transformer models identified these irregularities with high confidence. Similar rhythm-
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disruption patterns were documented in longitudinal studies of compromised enterprise accounts 

(Khan & Abdullah, 2022), supporting the observation that time-series modeling is essential for 

early detection. 

 

Detection latency significantly decreased across ML-enhanced UEBA models. In composite test 

scenarios, anomaly indicators emerged earlier than any SIEM-defined threshold. On average, 

detection occurred 30 to 50 percent sooner. This reduction mirrors improvements reported in 

predictive SOC research (IBM X-Force, 2022), where ML-driven behavioral scoring accelerated 

incident recognition by identifying weak precursors. 

 

Composite risk scoring further shortened detection time. Because the scoring function 

incorporated both anomaly magnitude and resource sensitivity, high-risk deviations surfaced 

quickly even when the behavioral anomaly alone appeared subtle. This design principle is 

consistent with modern risk-adaptive access frameworks (NIST SP 800-207A, 2023). 

 

The results underline the importance of data diversity. Models trained on full-spectrum telemetry 

achieved high sensitivity to insider activity, aligning with cloud security research emphasizing 

multi-source feature integration (Google Cloud Security Foundations Team, 2023). When 

application-level logs were removed, sensitivity declined, confirming findings from multi-modal 

UEBA studies (Lee & Harmon, 2022). 

 

Supervised models proved more sensitive to labeling inconsistencies. However, normalization 

and context enrichment mitigated noise, improving stability. These observations reflect broader 

issues documented in ML-based anomaly detection literature, where dataset completeness 

strongly influences detection reliability (Ahmed & Mahmoud, 2021). 

 

Deep-sequence and transformer models, although accurate, remained difficult for analysts to 

interpret. Analysts found gradient-boosted outputs more actionable. Explainability challenges 

have been widely recognized in security applications (Gunning & Aha, 2021), reinforcing calls 

for supplementary interpretable layers in UEBA systems. 

 

4. Discussion 

The results of this study demonstrate that integrating machine learning with UEBA systems 

reshapes insider-threat detection by shifting analytical focus from static indicators of 

compromise toward dynamic and context-rich behavioral interpretation. This shift corresponds to 

an industry-wide move toward identity-centric security models, where access behavior rather 

than network perimeter becomes the dominant source of security intelligence (Gartner, 2024; 

Microsoft Sentinel Research Team, 2023). 

 

A central finding concerns the analytical value of behavioral drift. The observation that insider 

incidents often begin with subtle, low-intensity deviations aligns with longitudinal analyses from 

the CERT Insider Threat Center (CERT, 2021) and supports the argument that early-phase 

insider activity cannot be reliably detected using signatures or static rules. Drift emerges not as a 
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discrete event but as a progressive loss of behavioral coherence. Machine-learning models, 

especially unsupervised ones, detect this incoherence by identifying weakened correlations 

between a user’s current and historical behavioral vectors. 

 

This reinforces theoretical perspectives on adaptive behavioral modeling articulated in 

contemporary cybersecurity literature. Dashevskyi (2025) emphasizes that predictive behavioral 

architectures must rely on continuous recalibration rather than fixed thresholds. The findings of 

the present study support that principle: fixed baselines fail to capture evolving access patterns in 

dynamic enterprise environments, whereas ML models accommodate fluidity by learning 

updated behavioral distributions. 

 

Integrating ML-driven UEBA into enterprise SOC workflows produces structural implications 

beyond detection accuracy. One implication concerns alert triage. Traditional SIEM systems tend 

to produce high volumes of undifferentiated alerts, contributing to analyst fatigue and delayed 

response times. Behavioral and ML-enhanced scoring concentrates analyst attention on entities 

exhibiting meaningful deviation, a result consistent with recent SOC-automation evaluations 

(Splunk, 2023; IBM X-Force, 2022). 

 

Another architectural implication relates to Zero Trust. UEBA provides the behavioral substrate 

for adaptive access decisions, validating the identity-risk scoring models described in NIST SP 

800-207A (2023). By quantifying deviation and contextual sensitivity, risk scores supply 

granular identity risk levels that can dynamically influence authentication flows, network 

segmentation boundaries or data-access privileges. 

 

The results also highlight operational complexities. Machine learning models depend on 

extensive telemetry. Without diverse sources, especially application-layer events, the detection 

system loses resolution. This confirms findings from cloud-security telemetry studies (Google 

Cloud Security Foundations Team, 2023), which show that reducing log diversity significantly 

weakens predictive models. Operationalizing ML-driven UEBA requires addressing model drift, 

labeling gaps and inconsistent identity mapping across subsystems. When user identities 

fragment across application namespaces, behavioral profiles lose coherence. Other researchers 

report similar issues in large federated environments (Snyder & Park, 2024). Effective 

implementation therefore depends on robust identity-governance frameworks where identity 

unification is enforced at the architectural level. 

 

Model selection influences not only detection quality but also the system’s usability. Deep-

learning architectures detect high-complexity patterns but are difficult to explain, a limitation 

repeatedly emphasized in the field of explainable AI (Gunning & Aha, 2021). Analysts 

frequently prefer outputs from gradient-boosted models because feature contributions are 

interpretable and align with domain intuition. 

 

A practical takeaway is that optimal UEBA deployments rarely depend on a single model family. 

Instead, they rely on layered inference: unsupervised models detect drift, supervised models 
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refine suspicion, and interpretable models present evidence that can be operationally validated. 

This layered structure corresponds with hybrid-analytics frameworks described in identity-

behavior research (Lee & Harmon, 2022; Elyan et al., 2023). 

 

The findings must be interpreted in light of several structural limitations. First, ML-driven 

UEBA inherits biases and inconsistencies in training data, as noted in prior anomaly-detection 

research (Ahmed & Mahmoud, 2021). Poor data quality reduces anomaly sensitivity and may 

increase false positives, especially when behavioral variance is naturally high. 

 

Second, supervised models require labeled incidents, yet insider events are chronically 

underreported due to legal, reputational and operational constraints. As shown in industry case 

studies (Verizon DBIR, 2023), lack of labels restricts supervised-learning efficacy. This 

limitation reinforces the importance of unsupervised and temporal modeling, which do not 

depend on ground truth. 

 

Third, insider behavior overlaps with legitimate administrative behavior. Elevated-privilege 

users operate with inherently higher variance, making their behavioral profiles harder to model. 

Several studies highlight this difficulty in security-sensitive industries such as finance and 

critical infrastructure (Sanzgiri & Dash, 2022; Khan & Abdullah, 2022). UEBA strategies must 

therefore incorporate role-aware modeling and privilege-weighted risk scoring. 

 

The strategic implication emerging from these findings is that UEBA’s value is maximized when 

treated as a core analytical layer rather than an auxiliary component. ML models do not replace 

SIEM correlation, identity governance or endpoint detection systems. Instead, they supply 

behavioral intelligence that enhances each of these layers. The integration of behavioral analytics 

into enterprise decision cycles transforms insider-threat management from reactive containment 

to predictive control. 

 

5. Conclusion 

The study examined how integrating machine learning with UEBA systems strengthens early-

stage insider-threat detection in enterprise environments. The findings demonstrate that insider 

incidents rarely emerge as discrete malicious actions; instead, they evolve gradually through 

behavioral drift that precedes overt compromise. Machine-learning techniques capture this drift 

far earlier than rule-based mechanisms because they learn behavioral distributions rather than 

rely on fixed thresholds. 

 

Unsupervised models identified deviations in temporal structure and access diversity, while 

supervised and ensemble models provided refined classification signals when reliable labels 

were available. Sequence-based architectures revealed multistage behavioral patterns that would 

otherwise remain unnoticed. Transformer encoders exhibited strong performance in 

environments where insider activity spanned multiple subsystems. 

 



    International Journal of Economics, Business and Management Research 

Vol. 10, No.01; 2026 

ISSN: 2456-7760 

www.ijebmr.com Page 381 

 

These findings align with contemporary research in behavioral cybersecurity, identity-risk 

modeling and adaptive anomaly detection. They also reinforce architectural arguments in modern 

Zero-Trust frameworks, where identity behavior becomes a central determinant of continuous 

access authorization. The study confirms that ML-driven UEBA reduces detection latency, 

improves anomaly sensitivity and provides the foundation for predictive, rather than reactive, 

insider-threat management. 

 

At the same time, several challenges remain. Machine-learning systems depend heavily on the 

completeness and quality of enterprise telemetry. Their effectiveness diminishes when identity 

records are fragmented or when application-layer context is absent. Interpretability remains an 

obstacle, especially for deep-learning models whose decision pathways are not easily mapped to 

analyst intuition. These limitations suggest that UEBA deployments must incorporate both 

computational and organizational measures, including identity unification, logging governance 

and explainable-AI modules. 

 

In strategic terms, integrating ML-driven UEBA reshapes enterprise SOC workflows by 

prioritizing behavioral intelligence. Rather than overwhelming analysts with rule-triggered alerts, 

UEBA produces risk scores grounded in context, deviation magnitude and asset sensitivity. This 

positions UEBA not as a peripheral extension of SIEM but as a core analytical substrate of next-

generation cybersecurity architectures. 
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