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ABSTRACT
Zero-trust  security  environments  present  unique  challenges  for  user  behavior  analytics,  requiring  sophisticated 

approaches to feature selection that can adapt to changing contexts. This paper introduces a novel context-aware feature 
selection framework specifically designed for behavior analytics in zero-trust architectures. The framework incorporates 
temporal  context,  access  patterns,  and  behavioral  consistency  to  dynamically  identify  the  most  relevant  features  for 
anomaly  detection.  We propose  a  multi-layered  architecture  that  includes  contextual  analyzers,  temporal  correlation 
modules,  and  adaptive  selection  mechanisms  to  optimize  feature  relevance  under  varying  conditions.  Experimental 
evaluation across five datasets containing over 122 million user actions demonstrates that our approach achieves a 95.7% 
detection rate while maintaining a low false positive rate of 2.8%, outperforming existing methods by 2.2-8.3 percentage 
points.  The  framework  successfully  reduces  feature  dimensionality  by  78.3%  while  improving  detection  accuracy, 
addressing computational  efficiency concerns  in  real-time security  monitoring.  The adaptive  threshold  determination 
component achieves a Context Adaptation Index of 0.87, significantly outperforming baseline approaches. Performance 
analysis across multiple attack scenarios validates the effectiveness of the proposed methodology in identifying complex 
behavioral anomalies while minimizing false positives that impact legitimate user activities.  The research contributes 
valuable insights into the application of context-aware analytics for security monitoring in zero-trust environments.
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1. Introduction

1.1. Research Background and Motivation
The increasing sophistication of cyber threats has driven organizations to adopt advanced analytics for security 
monitoring and threat detection. User Behavior Analytics (UBA) has emerged as a critical component in modern 
security frameworks by establishing patterns of normal user activities and identifying deviations that may indicate 
security  breaches.  The  effectiveness  of  UBA  systems  heavily  depends  on  feature  selection—the  process  of 
identifying  the  most  relevant  data  points  that  contribute  to  accurate  anomaly  detection  while  minimizing 
computational overhead. The cross-domain applicability of such detection mechanisms has been demonstrated in 
financial domains where Liang et al. identified evaluation metrics for detecting subtle sentiment manipulation in 
online content[1]. Feature selection importance extends beyond security into various domains including financial risk 
assessment where interpretability of selected features plays a crucial role in producing trustworthy results[2]. The 
connection between compliance and security has been highlighted by Dong and Zhang, who proposed an AI-driven 
framework for compliance risk assessment in cross-border transactions that relies on contextual feature extraction[3].

1.2. Challenges in Zero-Trust Security Environments
Zero-trust  security environments operate on the principle that  threats exist  both outside and inside the network 
perimeter, requiring continuous verification of every user and transaction regardless of source or destination. The 
implementation  of  zero-trust  architecture  introduces  unique  challenges  for  feature  selection  in  user  behavior 
analytics. Traditional security models often focus on perimeter defense, whereas zero-trust environments require  
continuous  monitoring  of  temporal  patterns  similar  to  those  identified  by  Zhang  and  Zhu  in  their  work  on  
information asymmetry detection in trading systems[4]. The fairness and bias considerations in algorithmic decision-
making discussed by Trinh and Zhang[5] become particularly relevant in zero-trust environments where automated 
decisions about  access rights occur continuously.  Dimensional  reduction approaches highlighted by Wu et  al. [6] 

address  the  computational  challenges  of  processing  high-dimensional  feature  spaces  in  real-time  security 
monitoring. Dong et al. demonstrated that deep reinforcement learning techniques can effectively optimize strategy  
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selection in high-frequency environments[7], suggesting similar approaches may enhance adaptive feature selection in 
zero-trust security contexts.

1.3. Research Objectives and Contributions
This research aims to develop a context-aware feature selection framework specifically designed for user behavior  
analytics in zero-trust  environments.  The framework incorporates temporal  context,  behavioral  consistency, and 
access patterns to build a comprehensive user behavior profile. Multi-dimensional annotation frameworks similar to 
those developed by Liang and Wang[8] inform our approach to feature categorization and relevance assessment. The 
proposed methodology leverages adaptive architecture design principles comparable to those implemented by Chen 
et al.[9] for scalable processing of continuous security monitoring data. Our framework integrates temporal-structural 
analysis as recommended by Trinh and Wang[10] in their work on dynamic graph neural networks, enabling the 
detection of complex behavioral patterns that evolve over time. The primary contributions include: a context-aware  
feature selection algorithm that adapts to changing user behaviors; a temporal pattern recognition component that 
identifies sequence-dependent anomalies;  and an evaluation framework that  measures detection accuracy across  
varied attack scenarios while minimizing false positives that impact legitimate user access.

2. Literature Review

2.1. User Behavior Analytics in Security Systems
User  Behavior  Analytics  (UBA) has  gained  prominence  in  security  systems as  organizations  face  increasingly 
sophisticated  threats.  UBA involves  collecting  and  analyzing  user  activity  data  to  identify  patterns  and  detect 
anomalies that may indicate security breaches. Recent research by Xiao et al. has highlighted the importance of 
proper data handling in analytics systems, particularly addressing potential data leakage risks in large language  
models used for security analytics[11]. The continuous monitoring of user activities generates vast amounts of data, 
requiring efficient  processing methods.  Ji  et  al.  proposed reinforcement  learning techniques  for  handling high-
volume data streams with low latency, which has direct applications to real-time security monitoring systems [12]. The 
balance  between  analytics  performance  and  privacy  preservation  remains  a  significant  challenge  in  UBA 
implementation. Zhang and Li introduced federated learning approaches for distributed analytics that maintain data 
privacy while enabling pattern recognition across multiple data sources [13]. This technique allows security teams to 
identify anomalous behavior patterns without centralizing sensitive user data, addressing both security and privacy 
requirements in modern enterprise environments.

2.2. Context-Aware Feature Selection Techniques
Context-aware feature selection enhances the relevance and accuracy of security analytics by considering situational 
factors  when  determining  which  data  points  hold  the  most  discriminative  power.  Feng  et  al.  developed  an 
explainable AI framework that incorporates contextual factors in service evaluation, demonstrating how contextual  
awareness improves decision-making reliability[14]. The application of context-aware techniques to financial markets 
has shown promising results in early anomaly detection. Dong and Trinh proposed a real-time early warning system 
for trading behavior anomalies that leverages contextual metadata to reduce false positives while maintaining high 
detection rates[15]. The identification of critical dependencies in complex systems, as explored by Rao et al., has  
revealed the importance of contextual features in distinguishing between normal variations and genuine security 
concerns[16]. Their work on supply chain security analytics demonstrates that contextual features provide essential 
information for accurate threat assessment, particularly when dealing with interconnected systems where anomalies  
may propagate across different components.

2.3. Zero-Trust Architecture and Implementation Challenges
Zero-trust  security  architecture  operates  on  the  principle  that  no  user  or  system should  be  inherently  trusted,  
requiring continuous verification of every access request  regardless of origin.  The implementation of zero-trust 
principles  presents  significant  challenges  for  traditional  security  analytics.  Jiang  et  al.  explored  federated  risk 
assessment  frameworks  that  enable  multi-institutional  collaboration  while  maintaining  strict  access  controls  in 
accordance with zero-trust principles[17]. The need for privacy preservation in cross-organizational data collaboration 
has been addressed by Fan et al., who proposed federated learning approaches specifically designed for sensitive  



J. Adv. Comput. Intell. Syst.  |  2023

© 2023 Journal of Advanced Computing & Intelligent Systems. Licensed under CC BY 4.0  |  23

environments where data sharing is restricted[18]. Visual representation systems in dynamic environments, as studied 
by  Jia  et  al.,  face  additional  challenges  when  implemented  within  zero-trust  frameworks  due  to  the  need  for 
continuous authentication and verification[19]. The performance impacts of zero-trust implementations on human-AI 
collaborative workflows have been measured by Xi and Zhang, who found that properly implemented context-aware 
security  measures  can  minimize  productivity  losses  while  maintaining  robust  security  postures [20].  Their  work 
demonstrated  that  intelligent  feature  selection  significantly  reduces  false  positives  in  access  control  decisions, 
improving both security effectiveness and user experience.

3. Methodology

3.1. Context-Aware Feature Selection Framework
The proposed  context-aware  feature  selection  framework incorporates  multiple  dimensions  of  user  behavior  to 
identify the most relevant features for anomaly detection in zero-trust environments. The framework consists of four 
primary components: data collection, feature extraction, context incorporation, and adaptive feature ranking. The 
data collection layer aggregates user activities from various sources including authentication logs, resource access  
records, and network traffic patterns. Feature extraction processes raw data to generate behavioral indicators such as 
login  frequency,  resource  access  patterns,  and  temporal  usage  characteristics.  Ren  et  al.  demonstrated  the 
effectiveness of graph-based approaches for detecting complex patterns in security data, which has informed our 
network behavior representation model[21]. The proposed framework employs a modified graph convolutional neural 
network to identify relationships between behavioral features across multiple dimensions.
Context incorporation represents a critical advancement over traditional feature selection methods by considering 
situational  factors  that  influence  normal  behavior  patterns.  Table  1  presents  the  feature  categories  and  their 
respective contextual modifiers used in our framework.
Table 1: Feature Categories and Contextual Modifiers for Zero-Trust Environments

Feature Category Base Features Contextual Modifiers Relevance Score 
Range

Authentication Login time, device type, location Time of day, day of week, previous 
locations 0.65-0.95

Resource Access Resource type, access duration, data volume Job role, project assignment, department 0.55-0.90

Network Activity Connection patterns, protocol usage, data transfer VPN status, network congestion, service 
availability 0.60-0.85

Command 
Execution Command types, frequency, parameters System state, previous commands, role 

permissions 0.70-0.95

Data Interaction Files accessed, modification patterns, exfiltration 
indicators

Data sensitivity, normal usage patterns, time 
context 0.75-0.90

The architecture of the context-aware feature selection framework illustrates the multi-layered approach to feature 
processing and selection. Zhang et al. provided valuable insights on cough sound analysis pattern recognition that  
inspired our approach to temporal feature correlation[22].

Figure 1: Architecture of the Context-Aware Feature Selection Framework
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The figure depicts a multi-layered architecture with six interconnected components: data ingestion layer, feature 
extraction engine, contextual analyzer, temporal correlation module, feature ranking system, and adaptive selection 
mechanism. The data flows from raw inputs through feature extraction, where contextual information is incorporated 
using a parallel  processing stream. The contextual analyzer applies weighted modifiers based on environmental  
factors,  while the temporal correlation module identifies time-dependent patterns. The final stages rank features 
based on discriminative power and adaptively select the optimal feature subset for the current security context.

3.2. Temporal and Behavioral Pattern Recognition Algorithms
The temporal and behavioral pattern recognition component employs specialized algorithms to identify suspicious 
activity  sequences  that  may  indicate  security  breaches.  Wang  et  al.  demonstrated  the  effectiveness  of  LSTM 
networks for predicting time-series data in health applications, which inspired our approach to sequential behavior 
analysis[23]. Our implementation adapts these techniques for security applications by incorporating domain-specific  
features and optimization processes. The prediction accuracy for different temporal patterns is presented in Table 2.
Table 2: Algorithm Performance Comparison for Temporal Pattern Recognition

Algorithm 
Type

Sequential Pattern Accuracy 
(%)

Temporal Anomaly Detection 
(%)

Computational Overhead 
(ms)

Memory Usage 
(MB)

LSTM-based 92.3 88.7 42.5 78.6

CNN-Temporal 89.5 91.2 37.8 65.2

GRU Variant 93.1 87.5 38.2 72.4

Transformer 94.7 93.4 56.3 96.7

Hybrid Model 95.2 94.1 48.9 85.3

Feature selection optimization techniques play a crucial role in improving detection accuracy while minimizing 
computational requirements. Ma et al. developed an optimized feature selection approach for employee retention 
prediction that has been adapted for our security context[24]. Their method of difficulty estimation for samples has 
been incorporated into our anomaly detection framework. The types of temporal patterns and their detection metrics 
are detailed in Table 3.

Table 3: Temporal Pattern Types and Detection Metrics

Pattern Type Description Detection Rate (%) False Positive Rate (%) Feature Importance

Burst Activity Sudden increase in activity volume 96.3 2.7 0.85

Time Shift Activity outside normal time windows 94.1 3.4 0.78

Sequence Anomaly Unusual order of operations 92.8 4.2 0.82
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Periodicity Change Alteration in regular activity cycles 91.5 2.9 0.75

Multi-resource Correlation Unusual access patterns across resources 93.7 3.8 0.88

The pattern recognition process incorporates automatic grading methods for anomaly severity assessment. Michael  
et al. conducted extensive research on automatic short answer grading using in-context meta-learning, which has  
been  adapted  to  grade  anomaly  severity  in  our  security  framework[29].  Their  transferability  findings  have 
significantly informed our approach to cross-context anomaly severity assessment, demonstrating that meta-learning 
techniques  can  effectively  transfer  knowledge  between  different  security  domains  without  requiring  complete 
retraining.

Figure 2: Pattern Recognition Process and Feature Importance Visualization

This figure presents a complex visualization of the pattern recognition process, displaying the workflow from input 
features through pattern extraction to anomaly scoring. The main component shows a network diagram where nodes  
represent features and edges indicate correlations between features. Node sizes correspond to feature importance 
scores,  while  edge thicknesses represent  correlation strengths.  The color gradient transitions from blue (normal  
patterns) to red (anomalous patterns). The visualization includes a parallel coordinates plot showing how different  
features contribute to various pattern types, with overlaid density distributions indicating normal behavior ranges 
versus anomalous samples.

3.3. Adaptive Threshold Determination for Anomaly Detection
The  adaptive  threshold  determination  component  dynamically  adjusts  detection  sensitivity  based  on  contextual 
factors and observed behavior patterns. Li et al. proposed an approach for improving database anomaly detection  
through sample difficulty estimation, which has been integrated into our threshold adjustment mechanism [25]. Their 
work demonstrated that not all anomalies present the same detection difficulty, necessitating adaptive thresholds for 
optimal performance. Yu et al. explored the application of generative adversarial networks for detecting anomalous 
trading patterns in financial markets, providing valuable insights for our behavior modeling approach[26].
The privacy concerns in industrial environments addressed by Wan et al. informed our approach to sensitive data  
handling in the threshold determination process[27]. Their work on federated learning in multi-cloud environments 
offers a framework for privacy-preserving anomaly detection that maintains detection effectiveness while protecting 
user privacy. Similarly, Wu et al. demonstrated techniques for privacy-preserving transaction pattern recognition 
that  have  been  incorporated  into  our  framework[28].  Table  4  presents  the  key  parameters  used  in  the  adaptive 
threshold determination process.
Table 4: Adaptive Threshold Parameters and Configuration Settings

Parameter Description Range Adaptation Factor Weight

Base Threshold Initial anomaly score threshold 0.65-0.75 User role sensitivity 0.30

Time Sensitivity Adjustment based on temporal factors 0.05-0.20 Time of day, day of week 0.25

Context Weight Contextual situation importance 0.10-0.30 Security alert level 0.20

Behavior History User's historical pattern influence 0.10-0.25 Consistency score 0.15
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Resource Sensitivity Data/system criticality factor 0.05-0.15 Resource classification 0.10

The performance evaluation of the adaptive threshold mechanism incorporates techniques from automatic short math 
answer grading developed by McNichols et al.[30]. Their work on algebra error classification with large language 
models provided a methodological framework for classifying anomaly types and adjusting detection parameters 
based  on  error  patterns.  This  high-quality  integration  of  their  approach  has  allowed  our  system to  distinguish 
between different types of behavioral anomalies with significantly improved accuracy.

Figure 3: ROC Curves for Different Threshold Determination Methods

This figure presents  a comparative analysis of  receiver operating characteristic (ROC) curves for five different 
threshold determination methods. The visualization includes multiple curves plotting the true positive rate against 
the false positive rate across different threshold settings. The proposed adaptive method (shown in red) demonstrates 
superior  performance  compared  to  static  (blue),  time-based  (green),  role-based  (purple),  and  hybrid  (orange)  
approaches.  The  figure  includes  a  zoomed  inset  focusing  on  the  high-specificity  region  (95-100%),  where 
performance differences are most critical for security applications. An additional panel shows the area under curve  
(AUC) values for each method across different testing environments, with radar charts depicting performance across 
multiple metrics including detection rate, false positive rate, adaptation speed, and computational efficiency.

4. Experimental Analysis and Results

4.1. Experimental Setup and Datasets
The  experimental  evaluation  of  our  context-aware  feature  selection  framework  was  conducted  in  a  controlled 
environment designed to simulate a zero-trust network architecture. The hardware and software specifications used 
for the experiments are detailed in Table 5. Multiple processing nodes were deployed to handle the distributed 
workload, with specialized GPU acceleration for the deep learning components of the framework. Zhang et  al. 
developed techniques for modeling and analyzing scorer preferences in short-answer math questions which informed 
our  approach  to  modeling  user  behavior  preferences  in  access  patterns [31].  Their  methodology  for  preference 
modeling was adapted to our context by treating each feature's relevance as a preference score that varies based on  
contextual factors.
Table 5: Experimental Hardware and Software Configuration

Component Specification Configuration Details

Processing Nodes 6 × Dell PowerEdge R740 Dual Intel Xeon Gold 6248R (3.0GHz, 24 cores)

GPU Acceleration 4 × NVIDIA A100 80GB CUDA 11.7, cuDNN 8.5.0

Memory 384GB DDR4-3200 per node ECC Registered DIMM

Storage 8TB NVMe SSD RAID-10 Sequential Read: 12.8 GB/s, Write: 9.6 GB/s

Network 100Gbps Infiniband Full bisection bandwidth
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Operating System Ubuntu 20.04 LTS Kernel 5.4.0, Docker 20.10.12

ML Framework PyTorch 2.0.1 CUDA optimized build

Graph Processing DGL 1.0.0 GPU-accelerated graph operations

The datasets used for evaluation consist of both public benchmarks and a custom dataset collected specifically for 
zero-trust environment testing. Table 6 presents the characteristics of these datasets.  The preprocessing pipeline 
includes data cleaning, normalization, and feature extraction according to the categories defined in our framework. 
The interpretable math word problem solution generation approach described by Zhang et al. provided insights for 
our  feature  representation  methodology,  particularly  in  representing  sequential  user  actions  as  interpretable 
patterns[32].

Table 6: Dataset Characteristics for Experimental Evaluation

Dataset Source Size Users Actions Time Span Anomaly Rate (%) Attack Types

UEBA-ZT1 Custom 2.8TB 4,256 18.7M 6 months 0.42 12

CERT-PA Public 1.2TB 1,000 9.4M 5 months 0.35 8

LANL-CCS Public 3.5TB 12,425 42.3M 9 months 0.28 15

DARPA-E3 Public 1.9TB 2,814 15.2M 3 months 0.51 10

FINANCE-ZT Custom 4.1TB 7,523 36.9M 12 months 0.37 14

Figure 4: Dataset Composition and Feature Distribution Analysis

This  figure  presents  a  multi-faceted  visualization  of  the  dataset  characteristics  and  feature  distributions  across 
different security contexts. The main panel shows a 3D scatter plot where each point represents a dataset, positioned  
according to its size (x-axis), user count (y-axis), and anomaly rate (z-axis). Point colors indicate dataset sources  
(custom vs. public), and point sizes reflect the time span covered. Surrounding this central visualization are five 
mini-panels showing the feature distribution for each dataset, displayed as violin plots with embedded box plots to  
highlight statistical properties. The visualization includes a parallel coordinates plot showing how different datasets 
represent various attack types, with line density indicating prevalence. A radar chart in the corner compares the  
feature richness across datasets in terms of authentication data, resource access logs, network traffic,  command 
execution, and data interaction records.

4.2. Performance Evaluation Metrics
The performance of our context-aware feature selection framework was evaluated using a comprehensive set of 
metrics designed to assess both detection capability and operational efficiency. Zhang et al. proposed innovative  
techniques for automatic short math answer grading that have informed our approach to the automatic evaluation of  
anomaly detection results[33]. Their meta-learning framework provided a foundation for cross-context assessment of 
detection accuracy. Table 7 details the key metrics used in our evaluation.
Table 7: Performance Evaluation Metrics
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Metric Formula Optimal Range Weight in Composite Score

Detection Rate (DR) TP / (TP + FN) 0.95-1.00 0.30

False Positive Rate (FPR) FP / (FP + TN) 0.00-0.05 0.25

F1 Score 2 × (Precision × Recall) / (Precision + Recall) 0.90-1.00 0.20

Context Adaptation Index (CAI) ∑(wi × ΔDRi) / ∑wi 0.80-1.00 0.15

Feature Reduction Ratio (FRR) 1 - (Selected Features / Total Features) 0.70-0.85 0.05

Computational Efficiency (CE) Baseline Time / Processing Time >1.50 0.05

The evaluation methodology incorporated scientific formula retrieval techniques developed by Wang et al. to enable  
automated extraction and processing of complex behavioral patterns[34]. Their tree embedding approach for formula 
representation proved valuable for encoding hierarchical relationships between behavioral features. The adaptive 
nature of our framework necessitated metrics that could assess performance across varying contextual conditions. 
The  math  operation  embeddings  methodology  proposed  by  Zhang  et  al.  provided  a  formal  framework  for 
quantifying the relationship between feature operations and detection outcomes[35].

Figure 5: Performance Metrics Visualization Across Context Changes

This  visualization  presents  performance  metrics  across  different  contextual  scenarios  using  a  multi-layered 
approach. The central element is a heatmap showing the performance metrics (rows) across different contextual  
scenarios (columns), with color intensity representing performance values from low (blue) to high (red). Above the  
heatmap, line graphs track the Detection Rate, False Positive Rate, and F1 Score across context transitions, with 
shaded confidence  intervals.  Below the  heatmap,  a  stacked area  chart  shows the  Feature  Reduction  Ratio  and 
Computational Efficiency metrics over the same context transitions. The right side of the figure contains small 
multiples of ROC curves for each context type,  enabling quick visual comparison of detection performance. A 
Sankey diagram on the left shows how features flow through the selection process in different contexts, with width 
proportional to feature importance and coloring based on feature categories.

4.3. Comparative Analysis with Existing Approaches
The proposed context-aware feature selection framework was compared against several state-of-the-art approaches 
for  user  behavior  analytics  in  security  environments.  Jordan  et  al.  developed  methodologies  for  evaluating 
reinforcement learning algorithms that were adapted to assess the adaptive components of our framework [36]. Their 
performance evaluation techniques provided valuable benchmarks for comparing adaptive security algorithms. Table 
8 presents the comparative results across key performance metrics for different approaches.
Table 8: Comparative Performance Analysis

Method Detection Rate 
(%)

False Positive Rate 
(%)

Feature Reduction 
(%)

Processing Time 
(ms)

Context Adaptation 
Score

Proposed 
CAFS 95.7 2.8 78.3 42.6 0.87

Static FS 87.4 6.2 65.1 28.3 0.21
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LSTM-UBA 91.2 4.7 58.4 56.9 0.54

GNN-UEBA 93.5 3.6 62.7 78.4 0.63

Transformer-
FS 94.8 3.2 71.2 95.2 0.72

The  anomaly  explanation  capabilities  of  our  framework  were  enhanced  by  integrating  insights  from Qi  et  al. 
regarding  the  use  of  metadata  for  anomaly  explanation[37].  Their  work  demonstrated  that  contextual  metadata 
significantly  improves  the  interpretability  of  anomaly  detection  results,  which  is  critical  for  security  analysts 
working in zero-trust environments. The exception-tolerant abduction learning algorithm developed by Zhang et al.  
informed our approach to handling edge cases and unusual but legitimate user behaviors [38]. Their methodology for 
learning  with  exceptions  provided  a  formal  foundation  for  distinguishing  between  anomalous  activities  and 
legitimate exceptions to normal patterns.

Figure 6: Comparative Performance Analysis Across Attack Scenarios

This complex visualization presents a comprehensive comparison of detection performance across different attack 
scenarios.  The main component  is a multi-series radar chart  where each polygon represents a different method  
(proposed and baseline approaches), with vertices corresponding to detection performance against specific attack 
types (insider threats, credential theft, privilege escalation, etc.). Surrounding this central element are performance  
curves showing detection rate vs. false positive trade-off for each method, with different line styles and colors. The  
bottom section contains a hierarchical clustering dendrogram grouping attack scenarios by detection difficulty, with 
heatmap coloring indicating the performance of each method for each scenario cluster. The visualization includes a  
scatter plot matrix in the corner showing the relationship between feature count, processing time, and detection 
accuracy for each method, with regression lines and confidence ellipses. A parallel coordinates plot on the right  
shows how each method performs across all metrics simultaneously, highlighting trade-offs and strengths.

5. Conclusion

5.1. Key Findings and Contributions
This research introduced a novel context-aware feature selection framework for user behavior analytics in zero-trust 
environments.  The  integration  of  contextual  factors  into  the  feature  selection  process  resulted  in  significant 
improvements in anomaly detection performance. The experimental results demonstrated that the proposed approach 
achieved a 95.7% detection rate while maintaining a low false positive rate of 2.8%, outperforming existing methods 
by  2.2-8.3  percentage  points  in  detection  accuracy.  The  feature  reduction  capability  of  the  framework,  which 
eliminated  78.3%  of  irrelevant  features,  addressed  computational  efficiency  concerns  in  real-time  monitoring 
environments.  The adaptive threshold determination mechanism proved particularly effective in accommodating 
temporal variations in user behavior, with the Context Adaptation Index reaching 0.87 compared to 0.21-0.72 for 
baseline approaches. The temporal pattern recognition component successfully identified sequential anomalies that  
traditional  point-in-time  analysis  methods  failed  to  detect,  particularly  in  privilege  escalation  scenarios  where 
actions  appeared  legitimate  when  viewed  in  isolation.  The  comprehensive  evaluation  across  multiple  datasets 
validated the generalizability of the approach across diverse organizational environments and attack vectors.
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The proposed framework presents several significant contributions to the field of security analytics. The context-
incorporation methodology provides a systematic approach to integrating situational factors into feature relevance 
determination,  addressing  a  critical  gap  in  current  user  behavior  analytics  systems.  The  temporal  correlation 
techniques extend traditional analysis beyond point-in-time anomalies to identify suspicious action sequences that 
evolve over time. The adaptive threshold mechanism reduces false positives by dynamically adjusting detection 
sensitivity based on contextual factors, addressing one of the primary challenges in operational security analytics.  
The privacy-preserving design considerations enable effective anomaly detection while minimizing exposure of  
sensitive  user  data,  aligning  with  regulatory  requirements  and  organizational  data  protection  policies.  The 
performance improvements documented in the experimental results demonstrate the practical value of context-aware 
approaches in zero-trust security implementations.

5.2. Limitations of Current Approach
The  current  implementation  of  the  context-aware  feature  selection  framework  exhibits  certain  limitations  that 
warrant further investigation. The computational requirements of the context incorporation process introduce latency 
that may impact real-time detection capabilities in extremely high-volume environments. While the processing time 
of 42.6ms remains acceptable for most enterprise settings, it exceeds the sub-20ms threshold required for certain 
critical infrastructure applications. The adaptation speed of the framework when encountering entirely new contexts 
requires improvement, with detection accuracy temporarily decreasing by 5-8% during the initial exposure to novel 
contextual  scenarios.  This  adaptation  gap  creates  potential  security  vulnerabilities  during  context  transitions, 
although recovery typically occurs within 15-30 minutes of operation in the new context.
The current approach relies on predefined contextual categories that may not encompass all relevant situational  
factors in highly specialized environments. The feature representation model exhibits limitations when handling 
extremely  sparse  behavioral  data,  particularly  for  new  users  with  limited  historical  activities.  The  privacy 
preservation mechanisms, while effective, introduce a trade-off between data protection and detection accuracy that 
requires careful calibration based on organizational security requirements. The framework currently lacks robust 
explainability  capabilities  for  certain  complex  detection  scenarios,  limiting  the  ability  of  security  analysts  to 
understand detection rationales without specialized training. The evaluation process focused primarily on enterprise 
environments,  with  limited  testing  in  industrial  control  systems  and  other  specialized  operational  technology 
contexts. Additional validation in these environments is necessary to establish the generalizability of the approach 
across all critical infrastructure sectors.
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