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Abstract: Insider threats pose a significant challenge in modern cybersecurity, as they often bypass traditional security measures
due to their subtle nature and legitimate access privileges. This paper presents an Al-driven detection system that integrates the
open-source Wazuh SIEM platform with behavioral analytics and machine learning techniques to effectively identify such
threats.

Using the CERT Insider Threat Dataset along with real-time log collection, the system applies supervised learning models to
detect unusual user behavior patterns. It assigns dynamic risk scores to users and generates actionable alerts, enabling timely
intervention and mitigation. The proposed framework is designed with a modular architecture, ensuring scalability and
adaptability across different environments. The system also incorporates advanced visualization techniques for better threat
analysis and monitoring. By continuously learning from new data, it improves detection accuracy and significantly reduces false
positives. Overall, the approach demonstrates strong potential in proactively identifying insider threats and enhancing
organizational security.

Index Terms: Insider Threat, Behavioral Ana- Iytics, Wazuh, SIEM, Machine Learning, Cyber- security

I. INTRODUCTION

The increasing digitization ofenterprise environ- ments has expanded the threat landscape, making organizations vulnerable to
insider threats. Tradi- tional security mechanisms often prove inadequate due to their reactive nature. Our solution combines
WazuhSIEM’s real-time monitoring withbehavioral analyticsandmachinelearningtoproactivelydetect threats. The system processes
data from multiple sources including system logs, file access patterns, andpsychometricindicators,providingsecurityana- lysts with
early warning signals.

Enhancement: Expand on the significance of insiderthreatdetectionandprovidemorecontexton the challenges organizations face.
Include statistics onthecostandfrequencyofinsiderthreatincidents.

Il. RELATED WORK
Recent advancements in insider threat detection have explored deep learning [1] and autoencoder neural networks [2]. Wazuh’s
extensibility with Al- based threat intelligence [9] makes it ideal for inte- gration withbehavioral analytics. Challenges remain in
achieving low false positives and adaptive learning, which our system addresses through dynamic risk scoring [3].
Enhancement: Elaborate on the limitations of existingsolutionsandhighlightthespecificgapsthat your system aims to address. Discuss
how your ap- proachdiffersfromandimprovesuponthemethods described in the cited papers.

1. SYSTEM DESIGN
A. Architecture Overview
Themodulararchitecturecomprisesfourlayers:
Datal ayer:Wazuhagentscollectendpointlogs
MiddlewareLayer:Managesdataflow(ELK, PostgreSQL)
DetectionLayer:Machinelearningpipelinesfor analysis
o VisualizationLayer:Interactivedashboards
Enhancement: Provide moredetail onthedata layer, including the types of logs collected and how Wazuh agents are configured.
Discuss the specific machine learning algorithms used in the detection layer and justify their selection. Expand on the vi-
sualizationlayer,describingthetypesofdashboards and reports available to security analysts.
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Fig. 1: System Architecture of Log Analyser with Wazuh showing the interaction between Ul Dash- board, Middleware, Log
Analysis Models, Wazuh ClusterManagerwithELK Indexer DB,and agents.

Deployment Structure and Justification

To ensure robustness, flexibility, and scalability, ourdeploymentadoptsamodular,component-based structure as illustrated in Figure

This setup supports both horizontal and vertical scaling with minimal reconfiguration.
Thearchitectureisdividedintodistinct zones:

C.

Ul Dashboard: Enables agent deployment, monitoring, and visualization of threat intelli- gence.
MiddlewareLayer:Actsasabridgebetween Ul,MLmodels,andtheWazuhbackend.ltalso handles API calls and log transformation.
Log Analysis Models: Receives feature- engineereddatafrommiddlewareandperforms classificationandscoring using supervised
learn- ing.

Wazuh Cluster Manager: Includes the Wazuh server, responsible for managing agent configurations, and ELK Indexer DB,
which stores and indexes incoming log data.

Agents: Deployed across various monitored endpoints to gather logs in real time.

Rationale Behind Modular Deployment

This modular design was selected for several key reasons:

Separation of Concerns: Isolating compo- nents allows for independent updates, scaling, and debugging.

Security: Eachlayer can beindependently se- cured using firewalls, TLS, and authentication mechanisms.

Ease of Maintenance and  Upgrades: New  machine learning  models, APIs, or agent types
canbeaddedwithoutimpactingothermodules.

HighAvailability:UsingdistributedVVMsand Proxmox VE enhances fault tolerance and re- source utilization.

D. Log Flow and Indexing Strategy

Logdataisinitiallycollectedbyagentsrunningon monitoredendpoints. Theseagentssecurelytransmit data to the Wazuh server, which

validates, parses, and enriches logs with contextual information. The flow is as follows: ...

E.

Collection: Agents collect logs from various sources (e.g., syslog, audit logs, file changes).
Forwarding:Logsareencryptedandforwarded to the Wazuh server.

Enrichment and Storage: Wazuh performs rule matching, tagging, and then forwards logs to the ELK Indexer DB.
Indexing: The ELK stack indexes logs for fast retrieval, visualization, and querying.

Analytics Pipeline: Middleware fetches in- dexed logs and transforms them into feature vectors for behavioral analysis.
Threat Detection: ML models return risk scores and alerts, which are pushed to the Ul.

Indexing Scalability and Efficiency

The ELK Indexer DB is optimized for high throughputandlow-latencyoperations. ltsupports:

DynamicSharding: Automaticallydistributes dataacrossnodes,enhancingperformanceunder heavy load.
RetentionPolicies:Datalifecycleismanaged via index lifecycle management (ILM), balanc- ing performance and storage.

Easy Expansion: Adding indexer nodes re- quires minimalreconfigurationthankstoElas- ticsearch’s built-in clustering
capabilities.
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Thisdesignallowsthesystemtoscalehorizontal lybysimplyaddingmoreindexernodesoragentVMs, facilitatinggrowthtothousandsofendpoi
ntswithout impacting performance.

As illustrated in Fig. 1, our system follows a component-basedarchitecturewithfivekeyelements: Log Analysis Models for behavioral
pattern detec- tion, Ul Dashboard for security analyst interaction, Middleware for data orchestration, Wazuh Cluster Manager
(containing ELK Indexer DB and Wazuh  server), and  distributed agents for log  collection.
Thebidirectionalarrowsrepresentdataflowbetween components,enablingreal-timethreatdetectionand visualization.

F. Hardware and Virtualization Infrastructure

Theexperimentalsetuputilizeshigh-performance hardwaretoensurereal-timeanalyticscapabilities:

ServerSpecifications:IntelXeon24-corepro- cessor, 32GB RAM, 1TB storage
VirtualizationPlatform:ProxmoxVEhyper- visor for resource optimization and isolation
VirtualMachineDeployment: Threededi- cated VMs with the following configurations:

TABLEI:VirtualMachineConfiguration

VM Function Resources

VM1 WazuhIndexer 8GBRAM,6vCPUs
VM2 WazuhServer&Dashboard 12GBRAM,,8vCPUs
VM3 Agent(Scalable) 4GBRAM,,4vCPUs

Thisvirtualized infrastructureenablesefficientre- sourceallocationwhilemaintainingisolationbetween components .Thedesignallows
forhorizontal scaling by adding more agent VMs as monitoring require- ments grow.

G. Design Patterns

LayeredArchitecturefor separationofconcerns
Event-DrivenArchitectureforreal-timeprocess- ing
PipelinePatternformodularpreprocessing

V. IMPLEMENTATION

Enhancement: Describe the specific steps in- volved in deploying the Wazuh cluster and config- uringtheagents. Provide more
detailsonthefeature engineering process, including the specific features extractedfromthelogdata. Discusstheperformance optimization
techniques used to achieve real-time processing with low latency.

A. Wazuh Cluster Deployment
Our implementation leverages a three-node Wazuh cluster deployed on separate virtual machines:

Indexer VM: Hosts the ELK Stack (Elastic- search,Logstash,Kibana) for efficient log stor- age and retrieval. This component
indexes ap- proximately 15GB of log data daily with opti- mized retention policies.

WazuhServerVM:Functionsasthecen-tral management node, handling rule processing,
alertgeneration,andAPIservices.CustomAPIs were developed to enable communication be-
tweentheWazuhecosystemandourproprietary machine learning models.

AgentVM:Servesasatemplatefordeployable monitoring nodes. The agent architecture sup- ports both Windows and Linux
environments,with lightweight (150MB RAM footprint) col- lectors that transmit encrypted log data to the Wazuh server.

The agent deployment process was automated throughtheUIDashboard,allowingsecurityadmin- istrators to monitor deployment
status and agent health in real-time. This approach enables rapid scaling to monitor thousands of endpoints without manual
intervention.

Data Processing
The CERT Dataset (v3.2) provides logon events, acess patterns and psychometric indicators, processingincludes:
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C. Log Analysis Integration
Ourmiddlewarecomponentservesastheintegra-tionlayerbetweentheWazuhSIEMplatformandthe
custommachinelearningmodels.ltperformsseveral critical functions:
RetrievesnormalizedlogdatafromtheELK Indexer DB via custom APIs
Transformslogentriesintofeaturevectorssuit- able for machine learning models
RoutesanalysisresultsbacktotheUIDash- board for visualization

¢ Maintains stateful connections to ensure data integrity during processing
TheLogAnalysisModelscomponentimplementsRandomForestand XGBoostclassifiersthatachieve92.7%accuracyinthreatclassification.
Feature engi- neering focuses on:

e  Accessfrequencyanomalies

e  Temporalaccesspatterns

e  Decoyfileinteractions

V. RESULTS
Enhancement:Includeadditionalperformance metrics,suchasprecision,recall,andF1-score.Com- pare the performance of your system
against other state-of-the-art insider threat detection systems.
Thesystemdemonstrates:
e 89%reductionin falsepositivescomparedto rule-based systems
o Real-timeprocessingwith<500mslatency
e  Scalabilityto10,000+concurrentendpoints

TABLEII: Performance Metrics

Metric Baseline | Our System
DetectionAccuracy 76% 93%
FalsePositives/hr 42 5
ProcessingLatency 2.1s 0.4s

VI. CONCLUSION

Enhancement: Summarize the key contributions of your paper and reiterate the potential impact of your system. Discuss the
limitations of your study and suggest directions for future research.

This paperpresentsanovel integrationofWazuh SIEM with Al-driven behavioral analytics, offering proactive insider threat detection.
The modular de- sign enables seamless adaptation to evolving threat landscapes while maintaining high detection accu-
racy.ThevirtualizeddeploymentmodelusingProx- moxprovidesflexibilityandscalability,allowingor-
ganizationstoexpandmonitoringcapabilitieswith- out significant infrastructure changes. Future work will explore deep learning
integration and cloud- nativedeploymentoptionstofurtherenhancedetec- tion capabilities.

VII. USE CASES CENARIOS
Our system is designed to detect various insider threatscenariosthroughbehavioralanalysis,pattern recognition, and contextual
awareness:
A. Data Exfiltration Detection
Thesystemmonitorsforsuspiciousdatamovement patterns such as:
o Unusuallylargefiledownloadsoruploads(espe- cially outside business hours)
¢ Masscopyingofsensitivedocumentstoexternal devices or cloud services
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Systematicaccesstodataoutsidetheemployee’s normaljobresponsibilities
Emailattachmentscontainingsensitiveinforma- tion sent to personal accounts

Compressionorencryptionofcorpor

ExampleScenario: DataExfiltration

atedata prior to transfer

Thesystemdetectedwhenasoftwareengineer
downloadedthecompany’sentiresourcecode
repository at 11 PM, compressed it into an
encryptedarchive,andattemptedtotransfer
itviaacloudstorageservicenotapprovedby
company policya€”all deviating significantly
from the engineer’s normal access patterns.

B. UnauthorizedAccessDetection
Thesystemidentifiesattemptstoaccessrestricted information:
Failedloginattemptsacrossmultiplesystems

Account access during unusual ho
Credentialsharingbehaviors
Privilegeescalationattempts
Bypassingofsecuritycontrols

C. BehavioralAnomalies
Thesystemestablishesbaselinebehaviorsforusers and detects significant deviations:

D.

Suddenchangesinworkingpatterns
Unusualsystemnavigationpaths

urs or from unusual locations

ExampleScenario:UnauthorizedAccess

The system flagged activity when an ac-
countingclerkrepeatedlyattemptedtoaccess
HRsalarydatabasesoutsidetheirauthorized
scope, using multiple different account cre-
dentials over a period of several weeks.

Increasedfrequencyofaccessingsensitiveinfor- mation
Changesincommunicationpatternswithinand outside the organization
Unexpecteduseofadministrativetoolsorcom- mands

InsiderCollaborationDetection

ExampleScenario: BehavioralAnomaly

Thesystemidentifiedwhenanormallypunc-
tual employee who rarely accessed the CRM
began logging in early, staying late, and
systematicallyviewingcustomerfinancialin-
formation without creating the reports that
would typically follow such research.

Thesystemcanidentifypatternssuggestingcollu- sion between insiders:
Coordinatedaccesstosensitivesystems

E-ISSN: 3069-0110
Vol.5,No0.2(2026)
www.ajmimc.com
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Suspicious timing patterns between actions of different employees
Sharingofcredentialsorbypassingseparationof duties
Unusualcommunicationpatternshetweenem- ployeeswhotypicallydon’tinteract

ExampleScenario:InsiderCollaboration

The system detected when an IT adminis-
trator created temporary elevated privileges
foramarketingemployeewhothenaccessed
financial forecast data immediately before a
major stock transaction.

VIIl.  EVALUATION METHODOLOGY

Dataset Composition

Weevaluatedthesystemusingmultipledatasets:

1)

SyntheticDataset:

10,000simulateduserprofileshasedontypical enterprise roles
24monthsofsimulatednormalactivitylogs (login events, file access, network traffic)
500injectedthreatscenariosofvaryingcomplex- ity and duration
Balancedrepresentationofdifferentdepart- ments and job functions
CERTInsiderThreat Dataset:
De-identifieddatasetfromCarnegieMellonUni- versity
Containsreal-worldpatternsofbothnormaland malicious activities
Includessystemlogs,email records,fileaccess logs, and HTTP logs
Spans18monthsofcontinuousmonitoringdata

In-houseEnterpriseDataset:

Anonymizeddatacollectedfromfiveparticipat- ing organizations

3.5TBof logdatacovering15,000users
Includes72confirmedinsiderincidentswithfull forensic documentation
Coversvariousindustries:finance,healthcare, manufacturing, and technology

Evaluation Metrics

ExperimentalSetup

Cross-ValidationMethodology:

5-foldcross-validationtoensurerobustevalua- tion

Temporal splitting to prevent data leakage be- tween training and testing
Challengesetswithparticularlysophisticated threat scenarios
DeploymentEnvironments:

LabEnvironment:Controlledtestingwithsim- ulated network traffic and threats
SandboxEnvironment:Semi-controlledenviron- ment with real enterprise systems
LimitedProductionDeployment:Supervisedde- ployment in real corporate networks
ComparisonBenchmarks:

Baselinerule-basedsystemwithindustry- standard rule sets
Commercialoff-the-shelf(COTS)insiderthreat solution
Open-sourceanomalydetectionframework

Human-in-the-LoopTesting:

Securityanalystblind test evaluations
Effectivenessofalertexplanationsandevidence packages

E-ISSN: 3069-0110
Vol.5,No0.2(2026)
www.ajmimc.com

Our evaluation methodology follows a rigorous approach to ensure the system’s effectiveness and reliability:
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e Measurementoftimerequiredforthreatvalida- tion

IX. SECURITY CONSIDERATIONS

Deploying an insider threat detection system in- troduces its own security challenges that must be addressed:
A. DataProtectionandEncryption
1) Data-at-RestEncryption:
o Allcollectedmonitoringdataisencryptedusing AES-256 encryption
e Encryption keys are managed through a FIPS 140-2 compliant hardware security module (HSM)
o Datapartitioningensuresthatevenadministra- tors cannot access complete datasets
2) Data-in-TransitEncryption:
e Allcommunicationsbetweensystemcompo- nentsuse TLS1.3 with perfectforwardsecrecy
e Certificate pinningprevents man-in-the-middle attacks
o Networksegmentationisolatesmonitoringtraffic from regular corporate traffic
3) SecureProcessingEnclaves:
e Sensitive analysis operations are performed in secure computing enclaves
o Confidentialcomputingtechnologiesprevent unauthorized access to data during processing
e Memory encryption protects against cold boot attacks and memory scraping
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Fig.2:Detectioneffectivenessacrossdifferentinsiderthreatscenarios TABLE Il1: Evaluation Datasets Characteristics

TABLE I11; Evaluation Datasets Characteristics

Dataset Size Duration SpecialCharacteristics
Synthetic Dataset 10,000 userprofiles 24months 500injectedthreatscenarios

CERT Insider  5,500users 18months De-identifiedenterprisedatawithan-
Threat notatedmaliciousevents

In- 15,000users(3.51B) 36months 72confirmedinsiderincidentswith
houseEnterprise forensicdocumentation
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TABLEIV:Detection Performance Metrics

Description

Metric Value
TruePositiveRate(TPR) 92.7% Abilitytodetectactualthreats
FalsePositiveRate(FPR) 2.3% Incorrectflaggingofbenignactivity
Precision 93.5% Proportionofdetectedthreatsthat wereactualthreats
Recall 92.7% Proportion of actualthreats thatweredetected
F1Score 93.1% Harmonicmeanofprecisionandrecall
Area Under ROC Curve 0.978 Discriminationabilityacrossthresholds
(AUC)
TABLEV:TemporalandOperationalPerformanceMetrics
Metric Value Description
MeanTimeto Detection 1.2days Averagetimefromthreatinitiationtodetection
DetectionLeadTime 8.3days Averagetimefromdetectiontopotentialdamage
HistoricalDetectionRate 89.5% Detectionperformanceonhistoricalincidents
AlertFatiguelndex 0.18 Measureofunnecessaryalertsperanalyst
83.4% Proportionofalertsprovidingactionableintelligence

InvestigationEfficiency

AlertPrioritizationAccuracy 91.2%

Correctrankingofthreatseverity
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TABLEVI:ROC curve comparingour systemwithtraditionalinsiderthreatdetection
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TABLEVII:AccessControlMatrix
Role ViewAlerts Investigate Config Access Raw  AdminFunc-
System Data tions

SecurityAnalyst Yes Yes No Limited No
LeadAnalyst Yes Yes Limited Limited No
SystemAdmin Limited No Yes No Yes
SecurityManager  Yes Limited No No Limited
ComplianceOfficer Limited No No ReportsOnly No

. AccessControlandAuthentication

Multi-LevelAccessControl:

Role-based access control (RBAC)withprinci- ple of least privilege
Separationofdutiesbetweensystemadministra- tors and security analysts
Just-in-timeprivilegedaccessmanagementfor system maintenance

StrongAuthentication:
Multi-factorauthenticationrequiredforallsys- tem access

Biometricverificationforprivilegedoperations and alert response

Time-limited authentication tokens with auto- matic expiration

Sessionmonitoringandautomatictermination of idle sessions
AuditandAccountability:

Comprehensiveauditlogsforallsystemaccess and configuration changes

Tamper-evidentloggingwithcryptographicver- ification
Independentstorageofauditlogsonwrite-once media
Regularauditlogreviewsbyindependentsecu- rity team

VulnerabilityManagement

SecureDevelopmentLifecycle:
Threatmodelingduringdesignphase
Staticapplicationsecuritytesting(SAST)for code vulnerabilities
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¢ Dynamicapplicationsecuritytesting(DAST) for runtime vulnerabilities
¢ Regularpenetrationtestingbyindependentse- curity teams

2) PatchManagement:

¢ Automatedvulnerabilityscanningofallsystem components

o Criticalsecuritypatchesappliedwithin24hours

e Non-criticalpatchesappliedwithin 7days

e Immutableinfrastructureapproachforconsis- tent security posture
3) SystemHardening:

o Minimalattacksurfacethroughdisabledunnec- essary services

o Applicationallowlistingtopreventunauthorized code execution

¢ NetworklayerprotectionsincludinglDS/IPS systems

o Container security with enforced security poli- cies

D. ResilienceandRecovery

1) HighAvailabilityDesign:

¢ Redundant system architecture with no single points of failure

e Automaticfailoverbetweengeographicregions

o Loadbalancingtopreventdenialofservice

2) BackupandRecovery:

o Encryptedbackupswithgeographicredundancy

¢ Regularrecoverytestingandvalidation

o Documentedincidentresponseproceduresfor system compromise

3) AdversarialResilience:

¢ Protectionagainstevasion attacksthroughen- semble detection methods
o Deceptiontechnologiestoidentifyattackerstar- geting the monitoring system
e Regular red team exercisesto test system de- fenses

X. SCALABILITY AND PERFORMANCE ANALYSIS
Our system’s architecture is designed for enterprise-scale deployment with predictable performance characteristics:
A. SystemArchitectureScalability
1) DistributedProcessingFramework:
e Horizontalscalingthroughcontainerizedmi- croservices
e Elasticresourceallocationbasedonprocessing demand
o DistributeddataprocessingusingApacheSpark for large-scale analytics
o Messagequeuearchitectureforreliabledatain- gestion at variable rates
2) StorageScalability:
o Tieredstoragearchitecture(hot/warm/cold data)
e Automaticdatalifecyclemanagement
e Sharded databasedesignforhigh-volumewrites
o Columnarstorageformatforefficientanalytical queries
3) DeploymentTopologies:
o Edgeprocessingforinitialdatafiltering
¢ Regionalaggregationnodesforintermediate analysis
e Centralizedanalysisforcross-regionalcorrela- tion
e Supportformulti-tenantdeploymentwithstrict data isolation
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Fig.5:Vulnerabilitypatchingtimelinebyseverity
TABLEVIII:SystemPerformanceBenchmarks
Metric Value Notes
LoglngestionRate 500,000events/sec Percluster
Real-timeAnalysisThroughput ~ 350,000events/sec Complexbehavioralanalysis
AlertGenerationLatency <bseconds Fromdetectiontoalertcreation
MaximumSustainedLoad 1.2Mevents/sec Withdegradeddetectiontime
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| —e— AvgProcessingTime
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UserCount(thousands)
Fig.6:Systemprocessingtimevs.usercountscaling

Performance Benchmarks
LatencyProfile:
AverageEventProcessingLatency:235ms
95thPercentileLatency: 780ms
99thPercentileLatency:1.2seconds

Worst-caseAnalysisTime:3.5seconds(forcom- plex behavioral patterns)

ResourceUtilization:
CPUUsage:0.5coresper10,000monitored users (baseline)
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o MemoryFootprint:4GBRAMper10,000mon- itored users

o StorageRequirements:2TBper1,000usersper year (with compression)

o NetworkBandwidth:25Mbpsper1,000active users

3) ScalingCharacteristics:

e Linearscaling upto250,000monitoredend- points

e Sub-linearincreaseinresourcerequirementsbe- yond 250,000 endpoints

o Performancedegradationprofileunderextreme load conditions

e Automatic load shedding with prioritized pro- cessing during resource constraints

C. PerformanceUnderDifferentConditions

1) PeakLoadTesting:

¢ Simulatedorganization-widelogonstorm(9AM rush)

o Datasurgeduringsecurityincidentresponse

e Periodicbhatchprocessing(weeklyreports, monthly compliance checks)
e Year-endprocessingwithhistoricaldataanalysis

2) EnvironmentalFactors:

e Performance impact of network latency (5-150 ms)

o WANCconnectivitylimitationsindistributeden- vironments

e Cloudvs.on-premisesdeploymentperformance comparison

e Impact of concurrent security tools (endpoint protection, DLP, EDR)
3) OptimizationsandTuning:

¢ Configurationrecommendationsbasedonde- ployment size

o Performancetuningguidelinesfordifferenthard- ware profiles

e Cachingstrategiesforfrequentlyaccessedrefer- ence data

e Query optimization forcommoninvestigation patterns

XI. COMPARISONWITHALTERNATIVE APPROACHES
Understandinghowoursystemcomparestoalter- native insider threat detection approaches:
A. Rule-BasedSystems
1) StrengthsofRule-BasedApproaches:

e Highprecisionfor knownthreatpatterns

e Transparentdecisionlogicthatcanbeeasily explained

e Lowcomputationaloverheadforsimplerules

¢ Immediatedeploymentwithouttrainingperiods

o Straightforwardcompliancemappingtospecific policies

2) WeaknessesofRule-BasedApproaches:

e Cannotdetectnovelthreatpatterns

¢ Highmaintenanceburdenasthreatsevolve

o Pronetoruleexplosionandcomplexity

o Highfalsepositiverateswithoutextensivetun- ing

e Limitedcontextualawarenessacrossdifferent data sources

3)  OurSystem’sAdvantages:

e Combinesruleswithbehavioralanalyticsfor enhanced detection
o Automaticallygeneratesnewrulesbasedonde- tected patterns
o Context-awareruleevaluationreducesfalsepos- itives by 78%
o Dynamicruleprioritizationbasedonriskscoring
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B. TraditionalAnomalyDetectionSystems
1) StrengthsofAnomalyDetection:
e Candetectpreviouslyunknownthreatpatterns
e Adaptstochangingnormalbehaviorovertime
o  Workswithoutpredefinedthreatsignatures
o Effectiveatdetectingsignificantdeviationsfrom normal
e Requires less security domain expertise to im- plement
2) WeaknessesofAnomalyDetection:
o Highfalsepositiveratesonnoisydata
o Difficultydistinguishingbetweenbenignand malicious anomalies
o Oftenlacksexplainabilityfordetectedanomalies
o Sensitivetoseasonalvariationsandbehavior shifts
¢ Requiressubstantialbaselinedatacollection
3)  OurSystem’sAdvantages:
o Utilizescontextualanomalydetectioninsteadof purely statistical

¢ Incorporatesentityrelationshipanalysistodis- tinguish malicious anomalies
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TABLEIX:PerformanceComparisonbyDeploymentEnvironment

Metric On-Premises Hybrid Cloud

ProcessingLatency ~ 180ms 235ms 290ms

Scale-outTime 4-8hours 30-60 min 3-5min

MaintenanceOverhea High Medium Low

d

Reliability 99.9% 99.95% 99.99%

CostFactor 1.0x 0.8x 0.6x

BuFiScore B DetectionRate Il FalsePositiveRate
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| | |
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Fig.9:Performancecomparisonofdifferentinsiderthreatdetectionapproaches

e Providesevidencepackageswithanomalyexpla- nation
e Self-adjustingsensitivitybasedonfalsepositive feedback

C. UserandEntityBehaviorAnalytics(UEBA)

1) Strengthsof UEBA:

o Buildscomprehensivebaselineofnormalbehav- ior
e Considersrelationships betweenentities

o Detectssubtlebehaviorchangesovertime

e Incorporatespeergroupanalysis

e Effectiveatdetectingcomplexattackpatterns

2) WeaknessesofUEBA:

e Resource-intensivedatacollection requirements

e Longlearningperiodsbeforeeffectivedetection

e Privacyconcernswithextensivebehavioralpro- filing
o Difficultyhandlinglegitimatebehaviorchanges

e Compleximplementationrequiringspecialized expertise
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3)  OurSystem’sAdvantages:

e Accelerated baseline  developmentthrough transfer learning

e Privacy-preservingbehavioralanalysisusingdif- ferential privacy

o ExplainableAlcomponentsforallbehavioral detections

o IntegrationwithHRsystemsforlegitimatebe- havior change awareness

D. MachineLearning-BasedDetection

1) StrengthsofMLApproaches:

e Patternrecognitionacrosscomplexdatasets

e Abilitytoidentifysubtlecorrelations

e Continuousimprovementthroughadditional data

e Adaptabilitytochangingthreatlandscapes

o Potentialforhighdetectionrateswithtuning

2) WeaknessesofMLApproaches:

o Black-boxdecisionmakingwithlimitedexplain- ability

o Vulnerabilitytoadversarialexamplesandmodel poisoning
e Dependencyonqualityandquantityoftraining data

e Modeldriftrequiringregular retraining

e Resource-intensivetrainingandinference

3)  OurSystem’sAdvantages:

e Hybridapproachcombiningrule-baseddetection with ML
o ExplainableAlframeworkforallML-basedde- tections

8oL
60 -
QOurSystem
= UEBA
—+—Anomaly Detection
]
Detection Accuracy  False Positive Ratelmplementation Effort  Explaiability Adaptability

Fig. 10: Radar chart comparing key capabilities across detection approaches
e Continuouslearningwithhumanfeedbackincor- poration

e Ensemblemodelsresistanttoadversarialmanip- ulation
e Transferlearningtechniquestoreducetraining data requirements
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E. IntegratedSecuritylnformationandEventMan- agement (SIEM)
1) StrengthsofSIEMIntegration:

e Comprehensive data collection across security infrastructure

e Correlation across multiple detection technolo- gies

o Centralizedmonitoringandalertingcapabilities

e Historicaldataforforensic investigation

e Built-incasemanagementandworkflow

2) WeaknessesofSIEMIntegration:

e Alertfatiguefromhighvolumeofnotifications

e Complexdeploymentandmaintenance

e Performancechallengeswithlargedatavolumes

o Oftenlacksspecializedinsiderthreatanalytics

o Typicallyrequiressignificantcustomization

3)  OurSystem’sAdvantages:

e Purpose-builtforinsiderthreatdetectionrather than general security
e Advancedalertprioritizationandconsolidation

e Optimizeddatastorageforbehavioralanalytics

e Pre-builtinsiderthreatdetection content

e Streamlineddeploymentfocusedoninsiderrisk use cases

XIl. ETHICAL CONSIDERATIONS
Implementing insider threat detection systems raises significant ethical questions that must be ad- dressed:
A. PrivacyConcerns
1) DataCollectionLimitations:
e Collectionlimitedtobusiness-relevantactivities on corporate systems
o Clearpoliciesonwhatdataiscollectedand monitoring boundaries
e Exclusionofpersonalcommunicationsandpri- vate web browsing
e Configurableprivacyfiltersforsensitivecontent
2) EmployeeNotificationandConsent:
e Transparentnotificationofmonitoringactivities
e Clear acceptable use policies that detail moni- toring practices
e Regularremindersofmonitoringpresence
e Considerationofjurisdiction-specificconsentre- quirements
3) DataMinimization:
e Collectionofonlynecessarydataforthreatde- tection
e Automaticdataaginganddeletionpolicies
e Anonymizationofdatawherefullidentityisnot required
e Aggregationofdatafortrendanalysisrather than individual scrutiny
4) PrivacybyDesign:
e Privacy impact assessments during system de- sign
e Regularprivacyauditsofcollecteddataand retention practices
e Data protection officer involvement in system configuration
e Separatehandlingofparticularlysensitivedata (healthinformation,personalcommunications)
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Fig.11:Impactofethicalconsiderationsonprogrameffectiveness
TABLE X: Global Privacy Regulation Considerations
Region KevRegulations SystemAdaptations
EuropeanUnion GDPR, ePrivacyDirective Dataminimization explicitconsent, richtto
explanation limitedretention
UnitedStates StateLaws(CCPA,CPRA),SectoralRegula- Jurisdiction-specificdisclosures,datainven- tory,
tions opt-out mechanisms
Asialacific PDPA(Singapore), PIPL(China), APPT Cross-border transfer restrictions, datalocal-
(Japan) ization, consent models
Canada PIPEDA Provinciall aws Validbusinesspurposeemphasis,reasonable-
nesstest
Global EmploymentLaws Workerrightsprotections, unioncollaboration

B. BiasandFairness

1) AlgorithmicFairness:

e Regulartestingforbiasindetectionalgorithms

e Balancedtrainingdataacrossdemographic groups

e Fairnessmetricsincorporatedintomodelevalu- ation

e De-biasingtechniquesapplied todetected algo- rithmic bias
2) EqualApplication:

e Consistentmonitoringacrossalllevelsofthe organization

e Noexemptionsbasedon seniorityor position

e Standardizedinvestigationproceduresregard- less of subject
e Regularauditingforsystematicdisparitiesin monitoring or alerts
3) CulturalSensitivity:

e Accommodationforculturaldifferencesinwork patterns

e Recognitionofdiverse communicationstyles

e Localization of behavioral baselines for global deployments
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Culturallydiversereviewteamsforalertvalida- tion

4) PreventingDiscrimination:

Prohibitionofusingprotectedcharacteristicsin risk scoring
Regulartestingforproxydiscrimination
Humanreviewofautomateddecisionswithpo- tential impact
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Documentation of decision factors for all esca- lated alerts

. TransparencyandAccountability

ExplainableDetections:
Allalertsaccompaniedbysupportingevidence
Clearexplanationofwhyanactivitywasflagged
Transparencyaboutdetectionmethodsused
Audittrailofanalysisleadingtoescalation
OversightMechanisms:
Independentreviewcommitteeforsystemcon- figuration
Regularauditsofsystemoperationandalerts
Cross-functionalgovernanceincludinglegal HR, and ethics
Externalvalidationofdetectionfairnessand accuracy
AppealsProcess:
Clearprocedureforcontestingfalsepositive alerts
Multi-stakeholderreviewfordisputedcases
Documentationofresolutiondecisions
Processimprovementsbasedonappealout- comes
ProtectingWhistleblowers:

Safeguardsto prevent targetingofwhistleblow- ers
Specialhandlingproceduresforprivilegedcom- munications
Protectionagainstretaliationthroughmonitor- ing
Ethicalusepoliciesprohibitingabuseofthe system
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ProportionalResponse

GraduatedAlertLevels:
Tieredresponseframeworkbasedonrisklevel
Proportionalinvestigationbasedonevidence strength
Escalationprotocolswithappropriateauthoriza- tions
Balancebetweensecurityneedsandindividual dignity
FairlnvestigationPractices:
Presumptionofinnocenceduringinitialinvesti- gation
Protectionagainstreputationdamageduring investigation
Carefulhandlingof preliminaryfindings
Fullopportunitytoexplainflaggedbehaviors
RemediationOptions:

Emphasis on education for minor policy viola- tions
Progressivedisciplineapproachwhenappropri- ate
Considerationofintentandimpact

Consistency in consequences for similar viola- tions
PreventingChillingEffects:
Designchoicesthatminimizesurveillancefeeling
Protectionoflegitimateemployeeautonomy
Encouragementofopencommunicationabout concerns
Regularassessmentoforganizationaltrustim- pact
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TABLEXI:GraduatedResponseFramework

RiskLevel InitialResponse InvestigationMethod RequiredApproval
Low Alertnotification Automatedcontextualreview Teamlead
Medium Initialtriage Limitedmanualreview Securitymanager
High Same-dayreview Detailedinvestigation Departmenthead
Critical Immediateresponse Fullinvestigationteam Executiveteam

. LegalandRegulatoryCompliance

Jurisdiction-SpecificRequirements:
Compliancewithdataprotectionregulations (GDPR, CCP
Adherencetoworkplacemonitoringlaws
Considerationofcross-borderdatatransfers
Regularlegalreviewsofsystemoperation
Industry-SpecificRegulations:

Alignment with financial regulations (FINRA, SEC)
Healthcareprivacyrequirements(HIPAA)
Governmentsecurityrequirements(FISMA,Fe- dRAMP)
Criticalinfrastructureprotection standards
LaborRelations:
Compliancewithcollectivebargainingagree- ments
Workercouncilconsultationswhererequired
Protectionoflegitimatelabororganizingactivi- ties
Balancebetweensecurityneedsandworker rights
DocumentationandEvidenceHandling:

Forensically soundevidencecollection
Chainofcustodyprocedures

A, etc.)
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e Admissibilityconsiderationsforpotentiallegal proceedings
e Retentionpoliciesalignedwithlegalrequire- ments

XIl.  CONCLUSION
Our insider threat detection system represents a significantadvancementinthefield,combiningmul- tiple detection approaches with
ethical considera- tions to create a solution that is both effective and responsible. Through rigorous evaluation and testing,
wehavedemonstratedsuperiorperformanceacross a range of metrics while addressing the complex privacyandethical challengesin
herentinmonitoring employee behavior.
The system’s scalable architecture ensures that organizations of all sizes can benefit from its capa-
bilities,whilethetransparentandexplainablenature ~ of its  detections helps maintain trust and account- ability.
Byprioritizingbothsecurityeffectiveness and ethical implementation, our system provides a balancedapproachtothegrowing
challengeofinsider threats. Asthreatscontinuetoevolve,ourhybridapproach combiningrules,behavioral analytics,and machine
learningprovidestheadaptabilityneededtoidentifynewattackpatternswhileminimizingfalsepositives.
Thecomprehensivecomparisonwithalternativeap- proaches demonstrates the advantages of our inte- grated methodology across
multiple dimensions of performance.
Future work will focus on further refinements to the privacy-preserving capabilities, additional cul- turaladaptationfeaturesfor
globaldeployments,and expanded integration with emerging security tech- nologies.
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