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ABSTRACT 

The exponential growth of cyber threats and the overwhelming volume of security events have 

rendered traditional Security Information and Event Management (SIEM) systems inadequate 

for modern enterprise defense. This research investigates the integration of artificial 

intelligence technologies into SIEM platforms to enhance threat detection capabilities, reduce 

false positives, and enable proactive security responses. The study examines machine learning 

algorithms, deep learning architectures, and natural language processing techniques applied to 

log analysis, anomaly detection, and automated incident response. Results demonstrate that AI-

enhanced SIEM systems reduce false positive rates by 67% while improving threat detection 

accuracy to 94.3% compared to rule-based approaches achieving only 78.6% accuracy. The 

research validates that ensemble learning methods combining supervised and unsupervised 

algorithms provide superior performance in identifying zero-day attacks and advanced 

persistent threats. Implementation challenges including data quality requirements, model 

explainability concerns, and computational resource demands are systematically analyzed. 

These findings provide practical frameworks for security professionals deploying AI-driven 

SIEM solutions in enterprise environments facing increasingly sophisticated cyber adversaries. 

Keywords: Artificial Intelligence, SIEM, Cybersecurity, Machine Learning, Threat Detection, 

Anomaly Detection, Incident Response 

 

1. INTRODUCTION 

Modern enterprises generate millions of security events daily across distributed networks, 

cloud infrastructure, and endpoint devices. Traditional Security Information and Event 

Management systems struggle to process this overwhelming data volume while distinguishing 

genuine threats from benign anomalies. Security analysts face alert fatigue as conventional 

rule-based SIEM platforms generate thousands of false positives requiring manual 

investigation, diverting resources from critical threat response activities (Sharma and Gupta, 

2023). 

The cybersecurity landscape has fundamentally transformed over the past decade. Attackers 

employ sophisticated techniques including polymorphic malware, fileless attacks, and social 

engineering campaigns that evade signature-based detection mechanisms. Advanced persistent 

threats remain dormant within networks for months before activation, requiring detection 

methods capable of identifying subtle behavioral deviations rather than known attack patterns 
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(Chen et al., 2024). Traditional SIEM systems relying on predefined correlation rules prove 

ineffective against these adaptive adversaries. 

Artificial intelligence offers transformative potential for enhancing SIEM capabilities through 

automated pattern recognition, predictive analytics, and intelligent decision-making. Machine 

learning algorithms can analyze vast datasets identifying complex relationships invisible to 

human analysts or static rules. Deep learning architectures process unstructured log data 

extracting semantic meaning from security events. Natural language processing enables 

automated threat intelligence integration and incident report generation (Kumar and Singh, 

2023). 

Despite promising capabilities, AI integration into SIEM platforms presents significant 

challenges. Machine learning models require substantial training data representing diverse 

attack scenarios and normal operational patterns. Model interpretability concerns arise when 

security decisions depend on opaque neural network predictions that analysts cannot easily 

validate. Adversarial attacks targeting AI systems themselves create new vulnerabilities 

requiring defensive considerations (Anderson et al., 2023). 

Current research examining AI applications in cybersecurity often focuses narrowly on specific 

detection techniques without comprehensive evaluation across diverse threat categories or 

practical deployment constraints. Published studies frequently utilize outdated datasets that fail 

to represent contemporary attack sophistication. The gap between academic research and 

operational security requirements limits practical adoption of AI-enhanced SIEM solutions in 

production environments. 

This research addresses these limitations through systematic investigation of AI technologies 

integrated into SIEM platforms. The study evaluates multiple machine learning approaches 

across realistic threat scenarios, analyzes implementation challenges encountered in enterprise 

deployments, and provides actionable recommendations for security professionals. The 

findings contribute practical knowledge enabling organizations to leverage AI capabilities 

while managing associated risks and resource requirements effectively. 

 

2. OBJECTIVES 

The primary objectives of this research are: 

• To evaluate the effectiveness of various AI algorithms including supervised learning, 

unsupervised learning, and deep learning architectures in detecting diverse cyber threat 

categories within SIEM environments, establishing comparative performance 

benchmarks. 

• To quantify improvements in false positive reduction and threat detection 

accuracy achieved through AI-enhanced SIEM systems compared to traditional rule-

based approaches across multiple attack vectors including malware, network intrusions, 

and insider threats. 

• To identify optimal ensemble learning strategies that combine multiple AI 

techniques to maximize detection capabilities while maintaining acceptable 

computational performance for real-time security monitoring. 
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• To analyze practical implementation challenges including data quality requirements, 

model training methodologies, explainability considerations, and adversarial 

robustness concerns relevant to operational SIEM deployments in enterprise 

environments. 

 

3. SCOPE OF STUDY 

This research encompasses the following boundaries: 

• SIEM Components: Analysis focuses on log collection, event correlation, anomaly 

detection, threat intelligence integration, and automated response capabilities within 

enterprise SIEM architectures. 

• AI Technologies: Study examines supervised learning algorithms (Random Forest, 

Support Vector Machines, Gradient Boosting), unsupervised methods (K-Means, 

DBSCAN, Isolation Forest), deep learning (LSTM, CNN, Transformer architectures), 

and natural language processing for log analysis. 

• Threat Categories: Investigation covers network-based attacks (DDoS, port scanning, 

lateral movement), endpoint threats (malware, ransomware, privilege escalation), and 

insider threats (data exfiltration, unauthorized access). 

• Performance Metrics: Evaluation criteria include detection accuracy, false positive 

rates, processing latency, model training time, computational resource requirements, 

and explainability scores. 

• Deployment Context: Research addresses enterprise environments with 

heterogeneous infrastructure including on-premises systems, cloud platforms, and 

hybrid architectures typical of organizations with 1000-10000 endpoints. 

• Exclusions: Physical security systems, industrial control networks, and mobile device 

management platforms are outside this study's scope, as are quantum computing 

applications and blockchain-based security mechanisms. 

 

4. LITERATURE REVIEW 

Security Information and Event Management emerged in the early 2000s combining security 

information management and security event management capabilities. Traditional SIEM 

platforms aggregate logs from diverse sources, apply correlation rules identifying attack 

patterns, and generate alerts for security analysts. However, rule-based approaches inherently 

struggle with evolving threats and generate excessive false positives that overwhelm security 

operations centers (Buczak and Guven, 2016). 

The integration of machine learning into cybersecurity began gaining traction around 2010 as 

algorithms matured and computational resources became more accessible. Early applications 

focused primarily on malware classification using supervised learning techniques trained on 

labeled datasets of benign and malicious executables. Research by Sharma and Gupta (2023) 

demonstrated that Random Forest classifiers achieved 89% accuracy in malware detection, 

substantially outperforming signature-based antivirus solutions limited to known threats. 
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Anomaly detection represents a particularly promising AI application for SIEM systems. 

Unlike signature-based methods requiring prior knowledge of attack characteristics, anomaly 

detection identifies deviations from established baselines of normal behavior. Kumar and Singh 

(2023) applied unsupervised learning algorithms including Isolation Forest and One-Class 

SVM to network traffic analysis, achieving 82% detection accuracy for zero-day exploits never 

previously observed. Their research highlighted challenges in establishing appropriate 

baselines and managing false positives generated when legitimate but unusual activities occur. 

Deep learning architectures have revolutionized pattern recognition across numerous domains 

including computer vision and natural language processing. Applications to cybersecurity 

leverage these capabilities for analyzing complex, high-dimensional security data. Chen et al. 

(2024) implemented Long Short-Term Memory networks for analyzing sequential log data, 

identifying attack campaigns unfolding over extended timeframes. Their LSTM models 

detected 91% of advanced persistent threats compared to 64% detection rates achieved by 

traditional correlation rules. 

Natural language processing enables AI systems to process unstructured text within log 

messages, threat intelligence reports, and security documentation. Research has demonstrated 

that NLP techniques can automatically extract indicators of compromise from threat feeds, 

generate human-readable incident summaries, and correlate disparate security events through 

semantic understanding (Thompson and Williams, 2022). These capabilities reduce manual 

effort required for threat intelligence integration and incident response coordination. 

Ensemble learning methods combine multiple AI algorithms to achieve superior performance 

compared to individual techniques. The fundamental premise holds that diverse models make 

different types of errors, and strategic combination can compensate for individual weaknesses. 

Anderson et al. (2023) developed ensemble approaches integrating supervised classifiers for 

known threat detection with unsupervised methods for anomaly identification. Their hybrid 

systems reduced false positives by 58% while improving overall detection accuracy by 17% 

compared to single-algorithm implementations. 

Adversarial machine learning has emerged as a critical concern as AI systems become integral 

to security infrastructure. Attackers can craft malicious inputs specifically designed to evade 

machine learning detectors through techniques including gradient-based perturbations and 

model reverse engineering. Research demonstrates that even highly accurate classifiers become 

vulnerable when adversaries understand model architectures and training methodologies 

(Martinez and Rodriguez, 2023). This cat-and-mouse dynamic necessitates ongoing model 

retraining and adversarial robustness techniques. 

Model explainability presents significant challenges in security contexts where analysts must 

understand and validate automated decisions. Deep neural networks function as black boxes 

providing predictions without transparent reasoning processes. Regulations including GDPR 

mandate explainable AI in certain contexts, while practical security operations require analysts 

to investigate and document incident response actions. Techniques including LIME and SHAP 

provide post-hoc explanations for model predictions, though computational overhead and 

explanation quality remain active research areas (Davis et al., 2024). 

Data quality and availability significantly impact AI system performance. Machine learning 

models require substantial training data representing diverse attack scenarios and normal 

operational patterns. Many organizations lack comprehensive labeled datasets, particularly for 
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sophisticated attacks occurring infrequently. Data imbalance presents additional challenges as 

benign events vastly outnumber malicious activities, potentially biasing models toward 

majority class predictions. Synthetic data generation and transfer learning techniques partially 

address these limitations though cannot fully substitute for authentic security telemetry (Wilson 

et al., 2023). 

Real-time processing requirements constrain AI algorithm selection for SIEM applications. 

While sophisticated deep learning models may achieve superior accuracy, computational 

demands can introduce unacceptable latency preventing timely threat response. Organizations 

must balance detection performance against resource costs and processing speed. Research 

examining this tradeoff suggests that ensemble methods combining lightweight algorithms 

with periodic deep analysis provide optimal practical performance (Johnson et al., 2022). 

Despite substantial research progress, gaps remain in comprehensive evaluation of AI-

enhanced SIEM systems across realistic operational conditions. Most published studies utilize 

controlled datasets or focus on isolated threat categories. The interaction between multiple AI 

components within integrated SIEM architectures remains insufficiently explored. 

Additionally, longitudinal studies examining AI system performance as threat landscapes 

evolve over time are lacking. This research addresses these gaps through systematic evaluation 

under conditions representative of enterprise security operations. 

 

5. RESEARCH METHODOLOGY 

This study employs a mixed-methods research approach combining quantitative performance 

evaluation of AI algorithms with qualitative analysis of implementation challenges. The 

methodology integrates controlled experiments using established cybersecurity datasets with 

case study examination of production SIEM deployments to ensure findings reflect both 

theoretical capabilities and practical realities. 

Experimental Environment Configuration 

A virtualized testbed environment was constructed replicating typical enterprise network 

architecture including web servers, database systems, workstations, and network infrastructure 

devices. The environment generated realistic security telemetry through normal user activity 

simulation, benign administrative operations, and controlled attack scenario execution. Log 

aggregation infrastructure collected approximately 2.4 million events daily from 250 simulated 

endpoints, matching the volume characteristics of mid-sized enterprise networks. 

Dataset Selection and Preparation 

The research utilized three established cybersecurity datasets: NSL-KDD for network intrusion 

detection, CICIDS2017 for contemporary attack scenarios, and a proprietary enterprise dataset 

containing six months of anonymized production logs. The combined dataset encompassed 18 

million security events with labeled attack instances across malware infections, network 

reconnaissance, privilege escalation, data exfiltration, and denial-of-service attacks. 
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Data preprocessing involved log parsing to extract structured fields, timestamp normalization 

across disparate sources, and feature engineering creating derived attributes including session 

duration, byte transfer rates, failed authentication counts, and access pattern statistics. Missing 

values were handled through median imputation for numerical features and mode substitution 

for categorical attributes. Data balancing techniques including SMOTE synthetic oversampling 

addressed class imbalance where attack instances represented only 3.2% of total events. 

AI Algorithm Implementation 

Multiple machine learning algorithms were implemented representing diverse paradigmatic 

approaches: 

Supervised Learning: Random Forest ensembles with 100 decision trees, Support Vector 

Machines using radial basis function kernels, and Gradient Boosting machines with learning 

rate 0.1. These algorithms trained on labeled attack data learning to distinguish malicious from 

benign events. 

Unsupervised Learning: K-Means clustering segmenting events into behavioral groups, 

DBSCAN density-based clustering identifying outliers, and Isolation Forest detecting 

anomalies through random partitioning. These techniques required no labeled training data, 

instead identifying deviations from normal patterns. 

Deep Learning: Long Short-Term Memory networks with 128 hidden units processing 

sequential log entries, Convolutional Neural Networks extracting spatial patterns from log data 

representations, and Transformer architectures applying attention mechanisms to event 

sequences. Training utilized Adam optimization with batch size 64 over 50 epochs. 

Ensemble Methods: Stacking approaches combining predictions from multiple base algorithms 

through meta-learners, voting classifiers aggregating predictions through majority voting, and 

hybrid systems utilizing supervised methods for known threat detection with unsupervised 

techniques flagging novel anomalies. 

Performance Evaluation Methodology 

Algorithm performance was evaluated using stratified 10-fold cross-validation ensuring 

consistent attack representation across training and testing partitions. Primary evaluation 

metrics included: 

• Detection Accuracy: Percentage of correctly classified events 

• False Positive Rate: Benign events incorrectly flagged as threats 

• True Positive Rate (Recall): Actual attacks successfully detected 

• Precision: Proportion of alerts representing genuine threats 

• F1-Score: Harmonic mean balancing precision and recall 

• Processing Latency: Time required for threat classification 

Statistical significance of performance differences was assessed using paired t-tests with 

Bonferroni correction for multiple comparisons. Performance benchmarking compared AI 

approaches against traditional rule-based detection using commercial SIEM correlation rules. 

Implementation Challenge Analysis 
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Qualitative analysis examined practical deployment considerations through semi-structured 

interviews with fifteen security professionals from organizations implementing AI-enhanced 

SIEM systems. Interview topics addressed data quality challenges, model training 

methodologies, explainability requirements, computational resource constraints, and 

adversarial robustness concerns. Thematic analysis identified common implementation 

patterns and obstacles across diverse organizational contexts. 

Computational Resources 

All experiments executed on GPU-accelerated computing infrastructure featuring NVIDIA 

Tesla V100 accelerators with 32GB memory. Traditional machine learning algorithms utilized 

scikit-learn implementations, while deep learning models employed TensorFlow and PyTorch 

frameworks. Training times ranged from 2 hours for Random Forest models to 18 hours for 

complex Transformer architectures on the full dataset. 

 

6. RESULTS AND ANALYSIS 

Baseline Performance Assessment 

Initial evaluation established baseline performance using traditional rule-based SIEM 

correlation rules representative of commercial platform capabilities. The rule-based system 

achieved 78.6% detection accuracy with 23.4% false positive rate across the combined dataset. 

Detection performance varied substantially by attack category, reaching 89% accuracy for 

known malware signatures but only 52% for novel attack variants and insider threats lacking 

predefined correlation patterns. 

Processing latency averaged 847 milliseconds per event for rule evaluation and correlation 

logic execution. While acceptable for routine monitoring, this latency introduced cumulative 

delays during high-volume security events potentially delaying critical threat responses. The 

rule-based system required extensive manual tuning by security analysts to achieve even 

moderate performance, with organizations reporting 200-400 hours annually maintaining 

correlation rules as threats evolved. 

Supervised Learning Performance 

Supervised machine learning algorithms demonstrated substantial improvements over rule-

based detection. Random Forest classifiers achieved 91.7% accuracy with 8.3% false positive 

rate, representing 13% accuracy improvement and 65% false positive reduction. Feature 

importance analysis revealed that session duration, failed authentication patterns, and unusual 

access timing contributed most significantly to classification decisions. 

Support Vector Machines reached 89.4% accuracy though required longer training times due 

to kernel computation complexity. Gradient Boosting achieved the highest supervised learning 

accuracy at 92.8% but exhibited concerning overfitting tendencies on certain attack categories, 

performing poorly on novel threats dissimilar from training examples. This highlighted 

inherent limitation of supervised approaches requiring comprehensive labelled datasets 

covering all potential threat variants. 
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Figure 1: Comparative Performance of AI Detection Methods 

Unsupervised Learning Results 

Unsupervised anomaly detection algorithms provided valuable capabilities for identifying 

zero-day attacks and insider threats lacking labeled training examples. Isolation Forest 

achieved 84.7% detection accuracy with 11.2% false positive rate, substantially outperforming 

rule-based systems on novel threats. The algorithm successfully flagged 79% of previously 

unseen attack variants by identifying statistical deviations from established behavioral 

baselines. 

K-Means clustering performed less effectively at 76.3% accuracy, primarily due to difficulty 

establishing optimal cluster counts and sensitivity to initialization parameters. However, 

clustering provided valuable situational awareness capabilities by segmenting security events 

into interpretable behavioral categories that assisted analyst investigation workflows even 

when not directly detecting threats. 

DBSCAN density-based clustering achieved 82.1% accuracy with particular strength 

identifying coordinated attack campaigns unfolding across multiple systems. The algorithm 

successfully detected 87% of advanced persistent threats exhibiting subtle but persistent 

anomalous behaviors over extended timeframes. This represented 35% improvement over rule-

based detection struggling to correlate temporally-distributed attack activities. 

Deep Learning Architecture Performance 

Deep learning models achieved the highest individual algorithm accuracy. LSTM networks 

processing sequential log data reached 93.4% accuracy with 8.9% false positive rate. The 

recurrent architecture effectively captured temporal dependencies identifying attack patterns 

unfolding over time windows ranging from minutes to days. LSTM models detected 94% of 
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multi-stage attacks including reconnaissance, initial compromise, lateral movement, and data 

exfiltration sequences. 

Convolutional Neural Networks achieved 90.8% accuracy by extracting spatial patterns from 

log data representations. While slightly lower accuracy than LSTM, CNN processing required 

40% less computational time enabling real-time analysis of high-volume event streams. 

Transformer architectures reached 92.6% accuracy with attention mechanisms identifying 

relevant events within long log sequences, though training complexity and resource 

requirements limited practical deployment in resource-constrained environments. 

 

Table 1: Comprehensive AI Algorithm Performance Comparison 

Algorithm 
Accuracy 

(%) 

False Positive 

Rate (%) 

Precision 

(%) 

Recall 

(%) 

F1-

Score 

Processing 

Latency (ms) 

Rule-Based 78.6 23.4 77.1 78.6 0.778 847 

Random 

Forest 
91.7 8.3 91.5 91.7 0.916 124 

SVM 89.4 10.8 88.9 89.4 0.892 312 

Gradient 

Boosting 
92.8 7.6 92.6 92.8 0.927 156 

K-Means 76.3 18.7 76.8 76.3 0.766 89 

Isolation 

Forest 
84.7 11.2 84.3 84.7 0.845 98 

DBSCAN 82.1 13.4 82.5 82.1 0.823 156 

LSTM 93.4 8.9 93.2 93.4 0.933 287 

CNN 90.8 9.7 90.5 90.8 0.907 172 

Transformer 92.6 8.2 92.4 92.6 0.925 398 

Ensemble 94.3 7.8 94.1 94.3 0.942 223 

Note: Metrics represent averages across all threat categories using 10-fold cross-validation. 

Processing latency measured per 1000 events on standardized hardware. 

Ensemble Learning Optimization 

Ensemble methods combining multiple algorithms achieved superior performance compared 

to individual approaches. A stacking ensemble utilizing Random Forest, LSTM, and Isolation 

Forest as base learners with Gradient Boosting as meta-learner reached 94.3% accuracy with 

7.8% false positive rate. This represented 15.7% accuracy improvement and 67% false positive 

reduction compared to baseline rule-based detection. 

The ensemble approach leveraged complementary algorithm strengths. Supervised learners 

effectively detected known attack patterns, while unsupervised methods flagged novel 

anomalies. Deep learning captured complex temporal relationships, while traditional machine 
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learning provided faster processing and greater interpretability. Strategic combination through 

meta-learning optimally balanced these characteristics. 

Performance varied across threat categories with ensemble methods showing particular 

strength on sophisticated attacks. Detection accuracy reached 96.8% for advanced persistent 

threats, 95.1% for insider threats, and 93.7% for zero-day exploits. Simpler attack patterns 

including port scanning and known malware achieved 97-98% detection accuracy. These 

results demonstrate AI effectiveness across the threat spectrum from basic to advanced 

adversaries. 

False Positive Analysis 

False positive reduction emerged as a critical AI benefit beyond raw detection accuracy 

improvements. Traditional SIEM systems generating thousands of daily alerts overwhelm 

analysts, creating alert fatigue and delayed threat responses. The ensemble AI system reduced 

false positive volume by 67%, decreasing from approximately 2800 daily false alerts to 924 

false alerts in a 10,000-endpoint environment. 

Analysis of remaining false positives revealed common patterns. Legitimate but unusual 

administrative activities generated 34% of false alerts, rare but benign application behaviors 

caused 28%, and newly deployed systems exhibiting different baselines contributed 19%. 

These findings suggest that incorporating contextual information including asset criticality, 

user roles, and change management data could further reduce false positives. 

Processing Performance Evaluation 

Computational efficiency varied substantially across algorithms impacting deployment 

feasibility. Traditional machine learning methods including Random Forest and Isolation 

Forest processed events with 89-156ms latency enabling real-time analysis. Deep learning 

models required 172-398ms per batch, acceptable for near-real-time monitoring though 

potentially constraining in extremely high-volume environments exceeding 50,000 events per 

second. 

The ensemble system achieved 223ms average latency through parallel processing where base 

learners executed simultaneously with meta-learner aggregating predictions. This represented 

acceptable performance for enterprise SIEM deployments while delivering superior detection 

accuracy. Memory requirements ranged from 2.4GB for lightweight algorithms to 16GB for 

complex deep learning models, manageable on modern server infrastructure. 

Attack Category Performance Breakdown 

Detailed analysis examined performance across specific threat categories revealing algorithm 

strengths and limitations. Network intrusion detection showed fairly uniform performance with 

most AI methods achieving 88-94% accuracy. Malware classification demonstrated higher 

variance where supervised learning excelled at 95-97% accuracy on known malware families 

but struggled with novel variants, while unsupervised methods maintained more consistent 82-

86% performance across familiar and novel threats. 

Insider threat detection proved most challenging for all approaches due to subtle behavioral 

deviations and legitimate user activities mimicking malicious patterns. Ensemble methods 
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achieved 89% accuracy compared to only 61% for rule-based systems, but this remained lower 

than performance on external threats. LSTM networks performed best on insider threats at 91% 

accuracy by capturing extended behavioral patterns over days and weeks rather than isolated 

anomalous events. 

Table 2: Performance Breakdown by Attack Category 

Attack 

Category 

Rule-Based 

(%) 

Random Forest 

(%) 

Isolation Forest 

(%) 

LSTM 

(%) 

Ensemble 

(%) 

Network 

Intrusion 
82.3 93.1 86.4 94.2 95.8 

Known Malware 89.1 96.7 82.8 93.5 97.2 

Zero-Day 

Malware 
52.4 78.3 86.5 91.4 92.6 

DDoS Attacks 91.7 94.3 89.1 95.1 96.4 

Data Exfiltration 68.9 87.2 83.6 92.8 93.1 

Privilege 

Escalation 
74.3 89.5 84.2 91.7 93.5 

Insider Threats 61.2 84.7 82.3 91.0 89.4 

APT Campaigns 58.6 86.1 87.9 95.3 96.8 

Note: Percentages represent detection accuracy for each category. Ensemble method combines 

all three AI approaches. 

Model Explainability Assessment 

Explainability analysis examined the interpretability of AI decisions for security analysts. 

Traditional machine learning methods including Random Forest provided clear feature 

importance rankings indicating which attributes most influenced classifications. This 

transparency enabled analysts to validate decisions and identify potential model weaknesses. 

Decision tree visualizations showed explicit rule logic comparable to traditional correlation 

rules. 

Deep learning models proved more challenging to interpret despite superior accuracy. SHAP 

value analysis provided post-hoc explanations identifying which log features contributed to 

specific predictions, though computational overhead added 40-60ms per explanation. Analysts 

reported that explanations proved valuable for high-priority alerts requiring detailed 

investigation but excessive for routine threat categorization. 

The research validated that explainability requirements vary by operational context. Automated 

response actions blocking malicious traffic require high confidence and interpretability, while 

analyst-reviewed alerts tolerate less transparency if accuracy proves superior. Hybrid 

approaches utilizing interpretable models for automated actions and accurate but opaque 

models for analyst-directed investigation offer practical compromises. 
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Figure 2: Temporal Detection Performance Analysis 

Implementation Challenge Findings 

Qualitative analysis from practitioner interviews identified common deployment challenges. 

Data quality emerged as the primary concern, with 87% of organizations reporting difficulties 

obtaining clean, complete, and properly formatted log data. Many systems generated 

inconsistent timestamps, incomplete field values, or non-standard formatting requiring 

extensive preprocessing before AI analysis. 

Model training complexity presented barriers for organizations lacking specialized data science 

expertise. Security teams understood threat detection but lacked machine learning knowledge, 

while data science teams understood algorithms but lacked security domain expertise. 

Successful implementations required cross-functional collaboration that many organizations 

struggled to establish effectively. 

Computational resource requirements exceeded initial expectations for 73% of organizations. 

GPU acceleration proved necessary for deep learning models, requiring infrastructure 

investments beyond traditional SIEM deployments. Cloud-based AI platforms offered 

alternatives though introduced data sovereignty and latency concerns for security-sensitive log 

information. 

Adversarial robustness concerns featured prominently in practitioner discussions. 

Organizations worried that sophisticated attackers might reverse-engineer AI detection models 

and craft evasion techniques. While no specific evasion attempts were documented in 

production deployments, the theoretical vulnerability created hesitation regarding AI reliability 

for critical security decisions. 
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7. DISCUSSION 

The research findings definitively establish that artificial intelligence substantially enhances 

SIEM capabilities across multiple performance dimensions. The 15.7% accuracy improvement 

and 67% false positive reduction achieved by ensemble AI methods represent transformative 

advances for security operations confronting overwhelming alert volumes. These 

improvements translate directly to operational benefits including faster threat response, 

reduced analyst workload, and enhanced detection of sophisticated attacks evading traditional 

defenses. 

The superiority of ensemble approaches compared to individual algorithms validates the 

complementary nature of different AI techniques. Supervised learning excels at detecting 

known threats but struggles with novel attacks. Unsupervised methods identify unusual 

patterns but generate more false positives. Deep learning captures complex relationships but 

requires substantial computational resources. Strategic combination through ensemble methods 

captures these diverse strengths while mitigating individual weaknesses, providing robust 

detection across the threat spectrum. 

The processing latency results demonstrate that AI-enhanced SIEM systems achieve acceptable 

real-time performance for enterprise deployments. While deep learning models introduce 

greater computational demands than traditional correlation rules, modern hardware capabilities 

and parallel processing architectures enable sub-second event analysis sufficient for timely 

threat response. Organizations should evaluate performance requirements against 

infrastructure capabilities, potentially implementing tiered architectures where lightweight 

algorithms provide initial screening with sophisticated models analyzing high-priority events. 

Model explainability emerges as a critical consideration balancing accuracy against 

interpretability. Security analysts require understanding of automated decisions to validate 

alerts, investigate incidents, and maintain trust in AI systems. The research suggests hybrid 

approaches utilizing transparent models for automated response actions while accepting 

reduced interpretability for analyst-reviewed detections. This pragmatic balance acknowledges 

that different operational contexts demand varying explainability levels. 

The persistent challenge of insider threat detection across all algorithms highlights inherent 

difficulties distinguishing malicious from legitimate user behavior. Insider threats exhibit 

subtle anomalies over extended timeframes, lack clear attack signatures, and involve authorized 

users with legitimate system access. Future research should investigate behavioral analytics 

incorporating psychological factors, peer comparison analysis, and contextual information 

including role changes, performance reviews, and access patterns to improve insider threat 

detection. 

Data quality requirements present significant practical barriers for AI deployment. Machine 

learning algorithms depend fundamentally on comprehensive, accurate training data 

representing diverse scenarios. Many organizations discover only during implementation that 

their log collection practices generate incomplete or inconsistent data unsuitable for AI 

analysis. Successful deployments require upfront investment in log management infrastructure, 

data normalization processes, and quality assurance mechanisms before AI implementation. 
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The expertise gap between security and data science domains complicates AI adoption. 

Effective SIEM enhancement requires professionals understanding both threat detection and 

machine learning, a rare combination in most organizations. This challenge suggests that AI-

enhanced SIEM platforms incorporating pre-trained models and automated tuning capabilities 

may achieve broader adoption than custom implementations requiring specialized expertise. 

Vendors should prioritize usability for security professionals without extensive data science 

backgrounds. 

Adversarial robustness concerns deserve serious consideration despite limited documented 

evasion attempts in production environments. As AI systems become integral to security 

infrastructure, sophisticated adversaries will inevitably attempt model reverse engineering and 

evasion technique development. Organizations should implement defensive strategies 

including ensemble diversity where attackers must evade multiple distinct models, continuous 

retraining preventing model staleness, and anomaly detection monitoring for adversarial 

manipulation attempts. 

The temporal performance analysis reveals that AI systems demonstrate superior adaptability 

compared to static rule-based approaches. As threat landscapes evolve and new attack 

techniques emerge, rule-based systems require manual updates by security analysts. AI models 

maintain effectiveness through periodic retraining on recent data, automatically adapting to 

emerging threats. This adaptive capability provides sustained detection performance without 

the continuous manual tuning burden characterizing traditional SIEM systems. 

Computational cost considerations warrant evaluation against security value delivered. While 

GPU-accelerated infrastructure represents additional investment, the operational benefits 

including reduced false positives and improved threat detection justify costs for most 

organizations. Cloud-based AI platforms offer flexible alternatives avoiding upfront 

infrastructure investments, though data sovereignty concerns may limit adoption for highly 

regulated industries or government entities. 

The research validates that AI enhancement represents evolution rather than revolution in 

SIEM capabilities. Artificial intelligence augments rather than replaces security analysts, 

handling routine pattern recognition and anomaly detection while escalating complex 

investigations to human experts. This human-AI collaboration model leverages respective 

strengths where algorithms process vast data volumes and humans provide contextual judgment 

and strategic thinking. 

 

8. CONCLUSION 

This research conclusively demonstrates that artificial intelligence integration substantially 

enhances Security Information and Event Management capabilities, addressing critical 

limitations of traditional rule-based approaches. The ensemble AI system achieved 94.3% 

detection accuracy with 67% false positive reduction compared to conventional SIEM 

platforms, representing transformative improvement for security operations facing 

overwhelming alert volumes and increasingly sophisticated cyber threats. 



Journal of Computational Analysis and Applications                                                                          VOL. 33, NO. 5, 2024 
   

                                                                                                10.48047/jocaaa.2024.33.05.35 

                                                                           3025               Rutuja Dhananjay Wani et al 3011-3026 

 

Multiple AI techniques contribute distinct capabilities to comprehensive threat detection. 

Supervised learning provides accurate classification of known attack patterns, unsupervised 

methods identify novel anomalies lacking prior examples, and deep learning captures complex 

temporal relationships in sequential log data. Strategic combination through ensemble learning 

delivers superior performance compared to individual algorithms, validating the 

complementary nature of diverse AI approaches. 

Implementation success requires careful attention to data quality, computational resources, and 

model explainability. Organizations must invest in robust log management infrastructure 

generating clean, comprehensive security telemetry before AI deployment. Cross-functional 

collaboration between security and data science teams proves essential for effective model 

development and operational integration. Hybrid architectures balancing accuracy against 

interpretability address varying explainability requirements across operational contexts. 

The research provides practical frameworks for security professionals deploying AI-enhanced 

SIEM systems. Recommended approaches include starting with traditional machine learning 

methods providing good performance with moderate computational demands, gradually 

incorporating deep learning for sophisticated threat detection, and implementing ensemble 

strategies combining multiple algorithms. Continuous model retraining ensures sustained 

effectiveness as threat landscapes evolve, providing adaptive detection capabilities impossible 

with static rule-based systems. 

Future research should investigate adversarial robustness techniques protecting AI detection 

systems from evasion attempts by sophisticated attackers. Advanced behavioral analytics 

incorporating psychological factors and contextual information may improve insider threat 

detection accuracy. Integration of automated response capabilities enabling AI systems to take 

defensive actions beyond alert generation represents promising directions for fully autonomous 

security operations. 

The findings ultimately establish artificial intelligence as essential technology for modern 

SIEM platforms defending against contemporary cyber threats. Organizations implementing 

AI-enhanced detection capabilities gain substantial advantages including improved threat 

identification, reduced analyst workload, and adaptive defenses maintaining effectiveness as 

adversaries evolve. As cybersecurity challenges intensify, AI integration transitions from 

competitive advantage to operational necessity for effective enterprise defense. 
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