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Abstract - Security Information and Event Management (SIEM) systems play a critical role in modern
cybersecurity, enabling organizations to aggregate, monitor, and analyze security events across diverse IT
infrastructures. However, traditional SIEM solutions often face limitations in handling high volumes of
heterogeneous security data, leading to delayed threat detection, false positives, and inefficient incident
response. The integration of Artificial Intelligence (Al) into SIEM platforms represents a transformative
advancement, allowing for automated, intelligent threat correlation in real time. Al techniques, including machine
learning, deep learning, natural language processing, and reinforcement learning, enhance the ability of SIEM
systems to identify complex attack patterns, correlate multi-source events, and prioritize alerts based on risk and
context. This review examines the impact of Al-enhanced SIEM systems on real-time threat correlation,
highlighting improvements in detection accuracy, response speed, and predictive analytics. It also discusses
challenges related to data quality, computational requirements, adversarial attacks, and integration with existing
systems. Finally, the article explores future directions, including hybrid SIEM approaches, federated learning, and
autonomous security operations. By leveraging Al, organizations can transform SIEM platforms from reactive
monitoring tools into proactive, intelligent cybersecurity frameworks capable of addressing increasingly
sophisticated and dynamic threats.
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enterprises, requiring innovative approaches that go
I. INTRODUCTION beyond conventional cybersecurity tools.
Role of SIEM Systems in Modern Security
Security Information and Event Management (SIEM)
systems are central to contemporary cybersecurity
strategies, providing organizations with a platform
for collecting, aggregating, and analyzing security
events from diverse IT assets. By correlating logs

The Growing Complexity of Cybersecurity Threats

In today’s digital landscape, organizations face an
unprecedented volume and sophistication of
cybersecurity threats. The rapid proliferation of
connected devices, cloud-based services, and
remote work infrastructures has exponentially

increased the attack surface for cybercriminals.
Threats range from simple malware infections to
advanced persistent threats (APTs) and multi-stage
intrusions that exploit vulnerabilities across multiple
systems. As the frequency and complexity of attacks
grow, traditional security measures often struggle to
keep pace, leaving organizations vulnerable to
financial losses, operational disruption, and

from network devices, servers, endpoints, and
applications, SIEM systems help security teams
detect suspicious activity, generate alerts, and
investigate incidents. Traditional SIEM solutions,
however, rely heavily on static rule-based correlation
and predefined signatures. While effective in
identifying known threats, these systems often
produce high volumes of alerts, many of which are
false positives. Manual analysis and incident

reputational damage. Detecting and responding to

threats in real time has become a critical priority for response processes can further delay mitigation,
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reducing the system’s ability to address real-time
threats effectively.

Limitations of Conventional Threat Correlation
The conventional SIEM approach faces several
significant challenges in the context of modern
cybersecurity. First, the sheer volume of security data
generated across large organizations can overwhelm
traditional correlation engines, making it difficult to
identify  critical events promptly.  Second,
sophisticated attacks, such as multi-stage intrusions
or lateral movement within networks, may bypass
signature-based detection or evade predefined
correlation rules. Third, static SIEM systems lack the
adaptability to learn from new threat patterns,
making them reactive rather than proactive. These
limitations underscore the need for enhanced
intelligence and automation in real-time threat
correlation.

Emergence of Al in SIEM

Artificial Intelligence (Al) offers a promising solution
to overcome these limitations by introducing
automated, adaptive, and predictive capabilities into
SIEM systems. Al techniques, including machine
learning, deep learning, natural language
processing, and reinforcement learning, enable SIEM
platforms to analyze complex, high-dimensional
datasets in real time, recognize anomalous patterns,
and correlate events across multiple sources. By
learning from historical data and continuously
updating models based on new threats, Al-
integrated SIEM  systems improve detection
accuracy, reduce false positives, and prioritize critical
alerts efficiently. Additionally, Al allows SIEM to
perform predictive analytics, anticipating potential
attacks and enabling proactive mitigation strategies.

Purpose and Scope of the Study

This article aims to explore the impact of Al
integration on real-time threat correlation within
SIEM systems. It examines the key Al techniques
employed, their influence on detection accuracy,
alert prioritization, and operational efficiency, and
the challenges associated with deploying Al-
enhanced SIEM platforms. Furthermore, the study
investigates emerging trends, including hybrid
correlation models, autonomous SIEM systems, and

predictive threat analytics. By evaluating both the
advantages and limitations of Al in SIEM, this paper
provides a comprehensive perspective on how Al-
driven intelligence can transform traditional security
monitoring into a proactive, real-time cybersecurity
framework capable of addressing the growing
complexity of digital threats.

Il. BACKGROUND AND LITERATURE
REVIEW

Traditional SIEM Systems

Traditional SIEM systems serve as centralized
platforms that collect, normalize, and analyze
security events from multiple sources, including
network devices, servers, applications, and
endpoints. These systems rely on predefined
correlation rules, signature databases, and heuristics
to identify potential threats. While effective against
known attacks, these approaches struggle with the
increasing complexity of modern cyber threats. High
volumes of heterogeneous data can overwhelm
SIEM systems, resulting in delayed detection,
excessive false positives, and missed attacks.

Challenges in Threat Correlation

Real-time threat correlation involves analyzing and
linking events from multiple sources to identify
malicious activities. Manual or rule-based correlation
faces significant limitations, including the inability to
process large-scale data efficiently, poor adaptability
to unknown attack patterns, and the requirement for
extensive expert input. As attacks become more
sophisticated, the inadequacy of traditional SIEM
systems underscores the need for adaptive
intelligence in threat detection.

Al in Cybersecurity

Al and machine learning have been increasingly
applied to cybersecurity, enabling automated threat
detection, anomaly recognition, and predictive
analytics. Supervised learning models classify events
based on historical data, while unsupervised learning
methods detect novel threats through anomaly
detection. Reinforcement learning enables systems
to optimize response strategies iteratively, and deep
learning models identify complex, multi-stage
attacks across high-dimensional datasets. These
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techniques allow SIEM systems to correlate events
intelligently and adaptively, improving overall
situational awareness.

Prior Studies on Al-Enhanced SIEM

Recent research demonstrates the advantages of Al
integration in SIEM. Studies report improvements in
detection accuracy, reduction in false positives, and
faster response times. Al models can prioritize critical
alerts, identify previously unseen threats, and detect
attack chains spanning multiple systems. By
leveraging machine learning and Al-driven analytics,
SIEM platforms transition from reactive monitoring
tools to proactive, intelligence-driven security
frameworks.

Al Techniques in SIEM Systems

The integration of Artificial Intelligence (Al) into
Security Information and Event Management (SIEM)
systems represents a significant advancement in
cybersecurity. Traditional SIEM platforms rely on
static rules and signatures, which often fail to detect
sophisticated or novel attacks. Al enhances SIEM by
enabling automated, adaptive, and predictive
analysis of large-scale security data. By leveraging
machine learning, deep learning, natural language
processing, and reinforcement learning, Al-driven
SIEM systems can identify complex threats, correlate
events across heterogeneous sources, and prioritize
alerts in real time.

Machine Learning Models

Machine learning (ML) forms the foundation of Al-
enhanced SIEM systems. Supervised learning
algorithms, such as decision trees, support vector
machines (SVM), and random forests, classify events
by learning from historical labeled datasets. These
models are particularly effective for detecting known
attack patterns, phishing attempts, and malware
signatures.

Unsupervised  learning  methods,  including
clustering, principal component analysis, and
autoencoders, are designed to detect anomalies in
network behavior without prior knowledge of attack
signatures. This capability allows SIEM systems to
identify novel threats, including zero-day exploits,
lateral movements, and unusual user behaviors. ML

models continuously refine their decision-making
capabilities by incorporating feedback from newly
observed data, reducing false positives and
improving threat detection over time.

Real-world deployments of ML in SIEM have
demonstrated substantial improvements in event
classification and alert prioritization. For example,
enterprise SIEM platforms now use ML algorithms to
automatically cluster related events, identifying
suspicious activity that might otherwise go
unnoticed in high-volume log data.

Deep Learning Approaches

Deep learning, a subset of machine learning, uses
multi-layered neural networks to analyze high-
dimensional data. Convolutional Neural Networks
(CNNs) and Recurrent Neural Networks (RNNs) are
commonly applied to security analytics. CNNs excel
at identifying structured patterns in large datasets,
such as network traffic flows or system logs, while
RNNs are ideal for sequential and temporal analysis,
detecting multi-stage or time-dependent attacks.

Deep learning models can uncover sophisticated
threats, such as Advanced Persistent Threats (APTs)
or coordinated attacks that span multiple network
nodes. By processing millions of events in real time,
these models provide SIEM systems with enhanced
pattern recognition capabilities, allowing the
detection of complex attack chains that static rule-
based approaches would miss.

Natural Language and
Knowledge Graphs

NLP techniques are increasingly integrated into SIEM
systems to process textual threat intelligence feeds,
security reports, and incident logs. NLP enables
automated extraction of entities, indicators of
compromise (I0Cs), and attack relationships from
unstructured data.

Processing (NLP)

Knowledge  graphs  complement NLP by
representing the relationships among threats,
vulnerabilities, assets, and events in a structured
format. They enable SIEM systems to enrich event
correlation with contextual information, improving
the understanding of complex attacks. For instance,
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a knowledge graph can link an unusual network
login to a known malware campaign, helping
analysts prioritize critical threats effectively.

Reinforcement Learning for Adaptive Response
Reinforcement learning (RL) allows SIEM systems to
learn optimal response strategies through
continuous  interaction  with  the  network
environment. In RL-based SIEM, the system receives
feedback on the effectiveness of its actions, such as
blocking traffic, quarantining devices, or generating
alerts. Successful mitigation is reinforced, while
ineffective actions are penalized.

RL is particularly effective for adaptive threat
management, enabling SIEM systems to prioritize
alerts, automate response policies, and continuously
improve over time. By learning from both historical
and real-time events, reinforcement learning
enhances the system’s ability to respond to dynamic
and evolving threats without constant human
intervention.

Integration Frameworks for Al-Enhanced SIEM
Integrating Al techniques into SIEM requires robust
frameworks that combine data ingestion,
normalization, model training, and real-time
analytics. Al-enhanced SIEM platforms must handle
multi-source log data from network devices,
endpoints, cloud services, and applications. These
frameworks ensure seamless integration of Al
models, real-time event processing, and scalable
performance for high-volume enterprise
environments.

Additionally, Al frameworks provide visualization
tools and alert dashboards for security analysts,
enabling them to interpret Al-generated insights,
validate detections, and make informed decisions.
Hybrid frameworks that combine Al-driven analytics
with traditional rule-based correlation offer the best
balance between automation and human oversight.

Impact on Real-Time Threat Correlation

Al integration has significantly transformed the
ability of SIEM systems to perform real-time threat
correlation, improving both the speed and accuracy
of security operations. Traditional SIEM platforms

often rely on static rules and predefined signatures
to link events, which can result in delayed detection
and high false-positive rates. In contrast, Al-
enhanced SIEM systems leverage machine learning,
deep learning, NLP, and reinforcement learning to
correlate complex events from diverse data sources
dynamically. This enables organizations to identify
sophisticated threats more effectively and respond
proactively, rather than reactively, to cyber incidents.

Improved Detection Accuracy

One of the most notable impacts of Al on SIEM is the
improvement in detection accuracy. Al models can
analyze large volumes of multi-source security data
to uncover subtle patterns indicative of malicious
activity. Supervised learning algorithms classify
known attack patterns efficiently, while unsupervised
models detect anomalies in network behavior that
may signal zero-day attacks or emerging threats. By
continuously learning from historical and real-time
data, Al-enhanced SIEM platforms reduce false
positives, ensuring that analysts focus on genuine
incidents rather than sifting through irrelevant alerts.
This accuracy is particularly valuable in complex
enterprise environments, where thousands of events
occur every second.

Accelerated Response and Mitigation

Real-time correlation enabled by Al significantly
reduces the mean time to detect (MTTD) and mean
time to respond (MTTR). Automated alert
prioritization and risk scoring allow security teams to
address  critical threats immediately, while
reinforcement learning models can suggest or
implement optimal mitigation actions without
human intervention. This rapid response capability
limits the potential damage from attacks, containing
malware propagation, data exfiltration, or system
compromise before they escalate.

Detection of Sophisticated, Multi-Stage Attacks

Al-enhanced SIEM systems excel at identifying
complex attack chains that span multiple network
nodes and timeframes. Deep learning models, such
as recurrent neural networks (RNNs), are particularly
effective in recognizing temporal correlations
between sequential events. Knowledge graphs and
NLP techniques enrich event data with contextual
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intelligence, linking seemingly isolated incidents into
coherent attack narratives. As a result, multi-stage
intrusions, lateral movements, and coordinated
attacks that would otherwise go undetected can be
identified in near real time.

Case Studies and Operational Evidence

Empirical studies and industry reports demonstrate
measurable improvements in SIEM performance
through Al integration. Organizations implementing
Al-driven SIEM report higher detection rates, faster
incident triage, and reduced alert fatigue among
analysts. For example, the application of machine
learning models in enterprise environments has
shown a reduction of false positives by up to 40%,
while detection of complex threats improved by 30—
50%, highlighting the operational benefits of Al-
enhanced event correlation.

In summary, Al integration in SIEM systems has
fundamentally improved real-time threat correlation
by enhancing detection accuracy, accelerating
response, and enabling the identification of
sophisticated multi-stage attacks. By automating
complex event analysis and providing predictive
insights, Al-driven SIEM platforms empower
organizations to respond to threats proactively,
strengthening their cybersecurity posture against an
increasingly dynamic and sophisticated threat
landscape.

Challenges and Limitations

Despite the substantial benefits of Al integration in
SIEM systems, several challenges and limitations
remain that can affect their effectiveness and
adoption. One of the primary concerns is data quality
and consistency, as Al models rely heavily on
accurate, normalized, and comprehensive input from

diverse sources, including network devices,
endpoints, applications, and cloud services;
incomplete or inconsistent data can lead to

misclassifications, missed threats, or false positives.
Computational complexity and resource
requirements also pose significant challenges,
particularly for deep learning models and real-time
analytics, which  demand  high-performance
processing power and memory to handle the
volume, velocity, and variety of security events in

large-scale enterprise networks. Additionally, Al
models are vulnerable to adversarial attacks, where
malicious actors deliberately manipulate input data
to evade detection or mislead the system, potentially
undermining automated threat correlation and
response.

Biases in training data may further impact model
accuracy, disproportionately prioritizing certain
threats while overlooking others, which can create
security blind spots. Integration with existing SIEM
platforms and legacy systems can be complex,
requiring careful architecture planning to ensure
compatibility, scalability, and operational continuity,
while balancing automation with human oversight.
Another consideration involves regulatory and
compliance requirements, as automated decision-
making must be auditable and explainable to meet
legal and organizational standards for data privacy
and accountability.

Furthermore, maintaining Al models over time
requires continuous monitoring, retraining, and
validation to adapt to evolving attack techniques,
which introduces ongoing operational overhead.
Collectively, these challenges highlight the need for
hybrid approaches that combine Al-driven analytics
with traditional rule-based detection, human
expertise, and robust data governance practices to
ensure reliable, efficient, and secure real-time threat
correlation within modern SIEM deployments.

I1l. CONCLUSION

Al-integrated Security Information and Event
Management (SIEM) systems have emerged as a
transformative advancement in the field of
cybersecurity,  fundamentally  altering  how
organizations detect, correlate, and respond to
threats. Traditional SIEM platforms, while effective at
aggregating logs and applying predefined rules,
often struggle to keep pace with the increasing
volume, complexity, and sophistication of modern
cyber-attacks. By embedding artificial intelligence
techniques such as machine learning, deep learning,
natural  language  processing  (NLP), and
reinforcement learning SIEM systems can now
analyze vast amounts of heterogeneous security

5



Tharushi Jayasuriya, International Journal of Science, Engineering and Technology,

2018, 6:1

data in real time, identify complex attack patterns,
and correlate events across multiple sources
automatically. This integration significantly enhances
detection accuracy, enabling the identification of
both known and previously unseen threats while
reducing false positives that traditionally overwhelm
security analysts.

Al-driven  threat correlation also improves
operational efficiency and accelerates incident
response. Automated prioritization and risk scoring
allow security teams to focus on high-impact alerts,
while predictive analytics and reinforcement learning
models provide guidance for optimal mitigation
strategies. These capabilities are particularly valuable
for detecting multi-stage attacks, lateral movements,
and coordinated threats that span multiple network
nodes and timeframes scenarios where traditional

SIEM  systems often fail. By providing
comprehensive,  contextualized insights, Al-
integrated SIEM systems enhance situational

awareness across diverse IT environments, from on-
premises infrastructure to cloud-based platforms,
enabling organizations to proactively defend against
emerging threats.
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