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Abstract— The ever-shifting landscape of cyber threats is always on the move, with APTs, insider attacks, and zero-

day attacks at the forefront. Conventional, rule-based SIEMs—until now, the workhorse of many security operations—

demonstrate their limitations in the face of such threats. They can wade through massive amounts of security data, but 

they tend to vomit out lots of false positives and lack the ability to predict what’s around the corner. This research 

investigates how SIEMs might do more than simply respond to threats: it examines the use of AI and other forms of 

advanced analytics to predict future intrusions. To improve the signal-to-noise ratio, add context, and accelerate 

response times, the proposed solution relies on behavioral analytics, anomaly detection, machine learning, and 

automated threat intelligence enrichment. The research describes an analytics workflow, an AI-based SIEM solution, 

and a methodology for comparing these AI-infused systems to traditional systems. The findings indicate that as AI 

continues to evolve, AI-based SIEM solutions enable organizations to concentrate on threats that matter, minimize the 

need for continuous human interaction, and identify complex or unexpected attacks earlier. 
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I. INTRODUCTION 

In today’s scenario, hackers have started using more and more advanced methods such as ransomware attacks, 

insider attacks, polymorphic malware, and advanced persistent threats (APTs). Perimeter defenses and detection 

systems relying on signatures are no longer effective since attackers' tactics, methods, and procedures (TTPs) are 

always evolving [1]. Businesses commonly utilize SIEM systems to track inventory and resolve problems. Logs from 

network devices, cloud platforms, intrusion detection systems, firewalls, and endpoints are gathered in order to achieve 

this. However, most SIEM solutions use pre-made signatures and static correlation techniques, which makes it hard to 

find hidden or novel threats.  
 

At the Security Operations Center (SOC), analysts must examine thousands of signals every day, many of which are 

false positives, and they are sick of getting alerts. The amount of information that is now circulating makes people less 

productive and increases the chances of serious threats being overlooked. Cyber threat detection before it happens is a 

new and brighter way to protect your computer [2]. It means understanding your strengths, recognizing danger before it 

happens, and being alert. 

 

Combining SIEM with AI and advanced data analysis is a game-changer. With behavioral analysis, machine 

learning, predictive intelligence, and anomaly analysis, we can evaluate high-risk incidents, identify unusual patterns, 

and even trace new attack routes that attackers may choose [3]. To enhance proactivity, intelligence, and scalability in 

today’s rapidly changing business environment, this article will discuss a comprehensive architecture for integrating AI 
with SIEM. 

II. BACKGROUND 

A. Security Information and Event Management (SIEM) 

Security Operations Centers (SOCs) are where the heavy lifting of SIEMs takes place [4]. The logging environment 
includes intrusion detection systems, servers, cloud infrastructure, applications, firewalls, and endpoints. They then 
connect and combine all of these. By using alerts, automated log normalization, and the display of information on a 
dashboard, SIEMs ensure that there is compliance. Because they depend on predefined signatures and static rules, 
traditional SIEMs are not capable of detecting sophisticated threats. Businesses need SIEM platforms to be able to 
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process more data faster, in more formats, and in greater volumes as they grow their infrastructure and move more 
operations to the cloud. 

B. Cyber Threat Hunting 

Finding hidden or secret threats that automated detection technologies are unable to identify is possible through the 
proactive, hypothesis-based practice of cyber threat hunting. In contrast to reactive alert inquiry, threat hunting includes 
behavioural analysis, anomaly identification, and a comprehensive data evaluation [5]. Estimates can be made by 
analysts using SIEM data when lateral movement or privilege escalation takes place in an odd way. You need to be able 
to examine past data, identify trends, and use contextual intelligence in addition to basic rule-based detection in order to 
effectively hunt threats. 

C. AI and Data Analytics in Cybersecurity 

Because AI enables computers to recognize anomalous activity, learn from data patterns, and anticipate possible 
malevolent activity, it enhances cybersecurity. Behavioural analytics, threat intelligence, and intrusion detection are all 
enhanced by NLP, ML, DL, and graph analytics [6]. When SIEM and AI are used together, you can automatically rate 
alarms, recognize dangers, spot odd activity in real time, and gain insight from analyst comments. 

 

Figure 1: SIEM Architecture 

III. LITERATURE REVIEW 

A. Machine Learning for Intrusion Detection 

Signage-based systems were the mainstay of early intrusion detection research, however Robin Sommer and Vern 

Paxson discovered that static detection techniques have drawbacks [7]. Their study showed how machine learning 

(ML) can be used to identify new threats through behavioral modelling. Subsequent investigations by Erhan Guven and 

Abdulhamit Savas Buczak include thorough evaluations of machine learning techniques including neural networks, 

support vector machines (SVM), and decision trees for intrusion detection systems. While these tests suggest that the 

system is more effective at identifying things, they also cast doubt on the system's practical performance and the 

dataset's balance. 

B. Behavioural and Anomaly-Based Detection 

Autoencoders, k-means clustering, and isolation forests are examples of unsupervised anomaly detection approaches 
that researcher used to find advanced persistent threats (APTs) and zero-day threats [8]. The identification of internal 
dangers has been found to be significantly facilitated by the replication of same behaviour patterns. False positives and 
model drift remain major problems. 

C. AI-Enhanced SIEM Integration 

A recent study looked into how AI may be used to enhance warning sequences and correlation in SIEM platforms. 
Graph analytics for lateral movement, risk scoring, and reinforcement learning for real-time rule updates are all 
important areas of research [9]. Even in situations where the result is positive, problems with explain ability, the level of 
evaluation, and old technology remain. 
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Table 1: Summary of Comparative Literature 

 
 

IV. PROPOSED FRAMEWORK 

The proposed system integrates a traditional SIEM system design, modern data analytics, and artificial intelligence 

to enable the detection of cyber threats [10]. Its modular and tiered design enables enterprise Security Operations 

Centers (SOCs) to grow, work with other systems, and gain additional knowledge. 

A. Data Ingestion and Normalization Layer 

Through endpoints, firewalls, cloud services, intrusion detection systems (IDS), and applications, this layer gathers 
both organized and unstructured log data [11]. Following analysis and entry into a shared schema, more data is added, 

including threat intelligence metrics, IP reputation, and geolocation. The ability of data from many sources to cooperate 

is ensured by effective standardization. 

B. Data Lake and Feature Engineering Layer 

We save all of the processed logs in one data lake, which is perfect for rapidly arriving and large-volume data. 

Attributes are chosen via feature engineering according to data, frequency, behavior, and time. Data preparation 

techniques for AI-driven analytics include sequence modelling, aggregation, and sessionization [12]. 

C. AI Analytics and Threat Scoring Engine 

Machine learning models that are both supervised and unsupervised are combined at the first layer [13]. While 

anomaly detection systems search for unexpected activity, classification models search for certain types of attacks. A 

composite risk-scoring technique is used to rate alarms, which considers the alarm's severity, your level of certainty, 

and your knowledge of the problem. 

D. Threat Hunting Dashboard and Feedback Loop 

Lastly, interactive dashboards allow analysts to see data in a different way [14]. Human validation gradually 

increases the system's accuracy, enabling it to learn new things and retrain more models. 

 

Figure 2: Future Framework Architecture SOC 
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V. AI MODELS FOR THREAT HUNTING 

By identifying hidden patterns, spotting odd activity, and predicting malicious conduct in huge SIEM databases, AI 
technologies improve proactive threat hunting. To address different cybersecurity concerns, the proposed architecture 

incorporates a variety of educational modules [15]. 

A. Supervised Learning Models 

Both positive and negative behaviour is expected in datasets used to train supervised algorithms. Algorithms that 

can differentiate between malware, phishing, and distributed denial-of-service (DDoS) attacks include Random Forest, 

Support Vector Machines (SVM), Gradient Boosting, and Deep Neural Networks [16]. Large volumes of annotated 
data are ideal for these models' performance. Only if the dataset is regularly updated to account for emerging hazards 

will it perform as planned. 

B. Unsupervised Learning Models 

Unsupervised algorithms use differences in normal behaviour to identify novel or unexpected dangers. We use 

technologies like as isolation forest, k-means clustering, autoencoders, and DBSCAN to examine baseline activity and 

detect abnormal activity [17]. These models are quite effective at identifying internal threats, lateral mobility, and 

small-scale power battles. If the context is not filtered, they could result in more false positives even if they are 

beneficial. 

C. Deep Learning and Sequential Models 

We use recurrent neural networks (RNN) and long short-term memory (LSTM) models to evaluate log data and 

identify intricate multi-stage attacks [18]. GNNs show how people, devices, and network elements communicate with 

each other. This enables you to observe patterns in attacks that come from multiple locations or happen simultaneously. 

 

 
Figure 3: AI Model Integration 

VI. IMPLEMENTATION CASE STUDY 

A prototype of the AI-integrated SIEM system was developed using fictitious company log settings and benchmark 

intrusion detection datasets [19]. The objectives were to determine the effectiveness of the detection, determine areas 

for improvement, and determine how the alarms were prioritized in a real-world Security Operations Center (SOC). 

A. Dataset and Experimental Setup 

The UNSW-NB15 and CSE-CIC-IDS2018 cybersecurity datasets were employed in this research [20]. This dataset 

contains a number of traffic types. Hacking, brute force attacks, DDoS attacks, and botnet control are a few examples 
of malicious activities. In order to build a common SIEM system, logs and data were merged, including traffic, session 

time, and IP reputation.  

 

The components of the system include the central log repository, the machine learning module for training and 

prediction, and the feature extraction engine. 

B. Model Training and Evaluation 

Random Forest and Gradient Boosting are two supervised learning models that we have trained using the labelled 

attack data [21]. We have also obtained excellent results using autoencoders and isolated forests. We have analyzed its 

performance based on ROC-AUC, F1-score, accuracy, and recall. The results have shown that based on the predefined 

criterion, the accuracy of detection outperformed correlation. 
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Table 2: Summary Experimental Results 

 

The results show that the combination of SIEM and AI accelerates threat detection and increases accuracy. 

VII. BENEFITS AND IMPACT 

By integrating data analytics with AI in SIEM, security monitoring becomes less passive and more adaptive and 

intelligent. The elements of the Security Operations Center work together to enhance strategic decision-making, 

increase effectiveness, and enhance accuracy [22]. 

A. Reducing Alert Fatigue 

Every day, a conventional SIEM system generates hundreds of alerts that flood the security team, making it difficult 

to detect actual threats. High-risk alerts are highlighted by AI-powered risk-scoring and correlation algorithms, which 

also eliminate signals that are superfluous or inaccurate [23]. By lowering false positives, this clever filtering enables 

analysts to focus on actual security threats. 

B. Early Detection of Advanced Threats 

For unknown or zero-day attacks, signature-based detection is useless. It is also possible to do behavioral analytics 

and anomaly detection unsupervised. The ability of AI systems to comprehend the normal behavior of people and 

networks is continuously being improved [24]. This suggests that they can identify little changes early on, including 

sideways movement, acquiring more access, or data theft attempts. 

C. Enhanced Contextual Awareness 

AI systems make use of threat intelligence feeds, entity relationships, and previous log data to better grasp the 

problem [25]. Conducting a comprehensive investigation of an incident and tracking down the attack chain are made 

simple by graph analytics and behavioural profiling. 

D. Improved Incident Response and Automation 

With predictive analytics and automated triage, issues can be resolved quickly. AI-driven decision-making 

principles can reduce mean time to detect (MTTD) and mean time to respond (MTTR) when used in conjunction with 

semi-automated confinement systems [26]. 

E. Strategic Security Posture Improvement 

Security defenses stay one step ahead of emerging threats thanks to adaptive models and ongoing learning [27]. 

Businesses become stronger over time and become more adept at anticipating possible dangers as a result. 

VIII.  CHALLENGES AND CONSIDERATIONS 

Proactive threat hunting is enhanced when AI and SIEM are combined, but doing so effectively requires 

overcoming certain operational, strategic, and technical obstacles [28]. 

A. Data Quality and Volume Management 

SIEM systems gather log data from cloud services, endpoints, and network devices in a variety of forms [29]. The 

model might not be accurate if there are missing numbers, noise, or data in different formats. Processing and storage 

frameworks that may expand and spread are necessary to handle high data velocity and avoid delays in real-time 

detection. 
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B. Labelling and Ground Truth Limitation 

To be taught, supervised machine learning models need labelled datasets. It takes a lot of work and money to get 

high-quality tagged cybersecurity data, however [30]. Uneven datasets, where negative events are less common than 

positive ones, may make models less capable of detecting things. 

C. Model Drift and Evolving Threats 

Attackers using cyberspace are always changing their tactics, techniques, and procedures (TTPs) [31]. AI models 

may perform less well than they should when a network's behaviour changes. We refer to this as model drift. It is 

necessary to validate, retrain, and continuously monitor the system in order to maintain high detection accuracy. 

D. Explain ability and Trust 

Why a model deems an alert dangerous should be clear to security experts. Due to uncertainty about how black-box 

deep learning algorithms operate, people may be hesitant to employ them [32]. Explainable AI (XAI) processes are 

essential to the seamless operation of operations. 

E. Integration and Infrastructure Complexity 
It's important to carefully consider how AI modules will work with traditional SIEM platforms, connect to APIs, 

and integrate with existing procedures. Optimizing resource use and removing computing overhead are also essential. 

 

 

Figure 4: Relative Impact of Key Challenges 

IX. FUTURE DIRECTIONS 

AI-integrated SIEM systems will gain from adaptive intelligence, automation, and analytics that preserve privacy. 

Organizations will find it simpler to understand, work together on, and expand the use of proactive cyber defense in the 

future [33]. 

A. Explainable and Trustworthy AI (XAI) 

SIEM solutions of the future will employ explainable AI (XAI) technologies like SHAP and LIME to help humans 

with risk grading and anomaly detection [34]. Explicit conclusions increase analyst trust, expedite the examination of 

alerts, and assist Security Operations Centers (SOCs) comply with regulations. 

B. Federated and Privacy-Preserving Learning 

With federated learning, a team of people can train threat detection models without disclosing personal data. 

Especially in the financial and healthcare sectors, this approach protects privacy, upholds high standards, and makes 

information accessible to everybody [35]. 

C. Autonomous and Self-Healing Security Systems 

Infected PCs can be isolated, firewall rules can be updated, and malicious IP addresses can be automatically 

blocked by SIEM systems that integrate reinforcement learning and autonomous reaction mechanisms [36]. 

Infrastructures that are self-healing can react quickly to emerging threats without requiring human assistance. 

D. Linking Graph Analytics and Threat Intelligence 

Soon, sophisticated graph neural network (GNN) systems and real-time global threat information streams will be 

able to identify lateral movement and multi-stage attack chains in remote areas [37]. 
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Table 3: Future Research Priorities Table 

 

 

Figure 5: Sentinelone Secops Platform 

 

X. CONCLUSION 

These days, cybersecurity operations have advanced significantly with the combination of AI and SIEM data 

analytics. While traditional rule-based SIEM systems are helpful for collecting logs and keeping an eye on compliance, 

they are not enough to defend against more dynamic and complicated cyberthreats. Companies may be able to switch 

from reactive alarm management to proactive cyber threat hunting if they incorporate machine learning, anomaly 

detection, behavioral analytics, and predictive modelling into their SIEM systems.  

 
Feature engineering, layered data intake, smart analytics, and feedback systems can all be used in concert to 

increase operational accuracy and efficiency, as the suggested AI-based strategy shows. Tests show that AI-powered 

SIEM systems identify zero-day exploits and advanced persistent threats (APTs) more quickly and with fewer 

mistakes. This method also enables the ranking of attacks based on their severity. 

 

There are some implementation challenges that need to be taken into consideration. These include availability, data 

quality, ease of integration, and the possibility of model drift. However, the benefits far outweigh the risks. Some of the 

main benefits include explain ability, scalability, and the ability to retrain models when necessary. 

 

In the end, Security Operations Centers will benefit from AI-driven SIEM solutions because they have the ability to 

function independently, increase awareness of incidents, and adjust their defenses in real-time. With the increasing 

sophistication of cyberattacks, AI will help organizations detect threats before they happen, which is a vital component 
of any cyber program. 
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