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Abstract - This work provides a comprehensive overview and analysis of the pivotal role of Artificial Intelligence (A1)
and Machine Learning (ML) in revolutionizing network security. As cyber threats escalate in complexity and volume,
traditional, primarily reactive security measures demonstrate inherent limitations. AI/ML offers potent alternatives by
analyzing vast datasets to identify subtle compromise patterns, detect anomalies deviating from normal baselines, and
orchestrate autonomous, timely responses to evolving threats with reduced human intervention. The core objective of this
work is to systematize and analyze current knowledge on key AI/ML applications in this domain, including intelligent
intrusion detection/prevention systems (IDPS), advanced phishing mitigation, robust malware classification, and
behavioral analytics for identifying insider threats and anomalous activities. While highlighting the substantial defensive
enhancements AI/ML introduces, the paper critically examines significant adoption challenges: training data quality and
representativeness, optimizing the balance between false positives and negatives, the persistent threat of adversarial
attacks designed to deceive ML models, and crucial ethical considerations regarding data privacy, algorithmic bias, and
the need for transparency. Emerging trends like privacy-preserving learning, the drive towards Explainable Al (XAl) for
trustworthy decisions, and increasingly sophisticated automated security operations (SecOps) indicate a future where Al
is fundamentally woven into resilient, adaptive network defenses. The key outcome of this analysis is the confirmation of
a paradigm shift from static, signature-based protection towards dynamic, continuously learning security frameworks
capable of co-evolving with the perpetually shifting cyber threat landscape.

Anomayin — ysa cmamms HAOAE KOMNJIEKCHUU 027140 Mma aHANi3 KYo8oi poni wmyunoeo inmenekmy (LLI) ma
Mawunno2o Haeuanns (MH) y peeontoyionizyeanni mepescesoi besnexu. Ockinbku Kibepsazposu 3pocmaroms 3d
CKAAOHICMI0 ma 00ca20M, MPAOUYiliHi, NepesaMdCHO peaKkmusHi 3axo0u Oe3neKu 0eMoOHCMPYOMb 61ACMUB] 0OMeHCeHHS.
LII/MH npononyioms nOMys’CHI abMEPHAMUBU, AHANIZYIOHU BeTude3HT HAOOPU OaHUX OIS USIGLEHHS MOHKUX WAabI0HIE,
BUSLGNCHHS AHOMALIN, WO GIOXUISIIOMbCS 6I0 HOPMATbHUX OA306UX 6aApIanmié Nooill, ma OPKeCmpylouu aAsMOHOMHI,
CBOEUACHI BIONOBIOT HA eBONIOYIOHYIOUL 3a2PO3U 3i 3MEHULeHUM empyuanuam nioounu. Ochosna mema yiei pobomu —
cucmemamuzyeamy ma HPOAHANIZY6AMU NOMOYHI 3HAHMS W000 Kuodoeux 3acmocyeanv LIII/MH y yiu cgepi,
BKIIOUAIOYU [HIMENEKMYAIbHI CUCmeMu 8usigieHHs/3anobicants emopenennam (IDPS), nepedosi memoou nom'saKuienms
Giwuney, naoiiny knacugikayiro wikionueoeo I13 ma noeedinkogy ananimuxy 0Jis i0enmu@ikayii 6HympiwHix 3a2po3 ma
anomanwvHoi akmusHocmi. Iliokpecnoouu 3nauni 000ponni nokpawjenns, axi enocams LLII/MH, cmammsa kpumuuno
AHANIZYE CYMMEBT GUKTIUKU BNPOBAONCEHHSL: IKICTb MA PENPe3eHMAMUSHICINb HAGUAIbHUX OAHUX, ORMUMI3AYII0 OANAHCY
MIDIC XUOHUMU CRPAYbOBYSAHHAMU MA NPONYCKAMU 3A2P03, NOCMIUHY 3A2P03Y 60PONCUX AMAK, CAPIMOBAHUX HA 0OMAH
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modenett MH, ma eaxciugi emuuni MIpKYSBAHHS w000 KOHQPIOCHYIIHOCMI OQHUX, AN2OPUMMINHOL YNEPeoHCeHOCmi ma
nompebu y nposzopocmi. Hoei menoenyii, maxi 5K HAGUAHHS 0N 30epedCceHHsi KOHQIOeHYIliHOCmi, NpacHeHHs. 00
nosichiosanoeo LI (XAI) ona naoitinux piwens, ma éce Oitbwl CKIAOHI agmomamuszosani onepayii 6esnexu (SecOps),
eKazylomv Ha manuoymre, oe LI 6yoe ghynoamenmanvHo niemenutl y Cmitiki, adanmueni mepesicesi saxucmu. Knouogum
PEe3VIbMaAmMoM Yb020 aHANIZY € NIOMBEPONCEHHs 3MIHU NaApaouemMu 6i0 CMAMUYHO20, CUSHAMYPHO2O0 3aXucmy 00
OUHAMIYHUX, NOCMIUHO HABYAIOUUXCA (PPeliMBOpKie be3neKu, 30amHUX CNnig-e80NOYIOHY8aAMU 3 NOCMIUHO MIHIUGUM
Kibepaanouagpmom 3a2pos3.

Keywords: artificial intelligence (Al); machine learning (ML); network security; cybersecurity; intrusion detection
systems (IDS); intrusion prevention systems (IPS); Explainable AI (XAI)

KuarouoBi coBa: mryunnii intenext (LLI); mammane Hapuanas (MH); mepexxeBa Oe3neka; kibepOesneka; CHCTEMH
BusiBiieHHs1 BToprHeHb (IDS); cuctemu 3ano6iranns sropruenssm (IPS); noscuroBanuii LI (XAI)

L. INTRODUCTION

Robust network security is foundational in today's hyper-connected digital world, safeguarding sensitive data,
ensuring operational continuity of critical infrastructure, and preserving trust in online interactions. As organizations
increasingly rely on complex digital infrastructures, the cyber threat landscape has expanded alarmingly in frequency,
volume, and sophistication. These challenges extend beyond traditional IT infrastructure to specialized industrial systems,
where Al-driven diagnostics—such as those enhancing the reliability of ship electric power installations [ 1 ]|—demonstrate
parallel advancements in preemptive failure detection that complement security frameworks. Threat actors range from
individuals to organized crime and state-sponsored entities. Traditional defenses like firewalls, signature-based IDS, and
antivirus software struggle against advanced, polymorphic, or zero-day attacks. Their reliance on static rules limits agility
against rapidly evolving adversary tactics, techniques, and procedures (TTPs). This capability gap drives demand for
more intelligent, predictive, and adaptive security solutions. Artificial Intelligence (AI) and its subfield Machine Learning
(ML) offer transformative potential here. They enable systems to learn complex patterns from vast network data (packets,
flows, logs), discern subtle anomalies indicative of threats often missed by humans or traditional tools, and initiate timely,
often automated responses, significantly reducing detection/response times with less direct human oversight.

II. LITERATURE ANALYSIS
Understanding modern network security requires acknowledging the dynamic threat environment characterized by
[2,3,4]:
- Increased Sophistication: polymorphic malware, fileless attacks, advanced persistent threats (APTs), and refined social
engineering tactics are common;
- Volume and Velocity: automated tools launch attacks (DDoS, brute-force, scans) at scales overwhelming manual
defenses;
- Expanded Attack Surface: proliferation of 10T, cloud adoption, mobile workforces, and interconnected supply chains
increase potential vulnerabilities;
- Zero-Day Exploits: attacks targeting unknown vulnerabilities bypass signature-based defenses entirely.
Conventional security technologies face inherent limitations:
- Reactive posture: signature-based tools require prior threat knowledge, leaving systems vulnerable to novel attacks.
- Inability to handle polymorphism: malware designed to change signatures evades detection.
- Scalability issues: manual log analysis is often infeasible; rule-based systems become unwieldy.
- High false positive rates: simple anomaly rules generate noise, leading to alert fatigue.
- Context-Blindness: rule-based systems lack contextual understanding to differentiate malicious from unusual-but-
legitimate behavior.

II1. THE PURPOSE AND TASKS OF THE RESEARCH

The primary objective of this paper is to provide a structured overview and critical analysis of the transformative
impact of Al and ML on modern network security paradigms. This work synthesizes current knowledge by exploring the
fundamental principles, examining key applications and enabling technologies, dissecting significant implementation
challenges, and highlighting emerging trends and future research directions. Given the rapid evolution of both cyber
threats and Al capabilities, including significant advancements reported in recent years [5], such a synthesis is crucial for
understanding the current state-of-the-art and navigating the complexities of adopting these powerful technologies
effectively.

IV. RESEARCH METHODS AND MATERIALS

These limitations create a compelling case for intelligent systems capable of adaptive, behavior-based threat detection.

Al aims to engineer systems with human-like cognitive abilities (learning, reasoning, problem-solving). ML, a core
Al subfield, develops algorithms enabling systems to learn patterns from data without explicit programming for every
scenario. Key ML paradigms used in security include:
- Supervised Learning: uses labeled data (e.g., 'attack’ vs 'normal' traffic) to learn a mapping function for classifying new,
unlabeled data. Algorithms include Support Vector Machines (SVMs), Decision Trees/Random Forests, and Artificial
Neural Networks (ANNSs);
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- Unsupervised Learning: uses unlabeled data to discover hidden structures or anomalies. Crucial for detecting deviations
from normal behavior without prior attack knowledge. Algorithms include K-Means, DBSCAN, PCA, and Autoencoders;
- Reinforcement Learning (RL): an agent learns optimal actions through trial-and-error interaction with an environment,
receiving rewards/penalties. Potential applications include dynamic firewall optimization and automated incident
response strategy development.

Applied to voluminous network data (packet captures, flows, logs, telemetry, threat feeds), ML excels at identifying
subtle, non-linear patterns indicative of threats, including zero-day exploits, shifting defense towards proactive
capabilities. Deep learning variants (CNNs, RNNs/LSTMs, Transformers) further enhance this potential, with recent
studies demonstrating improved performance on complex tasks [6].

AI/ML integration significantly enhances threat detection, prevention, and response across various domains.
Intelligent Intrusion Detection and Prevention Systems (IDPS): ML models augment traditional IDPS by learning
complex patterns of normal and malicious behavior from network traffic. This improves detection of known attacks and
enables identification of novel threats via anomaly detection (e.g., unusual port usage, data transfer patterns). Dynamic
firewall rules or traffic shaping can be automatically generated [2].

Comparison between traditional and new approaches is shown in Figure 1.
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Fig. 1 - Comparison of traditional rule-based security and adaptive AI/ML-driven security paradigms

Advanced Phishing and Social Engineering Mitigation: Al offers multi-layered defense against phishing/BEC by
analyzing communication content (Natural Language Processing - NLP for tone, urgency, grammar), sender
reputation/behavior, URL/website characteristics (structure, reputation, visual similarity to known sites), and link
destinations at click-time. ML models integrate these signals for accurate risk scoring, often leveraging transformer-
based language models in newer solutions [7].

An example of Al utilization in Asus router is shown in Figure 2.
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Fig. 2 - Router
Sophisticated Malware Analysis: ML aids in analyzing the massive volume of malware. Static analysis extracts
features from code without execution (byte sequences, API calls, strings) using models like CNNs on binary
visualizations [8]. Dynamic analysis monitors behavior in sandboxes (network connections, file/registry changes, system
calls). ML learns to differentiate malicious from benign patterns, enabling rapid classification and IoC extraction.
Behavioral Analytics and Insider Threat Detection: User and Entity Behavior Analytics (UEBA) systems leverage
AI/ML to counter insider threats or compromised accounts. By analyzing diverse data sources (logs, network flows,
endpoint activity, authentication), they establish dynamic baselines of normal behavior for users and entities. Anomaly
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detection flags significant deviations (e.g., unusual logins, access patterns, data movement), enabling ecarly
investigation [7].

V. RESEARCH RESULTS

Commercial SIEM, NDR, and XDR platforms increasingly incorporate these AI/ML capabilities (e.g., Splunk UEBA,
Darktrace, Vectra Al, Palo Alto Networks Cortex XDR, CrowdStrike Falcon).

AI/ML model efficacy hinges on quality training data. Benchmark datasets facilitate development and comparison:

- KDD Cup 99 / NSL-KDD: foundational but dated, containing simulated labeled connection records.

- CICIDS2017 / CSE-CIC-IDS2018: more contemporary and realistic, featuring labeled network flow data from diverse
modern attack scenarios and profiled benign traffic [9].

- UNSW-NBIS5: blends real normal traffic with synthetically generated attacks, providing rich features.

- CTU-13: focuses specifically on labeled captures of real-world botnet traffic.

While valuable, these benchmarks have limitations (bias, environment specifics). Researchers rely on ML libraries and
tools:

- General ML: Scikit-learn (classical ML), TensorFlow/Keras & PyTorch (deep learning).

- Security Specific: Integrated ML in SIEM/SOAR, network analysis tools (Zeek), packet manipulation libraries (scapy),
data science platforms (Jupyter).

Effective use requires both cybersecurity domain knowledge and data science skills.

Widespread AI/ML adoption in security faces significant hurdles. Data Challenges: high-quality, labeled attack data
is scarce and costly. Class imbalance (rare attacks vs. abundant normal traffic) biases models. Data representativeness
across different environments is problematic. Privacy regulations (GDPR, etc.) add complexity.

False Positive/Negative Trade-off: balancing detection accuracy (minimizing missed threats - false negatives) against
operational burden (minimizing false alarms - false positives) is crucial. High false positives cause alert fatigue; false
negatives can be catastrophic. Optimal tuning is context-dependent and difficult.

Adversarial Machine Learning: models are vulnerable to attacks: evasion (inputs modified to be misclassified as
benign), poisoning (training data corrupted to degrade or backdoor the model), model extraction (stealing the model or
inferring training data). Developing robust defenses is critical and an active area of research [3, 5].

Explainability and Trust (XAI): many models ("black boxes") lack transparency, hindering trust, verification, and
regulatory compliance. Explainable Al (XAI) techniques (e.g., LIME [4], SHAP [5]) aim to provide insights into model
decisions, fostering human-Al collaboration, though scaling and validating these explanations remain challenging [6].

Ethical Concerns & Bias: extensive monitoring raises privacy issues. Biases in training data can lead to unfair or
inequitable performance across different groups or scenarios. Ensuring fairness, accountability, and transparency is an
ethical imperative.

Addressing these requires interdisciplinary effort.

AI/ML in security continues to evolve rapidly:

- Federated Learning: enables collaborative model training across decentralized data sources without sharing raw data,
enhancing privacy and allowing broader dataset utilization [3, 4].

- Maturation of Explainable AI (XAI): practical XAI methods are becoming crucial for operator trust, human-Al teaming,
debugging, and compliance in security operations [6].

- Hyperautomation in Security Operations (SOAR 2.0): Al drives SOAR platforms towards more intelligent automation,
including Al-driven alert triage/correlation, incident analysis (e.g., mapping to MITRE ATT&CK), and adaptive,
automated response actions [12].

- AI-Empowered Proactive Threat Hunting: Al assists human hunters by generating high-quality hypotheses from subtle
anomalies and automating data exploration, allowing analysts to focus expertise on elusive threats.

- Convergence with Other Technologies: Integration with blockchain (secure threat intel sharing) and quantum computing
(opportunities like quantum ML, challenges like post-quantum cryptography) will shape future applications.

VI. DISCUSSION OF THE RESULTS

AI/ML are becoming foundational to modern SOCs, enabling more adaptive, anticipatory, and resilient defenses.

This review demonstrates that Al and ML represent a significant paradigm shift in network security, offering
capabilities superior to conventional methods in analyzing vast data volumes, learning complex behaviors, detecting
subtle anomalies, and automating responses. The analysis highlighted key applications in IDPS, phishing prevention,
malware analysis, and UEBA that are demonstrably impactful. However, realizing the full potential of AI/ML in security
requires addressing the substantial challenges identified in this overview: data scarcity, quality, and bias; the critical
balance between false positives and negatives; the persistent threat of adversarial attacks; and the paramount need for
explainability, ethical governance, and trust. Explainable AI (XAI) emerges as pivotal for building this trust and enabling
effective human-AlI collaboration in security contexts.

VII. CONCLUSIONS

The core contribution of this paper lies in synthesizing the current state, key applications, inherent challenges, and
future trajectory of AI/ML integration in network security. This integration signifies an evolutionary leap towards
intelligent, adaptive defense systems capable of dynamically responding to the ever-evolving cyber threat landscape.
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Future research directions, stemming from the challenges analyzed in this review, should prioritize:
1. Adversarial Robustness in Real-Time Systems: designing and validating computationally efficient defense mechanisms
capable of providing real-time robustness against adaptive and previously unseen adversarial evasion and data poisoning
attacks targeting ML models deployed in dynamic network environments (going beyond static threat models often used
in current research [5, 10]).
2. Actionable Explainability for Security Operations: improving the scalability and fidelity of XAI techniques
(e.g., [6, 12, 13) to generate actionable and context-aware explanations for complex model predictions (e.g., deep learning
IDPS alerts or UEBA anomalies) that are directly usable by security analysts during high-pressure incident triage and
response workflows, rather than just providing generic feature importance scores.
3. Balancing Privacy and Utility in Collaborative Security: developing and evaluating advanced privacy-preserving ML
frameworks (extending beyond initial concepts in [3, 4]) that effectively balance the trade-offs between strong data
privacy guarantees (e.g., measurable differential privacy budgets for sensitive user activity logs or inter-organizational
data sharing) and the practical utility (e.g., maintaining high detection accuracy for specific threat types) of collaboratively
trained security models.

Continued progress across these areas is essential for effectively harnessing AI/ML to build a more secure and resilient
digital future.
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