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Abstract

The exponential growth in digital threats and the complexity of modern network infrastructures have
rendered traditional, signature-based security measures increasingly inadequate. In response, Artificial
Intelligence (AI) and Machine Learning (ML) have emerged as pivotal tools, fundamentally reshaping
the landscape of cybersecurity and network management (Figure 1 &2 ). This comprehensive review paper
provides an in-depth analysis of the symbiotic relationship between Al, ML, and these critical domains
[28]. It synthesizes state-of-the-art techniques, highlights their practical applications, and addresses the
significant challenges and future paradigms [3, 15, 16, 17]. By detailing fundamental concepts, key
terminologies, and a wide array of research findings, this paper serves as a valuable resource for
researchers, practitioners, and policymakers seeking to understand the current state and future trajectory
of Al-driven security and network automation [2, 4, 5, 6].

Conceptual Plot: Evolution of Cybersecurity Threats vs. Al/ML Adoption
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Figure 1: Evolution of Cybersecurity Threats vs. AI/ML Adoption
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Figure 2 : Traditional vs AI/ML anomaly detection

1. Introduction

The proliferation of interconnected devices, the advent of 5G and 6G networks, and the expansion of cloud
and IoT ecosystems have created a vast and dynamic attack surface. Cyber adversaries are increasingly
employing sophisticated, polymorphic, and zero-day attacks that can bypass static security rules [19].
Simultaneously, network administrators face the challenge of managing highly complex, multi-vendor,
and software-defined networks, where manual intervention is no longer feasible [13, 14]. Al and ML offer
a paradigm shift from reactive to proactive defense, enabling systems to learn from data, predict threats,
and automate responses at a scale and speed beyond human capability [4]. This paper explores this
transformation, delving into the core principles and a wide range of applications that define the future of
network security and operations.

2. Abbreviations

o Al: Artificial Intelligence

e ML: Machine Learning

e DL: Deep Learning

e ANN: Artificial Neural Network

e IDS: Intrusion Detection System

e IPS: Intrusion Prevention System

o IDS/IPS: Intrusion Detection/Prevention System
e IoE: Internet of Everything

e IoT: Internet of Things

e IoV: Internet of Vehicles

e O-RAN: Open Radio Access Network

e NIDS: Network Intrusion Detection System

o HIDS: Host-based Intrusion Detection System
e APT: Advanced Persistent Threat

e DDoS: Distributed Denial-of-Service

e VPN: Virtual Private Network

e QoS: Quality of Service

e SDN: Software-Defined Networking

e NFV: Network Function Virtualization
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e SIEM: Security Information and Event Management

e SOAR: Security Orchestration, Automation, and Response
e NLP: Natural Language Processing

e GAN: Generative Adversarial Network

e CNN: Convolutional Neural Network

e RNN: Recurrent Neural Network

e LSTM: Long Short-Term Memory

o UEBA: User and Entity Behavior Analytics

3. Basic Terms and Nomenclatures

o Artificial Intelligence (AI): The broad field of computer science dedicated to creating systems that
can perform tasks that typically require human intelligence, such as visual perception, speech
recognition, and decision-making [22, 26].

e Machine Learning (ML): A subset of Al that focuses on the development of algorithms that enable
computers to learn from data without being explicitly programmed. It involves training models to find
patterns and make predictions.

e Deep Learning (DL): A sub-field of ML that uses multi-layered neural networks (deep neural
networks) to learn complex patterns [3]. It is particularly effective for large datasets and tasks like
image and speech recognition.

e Anomaly Detection: The process of identifying patterns or data points that do not conform to expected
behavior [2, 20]. In cybersecurity, it is used to spot unusual network traffic or user activity that may
indicate a cyberattack.

e Feature Engineering: The process of using domain knowledge to select and transform raw data into
features that can be used effectively by machine learning models.

e Supervised Learning: An ML paradigm where the model is trained on a labeled dataset, meaning the
training data includes both the input and the correct output. Examples include classification (e.g.,
classifying traffic as benign or malicious) and regression [25].

o Unsupervised Learning: An ML paradigm where the model is trained on unlabeled data. It is used to
find hidden patterns and structures in the data. Examples include clustering (e.g., grouping similar
network packets) and anomaly detection [25].

e Reinforcement Learning (RL): An ML paradigm where an agent learns to make decisions by taking
actions in an environment to maximize a reward. It is a promising but complex approach for
automating security responses.

e Adversarial Al: A branch of Al where malicious actors use Al to attack systems, or where Al is used
to defend against such attacks. This includes creating data that tricks an ML model into making an
incorrect prediction.

e Zero-Day Vulnerability: A software vulnerability that is unknown to the software developer or the
public. Zero-day attacks exploit these vulnerabilities before a patch can be developed and distributed
[26].

4. Core Applications of Al and ML in Cybersecurity
Al and ML technologies are revolutionizing several key areas of cybersecurity by providing enhanced
capabilities for detection, response, and prevention. [Table 1 & Table 2]

IJSAT26018446 Volume 17, Issue 1, January-March 2026 3



https://www.ijsat.org/

@ International Journal on Science and Technology (IJSAT)

— E-ISSN: 2229-7677 e Website: www.ijsat.org e Email: editor@ijsat.org

4.1. Anomaly and Intrusion Detection Systems (IDS)

Traditional signature-based IDSs are limited to detecting known threats [ 18]. AI/ML-based IDSs, however,

are capable of learning from network data to establish a baseline of normal behavior and flag any

deviations as anomalies. This is crucial for detecting novel attacks and zero-day threats [21].

e Supervised Learning for IDS: Supervised models, such as Support Vector Machines (SVMs),
Random Forests, and k-Nearest Neighbors (k-NN), are trained on labeled datasets (e.g., NSL-KDD,
UNSW-NB15) to classify network traffic as either benign or malicious [25]. This approach offers high
accuracy but struggles with new, unseen attacks due to the reliance on pre-labeled data.

e Unsupervised Learning for IDS: Unsupervised models, particularly clustering algorithms like K-
Means, Isolation Forest and density-based methods like DBSCAN, are highly effective for anomaly
detection [25]. They group similar data points together, and any data that falls outside these clusters is
identified as an anomaly. This is particularly useful for detecting zero-day attacks and other novel
threats, as highlighted in "Anomaly Detection in Networks using Machine Learning Techniques" and
"Anomaly Detection based on Artificial Intelligence of Things: A Systematic Literature Mapping" [9,
21].

o Deep Learning for IDS: Deep learning models, including Convolutional Neural Networks (CNNs)
and Recurrent Neural Networks (RNNs) or their variants like LSTM, have shown remarkable
performance in processing vast amounts of sequential network data [1, 11]. A CNN-LSTM hybrid, for
example, can capture both spatial and temporal dependencies in network traffic, as discussed in
"Anomaly Detection in Network Security: Deep Learning for Early Identification" [12].

Deep Learning and Unsupervised Learning performs well for anomaly detection and threat detection when

there is imbalance in anomalous data. (Figure 3)

Conceptual Plot: Accuracy of Different IDS Models

80

60

Hypothetical Accuracy (%)

20 A

svmM Random Forest Isolation Forest CNN-LSTM
IDS Model

Figure 3: Conceptual Plot: Accuracy of Different IDS Models

4.2. Malware Detection and Analysis

AI/ML algorithms can analyze the static and dynamic behavior of malware to identify new variants [4,

17]. Instead of relying on specific signatures, models can be trained on features like API call sequences,

file headers, and network traffic patterns to detect malicious code.

o Static Analysis: ML models analyze the binary code of a file without executing it, looking for
suspicious patterns or sections.

e Dynamic Analysis: ML models observe the behavior of a program in a sandboxed environment,
monitoring its system calls, network connections, and file modifications.
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e Generative Adversarial Networks (GANs): A growing threat is the use of GANs by attackers to
create polymorphic malware that can continuously mutate its code to evade detection. This has led to
research in using Al to predict and counter such attacks.

4.3. Predictive Threat Intelligence

Al-driven threat intelligence platforms can analyze vast quantities of data from multiple sources—

including threat feeds, dark web forums, and social media—to predict future attacks and identify emerging

threats. This shifts security from a reactive to a proactive stance, as outlined in the "Predictive & Al Threat

Intelligence" article [23].

o Behavioral Analytics: User and Entity Behavior Analytics (UEBA) uses ML to establish a baseline
of normal behavior for users and devices [27]. Any deviation, such as a user accessing a new system
or downloading an unusual amount of data, triggers an alert, indicating a potential insider threat or
compromised account.

o Predictive Analytics: By analyzing historical data on attacks, vulnerabilities, and threat actor tactics,
Al can forecast potential attack vectors and prioritize vulnerabilities that are most likely to be exploited
[10].

5. Al and ML in Network Management

Beyond security, Al and ML are central to the evolution of network management, enabling the automation

of complex tasks and the optimization of network performance [14].

5.1. Network Automation and Optimization

Modern networks, particularly those leveraging Software-Defined Networking (SDN) and Network

Function Virtualization (NFV), generate immense volumes of data. AI/ML can process this data to

automate tasks that were previously manual and labor-intensive [13, 24].

o Traffic Management: ML models can analyze traffic patterns to predict peak usage times and
dynamically reallocate network resources, improving Quality of Service (QoS) and preventing
congestion.

o Predictive Maintenance: Al algorithms can predict network component failures before they occur by
analyzing performance metrics, allowing for proactive maintenance and minimizing downtime. This
is a key benefit of "AI And Machine Learning In Network Automation" [13].

o Al-Native Networks: The concept of Al-native networks in the 6G era is based on Al and ML being
seamlessly integrated into the network's architecture, enabling a self-managing, self-healing, and self-
optimizing network [24].

5.2. Al for 5G and 6G Networks

The complexity of 5G and future 6G networks necessitates Al-driven management [7, 8,17]. Al-for-

Network (Al4Net) aims to optimize network functions, while Network-for-Al (Net4Al) focuses on using

the network to support Al applications. The 3GPP standards organization has been working on integrating

AI/ML for next-generation radio access networks, as discussed in the 3gpp.org article [29].

6. Challenges and Limitations

Despite the immense promise, the widespread adoption of AI/ML in cybersecurity and network

management faces several significant challenges [1, 16].

o Data Quality and Availability: Al models are only as effective as the data they are trained on. The
lack of large, labeled, and representative datasets, particularly for network security, remains a major
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bottleneck.

Adversarial Al Attacks: Adversaries are also leveraging Al. They can use techniques like data

poisoning to corrupt training data, model evasion to trick trained models, and model extraction to steal
proprietary models [16]. This creates a continuous Al arms race.

Explainability (XAI): Many powerful AI/ML models, particularly deep neural networks, are "black

boxes." It is difficult to understand how they arrive at a specific decision [16, 26]. In cybersecurity,
where every decision has significant consequences, this lack of transparency can hinder trust and

incident analysis.
Scalability and Resource Requirements: Training and deploying complex AI/ML models require

substantial computational resources, which can be a barrier for smaller organizations [16].

normal and attack traffic.

of normal vs. attack
traffic.

U ised
Criteria Supervised Learning nsup.erV1se Deep Learning
Learning
Labeled  data  with Unlal?eled da}ta w‘ith Can use labeled or
no prior classification || unlabeled data; excels
Data Type predefined classes for

with  large, high-
dimensional datasets.
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Case

Misuse/signature
detection to identify
known attacks like DoS,
probing, or R2L.

Anomaly detection to
identify
unknown attacks by
spotting  deviations
from normal
behavior.

novel or

Hybrid detection
(misuse and anomaly)
and complex pattern

recognition.

- High accuracy and

- Can detect zero-day || performance on
. attacks and novel complex, large
- High accuracy and low P 8
o threats. - Does not || datasets. -
false positives for known ) ) ,
. require time- || Automatically
attacks. - The model is )
. consuming and || performs feature
Advantages interpretable and the ) . .
) expensive data || extraction, reducing
results are predictable. - . .
. . labeling. - Finds || the need for manual
Effective for signature- ) . . .
based IDS hidden patterns in feature engineering. -
ase . . .
data without prior | Can handle both
knowledge. structured and
unstructured data.
- Fails to detect - Higher false - Requires significant
Disadvantages unknown, novel, or zero- positive rates computational power
day attacks. - Requires a || compared to and large amounts of
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Criteria Supervised Learning Unsup.erv1sed Deep Learning
Learning
large, meticulously || supervised methods. - || data. - Black-box
labeled dataset, which is Less accurate for nature makes the
expensive and time- || known attacks || model's decision-
consuming to create and || compared to || making process
maintain. - Prone to supervised learning. - difficult to interpret. -
overfitting on specific || Results can be || Can be prone to
attack types. subjective and || overfitting if not
difficult to interpret. properly regularized.

Table 1: Comparison of Supervised, Unsupervised, and Deep Learning for IDS

7. Future Directions

The field of Al and ML in cybersecurity and network management is rapidly evolving, with several key
trends shaping its future [1, 27].
Federated Learning: This approach allows multiple organizations to collaboratively train a shared ML
model without sharing their sensitive data [16]. This can significantly improve threat intelligence by
leveraging data from a wider array of sources while preserving privacy.
Integration with Other Technologies: The convergence of Al with other emerging technologies like
blockchain, quantum computing, and edge computing will enable more robust and distributed security

solutions [1].

Security Automation and Orchestration (SOAR): Al and ML will increasingly be used to automate
the entire security lifecycle, from threat detection and analysis to automated response and remediation
[27]. This will enable Security Operations Centers (SOCs) to handle a greater volume of threats with
increased efficiency [26].
Al for Social Engineering: As seen with the use of large language models, Al is being weaponized for
creating sophisticated phishing attacks and social engineering schemes. Future research must focus on
Al-driven defenses against these human-centric threats.

Application Description Key Example
) ) ) Anomaly detection systems can flag a
Identifies behavior that deviates y ) y. g
. sudden, unusual spike in network traffic
from a learned baseline of . .
Anomaly " W .. . from a single user or a login attempt from
] normal" activity. This is crucial . . . .
Detection ) an atypical geographic location, which
for catching unknown, novel, or T .
may indicate a compromised account or
zero-day threats.
an attack.
Malware Uses ML models to analyze file CylancePROTECT uses Al to predict
Analysis characteristics and behavior to and prevent malware execution by
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classify them as either benign or || analyzing file DNA and characteristics
malicious. This can be done | before it runs, rather than relying on a
through static (code analysis) or | database of known signatures.
dynamic (behavioral analysis)
methods.
Gathers and analyzes data from || IBM's QRadar Security Intelligence
Predictive various sources (e.g., threat feeds, Platform wuses Al to correlate and
Threat dark web, security logs) to forecast || prioritize threats, enabling security
Intelligence future cyber threats and attack || teams to anticipate attacks and focus on
trends. the most critical risks.
. Microsoft Defender for Office 365 uses
Analyzes elements of emails and . .
ML algorithms to analyze a multitude of
L. other messages, such as headers, g .
Phishing . email signals to detect and quarantine
. content, and sender behavior, to .. _ .
Detection . . . sophisticated  phishing  campaigns,
identify and block phishing ) . .
including those using brand
attempts. . )
1mpersonation.
Establish baseli f 1 )
User and > 1 SHES & DASElhe © HO@a A UEBA system could detect a high-
i behavior for users and devices, .. )

Entity . privileged account accessing a large
. then uses ML to detect deviations .. )
Behavior .. o volume of sensitive files outside of

) that could signify an insider threat, . . .
Analytics , business hours, flagging it as a potential
a compromised account, or an )
(UEBA) ) data exfiltration attempt.
attack in progress.
Automates the response to security || When an Al-powered system detects a
Automated incidents by triggering actions like || malicious file, it can automatically
) blocking an IP address, isolating || trigger a response to quarantine the file
Incident . . e . .
an infected endpoint, or initiating a || and disconnect the affected device from
Response . . .
security scan once a threat is the network, containing the threat
detected. immediately.

Table 2: Applications of AI and ML in Cybersecurity

8. Conclusion

The integration of Al and ML is no longer an optional enhancement but a strategic imperative for modern
cybersecurity and network management [6, 17]. These technologies provide a much-needed defense
against the growing sophistication of cyber threats and offer the key to automating the complex, dynamic
networks of the future. While challenges related to data, adversarial threats, and model explainability
persist, ongoing research and the development of collaborative frameworks promise to unlock the full
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potential of AI [16]. As the digital landscape continues to evolve, the symbiotic relationship between Al
and security will be the cornerstone of a more resilient, intelligent, and autonomous digital world.
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