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Abstract

Artificial Intelligence (A1) is revolutionizing the field of cybersecurity by automating complex security
tasks, improving threat detection capabilities, and enhancing the precision of threat response
mechanisms. With the rapid evolution of cyber threats such as malware, ransomware, phishing, and
data breaches, conventional security systems are often insufficient to provide timely and accurate
protection. Al, powered by machine learning algorithms and neural networks, enables the analysis of
vast datasets to detect anomalies, predict potential attacks, and respond in real time. This study reviews
insights from over 250 scholarly studies, demonstrating how Al can strengthen cybersecurity defences
and streamline threat management. Despite its advantages, the rising concern lies in the potential
exploitation of Al technologies by cybercriminals, which could lead to more sophisticated and evasive
attacks. Therefore, the integration of Al with robust security frameworks is crucial. The study also
highlights future research directions, focusing on secure Al development, improved data modelling,
and infrastructure resilience in the digital age.

Keywords: Artificial intelligence, machine learning models, deep learning and neural networks, Al-
driven approaches, natural language processing

INTRODUCTION

Artificial Intelligence (Al) is transforming cybersecurity, making it faster and smarter to combat
evolving threats. Its capabilities include analysing large datasets, detecting patterns, and responding in
real-time, thereby helping organizations counter complex cyberattacks [1]. However, Al also poses
risks as cybercriminals use it for advanced attacks like deepfakes and automated breaches. This dual
nature underscores the need to use Al responsibly to enhance digital security while addressing ethical
challenges [2].
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Generative Al presents opportunities and threats.
It allows scammers to create fake voices or videos
to deceive people, making fraud cheaper and easier.
For example, a person in Hong Kong lost $ 25
million due to an Al-powered scam. Simple
measures like using a family password or personal
questions can protect against such threats [3]. On
the positive side, companies like Mastercard are
leveraging generative Al for fraud detection by
analysing spending patterns [4]. Even though Al can
outperform human capabilities, combining smart
technology with human instincts can enhance
cybersecurity and fight fraud effectively [1]. Al
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changes the face of cybersecurity, transforming it by automating the threat detection process, making
huge analysis in the volumes of data available, and improving defence systems. In response to attacks,
this becomes very important as interconnected devices increase the complexity of threats [5]. There is
a flip side also wherein Al introduces vulnerabilities to it as attackers exploit the very capabilities of
Al In all this, there must be an approach that balances between people, processes, and technology
toward resilience building [6]. Although there is a multitude of research indicating Al's significance in
the determination and response to threats, their specific applications have yet to be fully reviewed. This
study will hence bridge this gap by critically reviewing how Al, particularly through machine learning
and deep learning, will prevent attacks and enhance defences [3].

Challenges of Al in Cybersecurity

The issues with false alerts, adversarial attacks, and biased data may hinder the performance of Al in
cybersecurity. The organizations should, therefore, be careful in the management of risks to achieve
maximum performance of Al [5]. Besides, conventional cybersecurity techniques, which wait for an
attack to take place, are no longer sufficient. The sophisticated attacks include APTs and zero-day
vulnerabilities that require proactive Al-driven solutions to enable real-time decision-making and
automated defence systems [6, 7].

The escalating evolution of cyberattacks calls for the urgency to integrate Al into cybersecurity. Al
can tackle changing challenges by enhancing threat detection, real-time monitoring, and adaptive
responses. However, it is portrayed to have a double-edged nature with responsibility along with a
balancing approach to combine Al power with human expertise in optimizing defences [7, 8].

CYBERSECURITY

The definition of cybersecurity is the action to protect systems, networks, devices, and data in regard
to digital attacks and unauthorized access or damage as illustrated Figure 1. The practice involves a
diverse array of measures, technologies, and strategies that are primarily set to ensure the confidentiality
and integrity of information while making certain data available. The primary goal of cybersecurity is to
protect digital assets from a range of cyber threats that can come from both external sources such as
hackers and cybercriminals and internal sources such as disgruntled employees or weak system policies
[3]. Cybersecurity develops policies, standards, and technological means in securing, detecting,
correcting, and protecting against damage and unauthorized access or modification and misuse of
information and information systems [9].
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Figure 1. Cybersecurity framework.
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Key Components of Cybersecurity

a. Network security: This protects computer networks from malicious attacks, unauthorized access,
and misuse. Network security incorporates several technologies including firewalls, intrusion
detection systems (IDS), and intrusion prevention systems (IPS) to detect and prevent any
malicious actions on the network.

b. Information security: Information security is the protection of sensitive data, both in transit and
at rest, from unauthorized access, alteration, or destruction. It uses encryption, access controls,
and data masking techniques to ensure that only authorized individuals can access sensitive
information.

c. Application security: It focuses on application security in order to provide protection from
potential threats within software applications. It requires secure coding, patching, and utilization
of security testing tools for detecting and solving vulnerabilities within software applications.

d. Endpoint security: This is the protection of individual devices such as computers, smartphones,
and tablets, which connect to the network. The cybercriminals tend to target these devices; hence
securing them involves antivirus software, encryption, and device management tools.

e. Identity and access management (IAM): 1AM includes management of user identities so that
access to particular resources can only be allowed by authorized users. It covers MFA, RBAC,
and SSO systems.

f.  Cloud security: As more organizations move their data and services to the cloud, securing the
cloud environment becomes a critical issue. Cloud security refers to securing data, applications,
and services hosted on cloud platforms and ensuring compliance with industry regulations.

g. Incident response and recovery: This involves the actions an organization takes after a
cyberattack or security breach. A well-defined incident response plan includes identifying,
containing, and mitigating the effects of an attack, followed by restoring systems and data to
normal operations.

h. Disaster recovery: This process involves creating a plan that will restore systems and data
following a cyberattack, natural disaster, or any other catastrophe. It involves regular backup,
off-site storage, and the ability to recover lost data.

Emerging Cybersecurity Challenges are Illustrated Figure 2
Ransomware Attacks

Ransomware locks sensitive user data and demands ransom for its release. With millions of attacks
daily, businesses, governments, and individuals are significantly impacted. The rise of digital
communication, especially post-pandemic, has made these attacks more frequent and severe, with losses
averaging millions per attack [10].

IoT Attacks

The increasing number of IoT devices, from smartwatches to home appliances, introduces
vulnerabilities for data breaches. With billions of devices projected to go online by 2024, hackers exploit
the weak security in IoT systems to access sensitive information.

Cloud Attacks

Cloud computing has revolutionized data storage but faces risks due to weak encryption,
authentication, and misconfigurations. Even major companies like Microsoft have faced severe denial-
of-service attacks, highlighting vulnerabilities in cloud systems for businesses of all sizes.

Phishing Attacks

Phishing is defined as the theft of login credentials and financial information by using spam emails.
Even with solid email security systems in place, still most spam emails find their way past filters by
exploiting user trust to complete cybercrimes.
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Figure 2. Emerging cyber challenges.

Cryptocurrency and Blockchain Attacks

Savvy hackers target digital wallets and blockchain-based systems using powerful attacks such as
Sybil and DDoS. Notable cases include the loss of $150 million by BitMart, which underscores the
importance of securing blockchain more robustly.

Mobile Banking Malware
Malware that targets mobile banking applications exploits the vulnerabilities of smartphones to steal
login credentials and credit card information and causes enormous financial loss in a matter of minutes.

Al Attacks
Cyber hackers misuse Al for ransomware, realistic deep fakes, and poisoned Al models, making
attacks more sophisticated. Impersonation and social engineering with Al are emerging threats [10].

Insider Attacks

The leakage of sensitive data by employees, either unintentionally or intentionally, will create
financial and reputational damage. Over 34% of firms have reported insider threats every year; strict
access controls and monitoring measures have to be implemented.

Social Engineering Attacks
Fraudsters take advantage of gullibility by using phishing or vishing to obtain some type of personal
or financial information. Social engineering attacks bring businesses significant losses and are rising.

Man-in-the-Middle Attacks

MitM attacks intercept data between two parties. The most common exploitation happens with
unsecured Wi-Fi connections. Businesses often lack appropriate safeguards such as HTTP Strict
Transport Security (HSTS) which leaves their networks vulnerable to data breaches [10].
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Cybersecurity Strategies

a. Risk management. ldentifying potential threats that create risk, then providing adequate
mitigation strategies to defend crucial systems.

b. Security monitoring: Ongoing monitoring of networks, systems, and applications to detect and
respond to suspicious activity.

c. FEducation and awareness: Educating employees on what to look out for in cyber threats and best
security practices minimizes human error and vulnerabilities.

d. Security audits: Regular audits help organizations assess the effectiveness of their cybersecurity
policies and identify areas for improvement.

OVERVIEW OF ARTIFICIAL INTELLIGENCE

Al is transforming all the spheres and transforming human-to-computer interactions by opening doors
to unimaginable possibilities as illustrated Table 1. Al is in the business of processing gigantic volumes
of data, recognizing patterns, and making decisions based on its understanding without significant
human involvement, transforming the future in health, education, transport, and beyond. From enabling
early disease detection and personalized learning experiences to revolutionizing autonomous systems
and smart infrastructure, Al has become the backbone of innovation. Yet, as it continues to evolve, Al
raises profound questions about ethics, governance, and societal impact, and it is thus a crucial focus
for research that would maximize its potential while making sure it is responsibly and equitably
integrated into our lives [3].

Artificial Intelligence (Al), a subdiscipline of computer science that was pioneered by John McCarthy
in 1956, applies mathematical logic to formalize knowledge and simulate human-like intelligence.
Complex algorithms enable machines to learn, understand, and act based on information. According to
Stuart Russell and Peter Norvig, Al can be defined by two categories: thought processes and reasoning
and behaviour. Al focuses on modelling human behaviours, knowledge representation, and inference in
order to create intelligent agents that can interact and exchange knowledge. These agents are able to
solve problems using shared knowledge and decision-making systems, based on decision theory [6].

There are two aspects in the decision-making process in Al: diagnosis and look-ahead. Though Al
performs better in diagnosis and record human knowledge, it has difficulties with multi-attribute
reasoning for look-ahead decisions. Herbert Simon's bounded rationality model has emphasized trade-
off reasoning that humans may use different criteria in their decision processes. Al can imitate human
intelligence using machine learning with algorithms and large-scale data for brute-force learning.

There are three ways in which Al works: assisted intelligence, which complements human tasks;
augmented intelligence, which allows the creation of new capabilities; and autonomous intelligence,
where machines act alone. These categories underscore Al's potential to address complex challenges,
including cybersecurity. Cyberattacks are becoming increasingly sophisticated, and Al plays an
important role in mitigating risks and securing cyberspace.

In conclusion, Al seeks to replicate human intelligence by combining learning algorithms, big data,
and computing power to solve some of the world's toughest problems [6, 7].

Table 1. Al definitions.

Approach Description
Thinking Humanly "The mechanization of tasks that we | Thinking Rationally "The exploration of the processes
connect with human cognition, tasks such as making that enable understanding, reasoning, and taking
decisions, resolving problems, acquiring knowledge ... " | action." (Winston, 1992) [12]
(Bellman, 1978) [11]
Acting Humanly "The craft of designing machines that Acting Rationally "Computational Intelligence is the
carry out tasks requiring intelligence when executed by exploration of creating intelligent agents." (Poole et al.,
humans." (Kurzweil, 1990) [13] 1998) [14]
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EVOLUTION OF AIIN CYBERSECURITY

Al has evolved remarkably in the past decades, contributing to modern cybersecurity. Beginning
from the mid-20th century with Alan Turing and John McCarthy as its founders, it rapidly gained
momentum with the progress in computing power in the 1990s. With the emergence of machine learning
and neural networks, Al could look at complex data and identify the underlying patterns, which allowed
its application in cybersecurity. Most notably, it was found in network intrusion detection and threat
analysis. This initial system utilized statistical models that were known to face inadequacies against
unpredictable patterns such as zero-day attacks [2].

The potential of Al grew in the early years of the 21st century with the development of Big Data,
more powerful algorithms, and hardware like GPUs. Bayesian networks and probabilistic reasoning
were integrated to tackle the uncertainty of cybersecurity threats, making Al more potent at identifying
vulnerabilities. It became more proactive than reactive with Al-driven rule-based systems and threat
prevention engines.

Further developments of Al led modern systems to apply adaptive learning techniques for the real-
time detection of threats and huge amounts of data analysis. With this advancement came the negative
development of adversarial Al that can bypass the security and create more advanced attacks. Al is now
one of the important things in cybersecurity: dynamic, efficient, and scalable in defending against ever-
changing cyber threats [3].

Al is a broad area of advanced technologies, each designed to improve cybersecurity. Key Al models
include Machine Learning (ML), Deep Learning (DL), Neural Networks (NN), Expert Systems, and
Natural Language Processing (NLP), which are applied to complex and dynamic cyber threats. These
Al-driven approaches are much more efficient than traditional methods to detect and address
unexpected and changing attacks in cyberspace. To appreciate the value of these Al models, explore
how they work and add up to cybersecurity, providing smarter, faster, and more adaptive solutions.

Machine Learning Models

Machine Learning (ML) models enable machines to make decisions or predictions based on data
without explicit programming. In cybersecurity, processed data is fed into the ML models, which then
analyse the data to detect unusual or malicious behaviour. These models rank the importance of different
data features, which helps to identify threats. While ML is less complex and more cost-effective than
DL models, it may not analyse intricate or long sequences of data as well. ML is more transparent and
easier to understand; hence, it is preferred in situations where explainability is important. For instance,
IntruDTree is an ML-based system, which is used for DDoS attacks on IoT devices, which reduces
complexity and helps to make better decisions by selecting major data features. However, though ML
models are more powerful, the growing volume of data and network traffic has pushed for DL models
that are appropriate for dynamic and real-time threat detection [2].

Deep Learning and Neural Networks

Deep Learning (DL) models inspired by how neurons work in the human brain are used in the realm
of cybersecurity to find sophisticated threats. These include models such as Convolutional Neural
Networks (CNN), Recurrent Neural Networks (RNN), and Long Short-Term Memory (LSTM)
networks, which constitute layers that process data to discern patterns and anomalies. The CNN excels
in handling data analytics but RNNs and LSTMs have been evolved beyond CNN by providing
information retention across time, an essential attribute when dealing with sequential data, such as
network traffic. Transformer models, being the most recent innovation, rely on self-attention to
capture long-range data dependencies, and are therefore most efficient for identifying intricate cyber
threats [15].

© STM Journals 2025. All Rights Reserved 108



Journal of Artificial Intelligence Research & Advances
Volume 12, Issue 2
ISSN: 2395-6720

DL models are better in discovering new patterns of unknown attacks as they learn to work with big
data compared to traditional machine learning models. For instance, Deep Belief Networks (DBN) has
recently been applied to the automotive network to identify security-related problems, thus superseding
more outdated models based on a predetermined pattern of attack. When devices continue to grow and
interlink, DL fills in such vulnerabilities even with the Internet of Things that is growing so rapidly. In
general, DL models, especially LSTM and RNN, improve Intrusion Detection Systems by processing
historic and sequential data for better detection rates with less frequency of false alarms.

Expert Systems and their Relevance

Expert Systems (ExS) is a branch of Al, simulating human problem-solving and decision-making by
combining expert knowledge with rule-based systems. In cybersecurity, ExS enhance system resilience
by providing automated decision-making and advisory capabilities. A common example is the rule-
based Intrusion Detection Systems (IDS), where predefined rules monitor network behaviour and
identify anomalies. If a suspicious pattern matches a rule, the system alerts operators to take appropriate
action [3].

Hybrid systems, which have merged rule-based methods with decision trees or deep learning (DL)
classifiers, have been proved more efficient. For instance, IDS-RDTIDS classifies the network traffic
as benign or malicious with a multi-layered framework that refines results. Similarly, the use of DL
classifiers with rule-based feature selection improves detection rates and lowers false positives.

Expert Systems are especially useful in industrial [oT where they process vast amounts of data. They
improve threat detection, incident response, and compliance management, offering great support to
organizations looking to maintain strong cybersecurity defences.

Natural Language Processing

NLP plays a critical role in cybersecurity by analysing unstructured text data from sources like social
media, web pages, and security logs to detect cyber threats. It helps identify phishing emails, malware
code, and suspicious patterns, offering insights to security analysts for preventive measures. NLP can
integrate with Machine Learning (ML) and Deep Learning (DL) models to enhance the classification
of phishing attacks and improve content analysis [16].

The Cybersecurity Analyzer is an innovative tool that uses NLP for cognitive analysis, data storage,
and visualization in order to identify malicious entities in security documents. Techniques such as
Doc2Vec filter cybersecurity-specific content from vast online data, saving analysts time and effort.
Topic modelling and systems like CASIE (Cyber Attack Sensing and Information Extraction) extract
and classify threats, including data breaches and ransomware, from news articles and databases, using
semantic analysis for better threat awareness [2, 3].

Despite its potential, the success of NLP heavily depends on the quality of the training data, limiting
its accuracy. However, with its ability to process massive amounts of unstructured data and provide
actionable insights, NLP is invaluable for efficient detection and assessment of cyber threats.

LITERATURE REVIEW

Recent advancements in computational technologies, particularly artificial intelligence, have
dramatically changed the way things are done and worked by allowing systems to perform activities
that previously required human intelligence. Al technologies are great at instant evaluation and
decision-making, using vast amounts of data to solve complex problems in many scientific and
technological disciplines [17].

Al's role in cybersecurity is all-encompassing. It entails conducting comprehensive and accurate
analysis on massive data sets while applying knowledge from past threats in forecasting and countering
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emergent attacks, even while attack strategies change. Because Al is flexible, it has become an
important factor in cyber defence. Notable changes in the direction of attacks can be identified and
much data can be managed; also, the potential of ongoing learning in Al security systems can be
enhanced for enhancing threat responses [18, 19].

Salem et al. present the solution of the Al advancements in cybersecurity through machine learning,
deep learning, and metaheuristic algorithms for detecting and mitigating cyber threats [20]. The
applications are made in the context of malware, phishing, and intrusion detection while handling
challenges such as data demand and false alarms. The future recommendations will be focused on
ethical use of Al, scalability, and deployment strategies.

Rafy et al. proposed a unique detection method for Al's transformative role in cybersecurity, focusing
on its strong points in advanced threat detection and mitigation [2]. It points to challenges such as data
dependency, adversarial attacks, ethical concerns, and risks to privacy. Future directions include
integrating emerging technologies such as blockchain and quantum computing, emphasizing
explainable Al, and adapting cybersecurity frameworks according to evolving threats.

Kaur et al. reviewed Al's role in cybersecurity, emphasizing progress in data source integration,
explainable Al, and augmented intelligence, and gaps such as limited platforms for threat intelligence
and datasets [3]. They recommended developing real-time infrastructures, sharing of threat data, and
fostering a multidisciplinary research setup to enhance the effectiveness of Al-driven cybersecurity and
increase adaptability.

Kaur et al. discussed the use of Al in improving cybersecurity: how it is used to perform incident
response, alert triage, forensic analysis, and mitigation [3]. Some gaps in real-time datasets, threat
intelligence sharing, and Al explainability are identified. There is a need for improved data
representation, context-aware solutions, and human-Al collaboration towards successful cybersecurity
advancements.

Aldhamer et al. highlighted Al's transformative role in cybersecurity, enabling advanced threat
detection, prevention, and response [4]. Challenges such as data privacy, evolving threats, and skill
gaps are underscored; however, their study envisions a future where human expertise will collaborate
with Al in building proactive, efficient, and adaptive defence systems with strong protection against
cyber threats.

Capuano et al., in their paper, reviewed recent efforts to integrate explainable Al into cybersecurity
[18]. The study covers Al's application in areas such as intrusion detection, malware, phishing, and
botnet detection. The paper emphasizes the need for standardization and formalism in Al models for
cybersecurity and highlights ongoing challenges as well as the importance of safety-focused
frameworks.

The paper by Zhang et al. is a complete survey of the application of Explainable Al (XAI) in cyber
security, including applications of XAl in defending against cyberattacks, challenges such as the
limitation of datasets, problems regarding evaluation metrics, privacy concerns, adversarial attacks, and
future research directions toward improving the effectiveness of XAl in cyber security [21].

Sarker et al., in their paper, analysed Al-driven cybersecurity, elaborating on how Al-based
approaches like machine learning, deep learning, and expert systems help enhance intelligent and
automated cybersecurity services [22]. It offers crucial research directions and allows the researchers
and industry people to work forward to help fight modern cyber threats using advanced intelligent
cybersecurity solutions effectively.
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Sarker et al. and Alves et al. in their paper, suggested that IntruDTree is a machine learning-based
intrusion detection model [22, 23]. It ranks features in terms of importance and helps to simplify datasets
to develop a tree-like anomaly-detecting model. Some experiments show its effectiveness against the
traditional methods in precision, recall, F-score, and accuracy. It may be extended to future works to
apply it on the [oT security.

Collectively, these Al-driven technologies tackle cybersecurity issues much more efficiently than
conventional solutions. They do this through automation of detection and response processes,
improving the velocity and accuracy of threat detection. Understanding the mechanisms and functions
of these Al models will give deeper insights to their use, with special emphasis on their critical place in
building more resilient cybersecurity frameworks [24, 25]. In general, metaheuristic algorithms enhance
the strength and flexibility of cyber-attack detection systems and therefore make them more effective
in a broad spectrum of cyber threats. They ensure that detection systems are not only precise but also
relevant, as attack techniques change with time [26-29].

CONCLUSION

In order to maintain secure digital world, we need to detect cyberattacks. There is a significant
difference between current static security systems and such an Al-powered system for analysing vast
amounts of data at real-time speeds, detecting anomalous patterns, and keeping pace with the evolution
of attack methods. Hence this study proposed Adaptive Multi-Agent Cyber Defence System
(AMACDS). An entirely new approach to Al for cybersecurity is introduced with a decentralized
intelligent agent, that provides dynamic threat defence. Contrary to centralized approaches, the
AMACDS has a network of independent, self-sustained autonomous agents, spread out throughout
layers of a system. The nodes are connected with one another using blockchain-based secure protocols.

Thus, The Adaptive Multi-Agent Cyber Defence System (AMACDS) introduces decentralized
intelligent agents featuring blockchain-secured collaboration, reinforcement learning, deceptive
strategies, NLP for context awareness, and swarm intelligence for self-healing purposes, thus providing
proactive resilient and adaptive cybersecurity against the sophisticated threats.
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