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Abstract—The unprecedented pace of technology has been
significantly influenced by the integration of Artificial Intelligence
(AI). The ubiquity of AI spans various domains, garnering both
criticism and acclaim. Its growing application presents both
advantages and drawbacks in cybersecurity, as it becomes a
standard component in the development and operational phases
of contemporary technologies. This paper provides a compre-
hensive overview of Al utilization in cybersecurity, exploring its
benefits, challenges, and potential negative impacts. In addition
to that, it explores Al-based models that enhance or compromise
security across various infrastructures and cyber networks.
The paper critically examines the role of AI in developing
cybersecurity applications, proposes strategies for leveraging
emerging technologies to counteract Al-generated threats and
vulnerabilities, and addresses the socio-economic repercussions
of the involvement of Al in cybersecurity.
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I. INTRODUCTION

In light of technological advancements and the prolifer-
ation of automation systems, the 21st century is witness-
ing an increasing inclination towards Artificial Intelligence
(AI) across diverse application domains. Factors such as the
dramatic expansion in computing capabilities, the ubiquitous
integration of smart devices, and the swift evolution of busi-
nesses via datafication underscore the potential of Al-centric
implementations. However, as we navigate this era of Al-
driven innovations, concerns regarding the security and well-
being of human society rise concomitantly. Considering the
breadth of Al-centric applications, this paper is narrows its
focus on the vulnerability, opportunity, and growth of Al in
Cyber Security domain. The definition and motive of cyber
security varies among diverse organizations and standards
around the world. According to the ISO/IEC 27032:2023(en)
Cybersecurity—Guidelines for Internet security, Cyber Secu-
rity refers to the practice of safeguarding internet-connected
systems, including hardware, software, and data, from cyberat-
tacks, damage, or unauthorized access. It encompasses a range
of processes, technologies, and controls designed to protect
systems, networks, and data from cyber threats [1]. In such
a case, safeguarding means keeping cyber risks at a tolerable
level and protecting as many assets as possible. Incorporating
cybersecurity is not to only secure the perimeters, but rather to
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identify the value of the assets under threat, localize the threat,
and then prioritize the actions to build a defense-in-depth
framework that ensures continuity of service [2]. In recent
years, Cyber Attacks have targeted critical infrastructures, such
as water supply, petrochemical installations, nuclear power
plants, and transport infrastructure systems, to provoke power
outages and compromise sensitive data [3]. In addition to
rising threats, the convergence of IT and OT has increased
the intricacy of the technical system due to the integration
of physical devices and networked software and sensors. IEC
recommends building cyber resilience from such intricacy and
vulnerability through holistic approaches involving processes,
people, and technologies, like Al [2]. However, Al-driven tech-
nologies have both positive and negative implications when
incorporated with cyber security. While a part of Al buttresses
the cyber resiliency, a counterpart trusses the infiltration.
Research on Al-based applications is vastly diverse, though the
security concern is far greater than precautions measures. The
survey on cyber defense provided insights into the expectation
of utilizing Al to automate the system to analyze the vast
amount of data and perform critical inspections to identify
cyber threats [4]. The study advocated for the neural network
models to strengthen cyber resilience in military applications,
and yet after a decade, the researchers are still exploring the
opportunities and threats of using automated Al. The rest of
the paper is prepared as follows: Section II discusses how
Al-driven technologies evolved from the earlier novel stages
to the modern current stages in the field of cyber security
over the years. Section III includes the details of modern Al
techniques and cybersecurity applications. Following that the
challenges with the Al-integrated system for security measures
are discussed in Section V. The threats of the same technology
in the cybersecurity domain are also mentioned in Section
VI. The paper concludes in Section IX following the future
prospect of Al in the cybersecurity domain in Section VIII.

II. EVOLUTION OF AI IN CYBERSECURITY

Growing technology allows the rapid growth in Al evolution
in the 21st Century. However, different decades of research
contributed to the current expeditious Al development. The
groundwork was laid by Alan Turin in the mid-20th century
by the introduction of the Turing test to evaluate intelligence
in machines [5], and later furnished by John McCarthy to
introduce the concept of generality in AI [6]. Though it
was later in the century when conceptual theories became
tangible implementations, these developments have continued
to steer forward. During the 1990s, the world of technology
encountered increasing computation power and promising de-
velopment in data generation and processing systems. The
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concept of Machine learning started to become prevalent
and prominent in every other field of applications. The de-
velopment of the internet with an exponential increase in
computational capability in processing technology illustrated
the true potential of Neural Network (NN) architecture with
its capability of complex analysis [7]. During the same time
in the late 1900s, the U.S. military urged the need for Al,
to secure National Information Infrastructure (NII). Though
the paper focused on the border security perspective of the
spectrum of threats ranging from internal to transnational
attacks, and the interconnected nature of military, government,
and civilian information systems, the emphasis on improved
measures to cope with the constantly evolving technology
is crucial for maintaining the relevance and effectiveness of
NII. AI was recommended for network intrusion detection
and managing the cyber attack impacts as it can assist in
analyzing vast amounts of data to detect attack patterns,
and attack signatures, inform network intrusion tools, and
improve decision-making capabilities. At that earlier stage
of Al, the National Infrastructure Protection Center (NIPC)
planned to integrate Al-based software developed by Sandia
National Laboratories (SNL) into the Arms Control Treaty
Monitoring System (ACTMS) where the developed embedded
system was modeled with Intelligent Agent Sensors to detect
attacks in critical infrastructures [8]. Entering the 21st century,
progress took an appreciable shift from a steady state to a
rapid sprint with the emergence of Big Data and sophisticated
Al models. Improved algorithms, alongside the evolution of
hardware capabilities like Graphics Processing Units (GPU)
[9], enabled Al to process and learn from this data deluge with
unprecedented efficiency. The foundational theories of Al were
often motivated by statistical methods in that time domain, as
those methods demonstrated decent performance with security
event management tools for network monitoring and anomaly
prevention. Building anomaly network intrusion using packet
filtering, pattern matching, and flagging logs of events, the
statistical models were utilized to develop intrusion and
prevention mechanisms by observing significant deviations
from normal or expected behaviors. Hierarchical Intrusion
Detection System (HIDE) and the Generalized Anomaly and
Fault Threshold system (GAFT)) were proposed to motivate
statistical preprocessing and neural network classifications to
detect network threats and faults [10]. The model used in
HIDE consists of activity profiles generated and classified by
several probability density functions. These profiles in turn are
characterized to determine normal behavior in the monitored
parameters. With its significant possibilities, there were still
some limitations with statistical models. When dealing with
cybersecurity data, there are numerous nonstationary network
traffic involved in the system monitoring mechanisms. And
since the network traffic patterns can alter over time that
may become challenging for statistical models that depend
on historical data to perform predictive analysis or anomaly
detection. These functionalities of working on known patterns
and historical data can also contribute to inefficiencies in
detecting unprecedented types of attacks, commonly referred

to as zero-day attacks. Moreover, the implementation of so-
phisticated models can require extensive computational power
that may result in resource-intensive operations in large and
complex network environments. Limitations of such statistical
models can be resolved with more advanced network models
governed by Al technology to better deal with the uncertain-
ties and incompleteness in malicious data and unpredictable
patterns in cyber attacks. Bayesian networks initially started
to adapt to such complexities which were addressed by the
Bayesian ontologies to enhance cybersecurity measures [11].
Bayesian ontologies and probabilistic reasoning from the
Bayesian network can address cybersecurity challenges by
achieving semantic interoperability among different systems
and enhancing knowledge sharing. As evolving cybersecurity
data can be significantly noisy and irregular, the uncertainty
can be represented by ontologies in a principled manner. The
probabilistic ontologies further build up standard ontologies
by presenting constructs to relate statistical regularities and
probabilistic interrelationships in a domain of application.The
integration of such probabilistic constructs with Web Ontol-
ogy Language (OWL) is proposed to highlight the balance
between expressiveness and traceability in representing those
uncertainties [11]. In cybersecurity, identifying and analyzing
threats often involves interpreting patterns and anomalies in
data. Probabilistic ontologies can improve this process by
providing a framework for understanding the likelihood of
certain events or behaviors, which is crucial for detecting
potential security breaches or attacks. Capturing and com-
prehending the uncertainties for security analysis is essential
for cyber security. As traditional graph models have limita-
tions in supporting network defense mechanisms because of
their limitation to address unknown vulnerabilities in real-
time, the Bayesian network was utilized to overcome these
challenges [12]. The graphical representation of the cause-
and-effect relationship between events in the Bayesian net-
work was illustrated as effective for uncertainties including
unprecedented attack patterns, imperfect sequence of exploits,
and limitations of anomaly detection sensors. The authors
illustrated this model can amount to the causal relationships
in cyber attacks and conditional probability tables (CPTs) to
capture the likelihood of known and unknown attack scenarios.
While the paper suggests that the Bayesian Network model
should not be too sensitive to perturbations in parameters, but
in practice, the Bayesian network highly relies on conditional
probabilities to form the causal relationship between events.
Small changes in those probabilities can significantly perturb
the parameters and the outcome of the predictability. This
sensitivity can be a drawback in a rapidly evolving field like
cybersecurity, where the threat landscape changes quickly. To
defend against these dynamic changes Adversary Courses of
Action (ACoA) based on classical Al planning was proposed
which is a sequence of exploits mapped from the initial
state to the final action consisting of goals of an attacker
[13]. The paper discusses the Behavioral Adversary Modeling
System (BAMS) to simulate possible actions of insider threat
using Hoffmann’s METRIC-FF planner and Planning Domain



Definition Language (PDDL) to model a simplified Document
Management System (DMS) and generate Courses of Action
(COA). This method is then able to simulate the prompt
generation of intricate threat models that can assist operators in
predicting vulnerabilities and malicious acts of insider threats.
During the early decade of the 21st century, rule-based sys-
tems were predominant in detecting anomaly patterns related
to cyber threats. Intelligent Threat Prevention and Sensing
Engine (ITPSE) architecture was proposed during that time,
which supported different rule bases generated from expert
knowledge systems and live traffic monitoring. The framework
consisted of two engines; the Intelligent Threat Sensing Engine
(ITSE) and the Intelligent Prevention Engine (IPE) [14]. The
authors also discussed the need for an Intelligent Assistant
System (IAS) architecture that includes a multidisciplinary
approach of integrating traditional statistical models with Al
techniques like data mining, fuzzy logic, and neural networks
for better efficiency in security analysis. Al agents were
introduced for advanced World Wide Web (WWW) interface
computing to improve the interactions among heterogeneous
computing environments [15]. The use of cybersignatures in
such mobile computing allowed enhanced authentication and
security. The authors further discussed innovative authenti-
cation techniques with intelligent trees, and agent language
processing to develop robust methods for web interactions.
Emphasizing the temporal and spatial information of network
traffic, Genetic Algorithm (GA) based Al rules were generated
to detect network intrusions with Al-rule integrated IDS [16].
In this intrusion detection, different processes like the trans-
lation of network relations and traffic patterns into the rules
with the help of GA were introduced relating the stages of
chromosome evolution through selection, recombination, and
mutation. As the anti-virus scanner becomes less effective in
detecting diverse and voluminous malware, such as viruses,
Trojan horses, and worms, a framework was proposed to facil-
itate malware behavior threat analysis by clustering known and
unknown malware [17]. The proposed method uses a machine
learning-based Vector space model for efficient computation to
assign vectors as behavioral patterns. The framework monitors
system calls and actions and uses a Malware Instruction Set
to encode those calls and arguments using numeric identifiers.
Though the mechanism does not completely eliminate the
malware threats, it enhances the capability to characterize and
mitigate novel malware developments efficiently. Al advanced
to a mature and specified prevention mechanism since the
2010s by assigning more proactive approaches than reactive
measures taken in the earlier decades. Initially dependent on
the rule-based practices in cyber security with Al, the modern
techniques took a shift from traditional machine learning
models to more dynamic and adaptive Al learning strategies
to provide cybersecurity solutions. Meanwhile, modern Al
systems can analyze and operate with vast amounts of data
in real-time to offer more comprehensive security coverage
compared to the scarcity in scale and complexity in earlier
models. However, as Al technologies become much more
proactive and efficient, the adversarial Al started to evade

detection or generate sophisticated attacks as explained further
in Section VI. To classify traffic data and detect system log
anomalies, a Transformer model-based detection mechanism
is proposed and shown to be a better performer than contem-
porary RNN and LSTM models [18]. While LSTM or RNN-
based models can analyze long sequential data patterns, the
complex relationship among the long patterns can be more
effectively realized and analyzed by Transformer models. The
self-attention mechanism also reduces the computation cost
and enhances the complex anomaly patterns by capturing the
relationship in the patterns [18].

III. MODERN CORE Al TECHNIQUES IN CYBERSECURITY

Al, as a broad domain with cutting-edge technology, has
different subcategories that are molded to facilitate cyberse-
curity applications. Machine Learning (ML) algorithms, Deep
Learning (DL), NN, Expert Systems (ExS), and Natural Lan-
guage Processing (NLP) are some of the specific models of Al
The use of these Al-based algorithms can address significant
challenges associated with unprecedented and polymorphic
attacks in Cyber Space (CyS) a lot more efficiently than the
ones taken in conventional methods. Yet, to truly grasp their
value and impact, it is essential to explore the underlying
mechanisms and operations that power these techniques to get
a better insight into their application in CS.

A. Machine Learning Models

Without being specifically programmed, Machine learning
models enable machines to provide decisions or predictions
based on the mathematical representation of curated data.
Preprocessing the data before feeding it to the ML is the very
first step to empowering artificial intelligence in cybersecurity.
The mechanism is often interpretable and generates insights
into the data by feature importance or ranking the most
important features. To make suitable and accurate decisions
to detect anomalous behavior, comprehending model decisions
is crucial in these methods. Feature engineering follows suit
after the processed data and then trained data assists in
detecting anomalies or outliers in the malicious patterns [19].
The simple form of ML makes it computationally less costly
than the DL models, and hence lack proper performance to
analyze complex patterns and long sequence of data to identify
anomalies. However, DL models are commonly known for
their intricacy and lack of interpretability, which can make
it challenging to explain their decisions. ML models can
excel in such applications where transparency is indispensable
[20]. To defend against Distributed Denial-of-Service (DDOS)
attacks on the emerging Internet of Things (IoT) devices, a
robust intrusion detection system, IntruDTree, was proposed
with ML-based models [21]. The paper emphasized the use
of ML, especially tree-based models that can learn from
the security datasets preprocessed from IoT devices. The
use of IntriDTree enhances the IDS decision-making process
and reduces computational complexity by leveraging smaller
feature dimensions and ranking essential features based on
their importance. Compared to other traditional ML models,



tree-based models are shown to be more effective than general-
ized intrusion detection models. However, with the emerging
volume of network traffic, and data communication due to
rigorously integrated computing devices with communication
capabilities, ML models lag behind DL in terms of dynamic
detection mechanism; hence the technological shift towards the
DL models to enhance network monitoring and cyber security
[22].

B. Deep Learning and Neural Networks

The basic structure of deep learning consists of an input
layer, a hidden layer or layers, and an output layer. Depending
on the computational layers’ arrangement and interconnection,
several potential models were developed over the years [20],
[23], [24]. The core idea behind the deep learning models is
the critical comprehension of neural networks in the human
brain. How different neurons interact with each other to make
decisions proactively to known and unknown events, is the
essential functionality in modeling the deep networks. Hidden
layers in artificial neural networks (ANN) can consist of mul-
tiple layers to train the network to adapt to complex patterns
and provide efficient analysis based on relative data. The
most common architecture of deep learning, Convolutional
Neural Network (CNN), gained widespread recognition for
its efficiency and brought unprecedented achievement through
the concept of deep learning. The limitations of the CNN
were realized and mitigated by the Recurrent Neural Network
(RNN) which is able to regain the information lost in the
hidden layers due to the concept called gradient descent [25]
with the help of loops in the network. The most cutting-
edge technology with the concept of RNN is the Long Short-
Term Memory (LSTM) networks and Autoencoders, which
have cells to regulate the flow of information and decoder
to reconstruct the output from the compressed representation
of the input respectively [26], [27]. Rather than sequential
processing of RNN and LSTM, Transformer models use the
self-attention mechanism to capture long-range dependencies
in data [28], which is highly efficient in analyzing sequential
yet complex data patterns in network traffic to detect sophisti-
cated cyber threats. These different deep learning models are
used to build proficient anomaly and IDS to identify intricate
patterns and anomalous behaviors. The models are capable of
learning from large datasets to comprehend potential security
breaches, classify the types of threats, and identify both known
and unknown anomalies. In the environment of a Software
Defined Network (SDN), a flow-based IDS was proposed to
process network packet information using DNN [29]. SDN
allows global network overview and dynamic updating of
forwarding rules to support a robust detection mechanism
for even unknown threats. With the increasing integration of
computing devices, such as Electronic Control Units (ECU), in
safety-critical vehicles, Controller Area Networks (CAN) are a
major security concern in in-vehicle networks. To address the
vulnerability in the ECU-ECU message broadcast, an unsuper-
vised deep belief network (DBN) based IDS was proposed to
enhance the detection ratio in CAN. Compared to traditional

ANN-based IDS which utilizes predefined attack patterns
or specification-based approaches to identify anomalies, the
proposed DBN was shown more effective with unknown
patterns during an attack by classifying statistical patterns and
mapping complex non-linear relations. Traditional ML often
struggles with the mutation in big data analysis whereas DL
models are capable of extracting minor perturbations from
complicated features. Emerging IoT devices often encounter
small mutations in attack patterns that can be vulnerable to
the associated system, but the use of DL can enable capturing
covert malicious patterns for their self-learning and compres-
sion abilities [30]. In network traffic, the data is usually
sequential in nature, hence the use of RNN can enhance the
capability of IDS because of the model’s ability to remember
past units that can help in historical data analysis for more
informed decisions [31]. Moreover, RNN can capture temporal
dependencies and patterns in sequential data to better deal with
high-dimensional features to classify specific patterns of cyber
attacks [31]. Considering the advantage of managing long-
term dependencies in data, LSTM-based IDS can maintain
well-balanced high detection rates and minimal false alarm
rates [32]. For a very long sequence of data, RNN can face
a vanishing gradient problem during training that results in a
poor detection mechanism. On the contrary, a variant of RNN,
LSTM processes the long sequence with the in-build gating
mechanism that allows for retaining valuable information from
the long sequence of data during training and counteracts the
limitation of RNN [33].

C. Expert Systems and their relevance

Being a subdomain of AI, Expert Systems are computer-
based systems that emulate problem-solving and automated
decision-making processes based on the combination of expert
human knowledge-based systems and rule-based inference
engines. The advisory capabilities of Expert System amplify
the resiliency and robustness of the system in the context of
cybersecurity [34]. Rule-based IDS are a common example of
this concept where predefined rules are set in the detection
process to monitor the abnormal behaviors in the network
or system. As soon as traffic matches a rule or set of rules,
the operators are informed of the anomaly to make prompt
decisions. These rules or heuristics help to identify the traces
of suspicious patterns in both system logs to provide offline
security service and in live traffic monitoring systems to alert
for anomalies. Rules and decision-tree-based IDS, RDTIDS,
was proposed to classify malicious and benign network traffic
with the embedded rule-based expert system and decision-
tree approach [35]. This hybrid detection mechanism uses a
three-tier fog computing framework, decision tree modeling
with REP Tree and a rule-based classifier with JRIP that
composes the first two parallel processes and feeds to the final
classifier built with Forest PA to refine the findings which
results in a more accurate representation of complex data
patterns. Another comprehensive rule-based IDS with Java
ExS Shell (JESS) that provides rules for the Pattern-based
Intrusion Detection Engine (PIDE) is proposed to analyze user



behavior in the system [36]. The proposed PIDE acts as an
ExS to identify suspicious behavior based on a defined set
of rules as a pattern recognition engine. Integrating the DL-
based classifier into the Rule-based feature selection method,
a hybrid expert system model can achieve higher performance
in detection rate and lower false positive ratio (FPR) [37]. In
industrial IoT applications, ExS can prove to be beneficial in
cybersecurity management by providing efficient monitoring
of the vast amount of traffic. In the proposed hybrid architec-
ture, the rule-based feature selection significantly reduces the
subset of trained features and improves the DL-based classifier
performance [37]. ExS plays a crucial role in cybersecurity by
leveraging expert knowledge and rule-based reasoning to en-
hance security operations, threat detection, incident response,
and compliance management. They serve as valuable tools
for organizations striving to maintain robust and proactive
cybersecurity measures.

D. Natural Language Processing

Abundant information flow online in social media and web
pages motivated the analysis and interpretation of unstructured
textual data to get concurrent trends in cyber threats and threats
from social media sentiments. NLP models aim to extract and
isolate those threat reports and malware code inserts from
textual analysis. It helps to parse and extract relevant infor-
mation to aid the identification of incidents from security logs
[38]. Identifying phishing emails are widespread concern to
avoid personal information leakage, like bank account details,
social security numbers, and user passwords. Contemporary
ML models lack accuracy in this domain due to the reliance
on manual detection of representative features and DL models
face similar challenges due to the deficiency of embedded
words in the model for proper content representation in an
email conversation. NLP can be integrated with this ML
and DL models for efficient classification of email contents
to efficiently identify phishing attacks [39]. Based on the
cognitive analysis by ML models, NLP was used to create
domain ontologies using a two-fold approach: symmetry stage
and adjusted machine stage [40]. Based on the Ontologies, a
prototype, defined as cybersecurity analyzer, was generated to
obtain a detailed architecture with essential components and
an implementation initializer. The structure is formed in four
stages; first the the input as a document, which goes through
the ML-based cognitive analysis, followed by data storing and
visualizations to finally REST APIs to integrate all these func-
tions. The cyber analyzer can efficiently analyze cyber docu-
ments for forensics and malicious entity identification using
NLP methods. Due to the colossal volume of web content and
open-source texts, security analysts regularly confront obsta-
cles to discovering cyber threat-related content online within
optimal time. To address this issue, an automated system to ex-
tract threatening cyber content from publicly available online
data is proposed using a naturally embedded method, referred
to as Doc2Vec [41]. The embedded method uses a natural
language processor as a filter to isolate the cybersecurity-
specific contents from feed data. NLP reduces the need for

guided intervention in the midst of regular operations by
analyzing unstructured data like security content, operation
logs, and threat intelligence and providing valuable insight
to the cybersecurity specialist to perform preventive actions.
A study was performed to list the different attack patterns in
the Common Attack Pattern Enumeration and Classification
(CAPEC) database to assist cybersecurity experts in analyzing
the suggested attack events for proactive measures [42]. The
study utilizes topic modeling, in which several unstructured
topics are grouped to make a single comprehensible structure,
to bring out hidden vulnerable information from the attack
description in the database. Different stages of the filtering
process involve generating a topic model, creating a term-
frequency vector, and estimating the posterior distribution
of topics before evaluating the KL divergence between the
topic distribution of the corresponding system and the corre-
sponding attacks. The entire process thus ensures the enriched
performance of practical cyber security threat detection and
assessment. CyberAttack Sensing and Information Extraction
(CASIE) was proposed to further enhance the applicability of
NLP in cyber threat identification from textual forms as the
system was modeled to keep the general public informed of the
cyber events through knowledge-based graph representation
in different online articles [43]. CASIE was trained on a
tremendous amount of news articles to label several vulnerable
events, like Databreach, Phishing, Ransomware, Discovering
Vulnerability, and Patch Vulnerability, including their semantic
roles and several event-relevant argument classes. Along with
the beneficial applications, NLP’s models can lack accuracy in
performing cyber threat analysis because of their dependence
on the quality and representativeness of the training data,
which can be a limiting factor.

IV. OPPORTUNITIES AND ADVANCEMENTS

The widespread adoption of Al techniques across various
applications holds tremendous potential for addressing numer-
ous socio-economic and environmental challenges. However,
to fully unlock this potential, it is imperative to prioritize
research efforts aimed at securing these technologies. One
of the critical areas garnering substantial research attention is
adversarial machine learning [44]. A sustained and dedicated
focus in this domain is crucial as it plays a pivotal role
in ensuring the reliable proliferation of transformative Al
technologies. As Al continues its integration into diverse
facets of human activities and daily life, the development
of robust algorithms takes on paramount importance. These
robust algorithms are not merely desirable but absolutely
essential for fostering a future characterized by innovation,
safety, and security. Thus, nurturing advancements in adversar-
ial machine learning will fortify AI's foundation, enabling its
responsible and secure deployment to tackle pressing global
challenges while safeguarding individuals and organizations
from potential risks. Al has made remarkable notes in im-
proving cybersecurity applications through its contributions to
threat detection, response, and prevention. Machine learning
and deep learning algorithms are leveraged to analyze exten-



sive datasets, assisting in the identification of patterns and
anomalies for timely threat detection. Furthermore, Al-enabled
systems improve the routine security tasks of the automa-
tion industry, enabling cybersecurity operators the opportunity
to dedicate their expertise to more interactive challenges.
Powerful security measures are also implemented through
Al-powered authentication methods, such as biometrics and
behavioral analysis [45], [46], which effectively defend against
unauthorized access. Moreover, Al exhibits the capability
to adapt rigorously to the ever-evolving threat landscape,
ensuring proactive actions in cybersecurity defense methods
improvisation, collectively reinforcing cybersecurity protocols,
and safeguarding critical data and infrastructure within the
context of our increasingly interconnected digital world. Fur-
thermore, the influence of artificial intelligence (AI) on the
field of cybersecurity extends far beyond its traditional role
in threat detection as Al empowers organizations to conduct
predictive analysis, effectively identifying vulnerabilities and
potential attack vectors [47]. This proactive approach en-
ables organizations to address security weaknesses preven-
tively. Additionally, Al-driven technologies enhance incident
response, enabling organizations to swiftly mitigate the impact
of cyberattacks. The contribution of Al is not limited to
threat detection; it also plays a crucial role in user behavior
analysis, facilitating the identification of insider threats and
unauthorized activities within organizational networks [48].
The capacity for large-scale data processing and the generation
of actionable insights has ushered in a transformative era
for cybersecurity. This technological advancement enhances
adaptability and proficiency in defending against increasingly
sophisticated cyber threats. As Al continues to advance, its
role in safeguarding digital assets and ensuring privacy will
become ever more critical in today’s interconnected digital
landscape. Host-based and Network-based IDSs are the most
widespread applications to address the cybersecurity concerns
in almost every field of application. The following sections
categorically outline the contributions of various Al techniques
in enhancing cybersecurity measures, providing details on their
formation and methods.

A. Anomaly Detection

Deviation from normal behavior, which is defined by the
specific organizations and resiliency requirements, is identified
and mitigated through the utilization of diverse statistical
models. The pattern recognition of the attack vectors through
these models helps the security personnel to make efficient
decisions in a timely manner. However, often the model is used
in amalgamation of other methods to realize the true nature of
the threat and address the proactive analysis. A hybrid model
with a Gaussian Mixture was proposed for anomaly detection
with the integration of misuse of network detection using the
decision tree model [49]. The model takes account of the in-
consistencies in the dataset or logs that can lead to misguided,
or even worse, high false rates in the detection mechanism.
The decision tree facilitates the conditional statement-based
rules to separate the anomalous pattern from the normal ones.

The best attributes from the decision tree model are used to
make the final decision on choosing the usual pattern and
isolating the pre-defined attack patterns. In the decision tree,
each normal leaf is modeled using Gaussian Mixture Models
(GMM). This approach posits that observations originate from
multiple Gaussian distributions, the parameters of which are
not predetermined. These parameters are estimated through
the Expectation Maximization (EM) algorithm. This method
is notably efficient in identifying attacks that bear resemblance
to normal distribution patterns. The hybrid model classifies the
normal pattern of data into multiple subsets to better compre-
hend and analyze the normal pattern to identify attack patterns.
The inclusion of IoT devices in smart grid systems sometimes
bears the responsibility of making the Advanced Metering
Infrastructure (AMI) vulnerable. Where traditional methods of
securing the AMI fail to address the vulnerability properly, the
GMM-based detection mechanism can improve the system by
addressing the reliance on external knowledge and a predefined
threshold [50]. The capability of GMM to cluster historical
data to define different ranges of normal patterns enhances the
detection of malicious events without dependence on external
inputs and with robustness against data fluctuations. Compared
to the Hidden Markov Models (HMM), GMM does not require
specific training data or predefined knowledge and thus is
highly robust against frequent data fluctuations to identify
anomalous data [51]. To develop a smart city with lots of
ICT devices, IoT communications, and cloud-connected data
storage systems, Al-integrated models can be embedded at
various levels of the system to enhance anomaly detection.
A hybrid model with centralized to distributed architecture
represents the necessity of Al-based ML models to secure
edge-to-cloud networks in smart cities [52]. The architecture
addresses the attacks on distributed computing devices with
the facilitated ML-integrated SDN network with cloud-based
services. The cooperation of SDN, multiple controllers, and
ML methods at the edge networks ensures better security from
malicious or abnormal data and identifies corrupted system
resources. Often cooperation of expert systems extends the
performance of the detector by feedback on the accuracy and
detection results from system analysts, and operators, enabling
the Al model to learn from the human in the loop system.
An ensemble tree-based technique with an Isolation Forest
anomaly detector was proposed with the ExS for distributed
system [53]. The model uses expert feedback to enhance the
understanding of the attack patterns and the detection process
by reducing false positives and increasing accurate attack
pattern identification. External flow of data for instance, in
content delivery networks, the Al-integrated models (including
both Isolation Forest and GMM) are efficient as well in
detecting attacks such as DDoS and Cache Pollution Attack
(CPA) [54]. While ML and statistical methods with expert
systems have widespread applications in cybersecurity, NN-
based LSTM model is also prevalent in numerous anomaly
tool detection and attack prevention methods [55]-[57].



B. Signature-based Detection

To detect more salient features in the data pattern with
time-dependency and time-urgency, the use of signature as
an attribute for the detection mechanism is quite popular in
the literature [58], [59]. Subdivided into two mechanisms,
signature-based models work with either the ruleset that
defends against unknown or undefined activities in the net-
work or with the patterns to isolate the abnormal behavior
instances from the normal traffic [60]. In rule-based models,
the predefined set of rules dictates the filtering of attack
and normal patterns in data, where the most popular tools
for such detection are Snort, Suricata, Zeek, etc [61]. Apart
from these open-source IDS tools, there are multiple other
rule-based methods developed, one of which is a Fuzzy rule-
based model for hazard identification in cross-country product
pipeline system [62]. The model utilizes a Fuzzy Rule Base
(FRB) approach with Grey Relations Theory (GRT) to address
imprecise, uncertain, or subjective information to implement
more nuanced and adaptable risk analysis in a complex and
unpredictable environment like in a pipeline system with
limited data. Increasing phishing, business email exploitation,
and ransomware have been noticeable during pandemics. Rule-
based Fuzzy Logic and Data Mining techniques are used
to minimize the impact of potential adversaries and threats
[63]. In pattern-matching methods, the deviation from the
normal and historical data is measured, and the ability to
detect even the slightest deviation from properly addressing the
pattern type is challenging yet has been done with different
models, like Absolute Median Deviation (AMD) for refined
detection and prevention process [58]. In the historical data,
known attack patterns, unharmful events, and Logs of different
categories of events are documented and processed with a
pattern recognition mechanism to make effective decisions on
the real-time unknown data. Pattern-matching methods are also
integrated with multiple other techniques to incorporate the
required analysis and enhance the capability of detection, as
described in the development of Digital forensics face pattern
recognition using PCA, NN, and GA integrated model [64].
After dimensionality reduction by PCA, NN, and GA are
utilized for optimized pattern matching in this federated model.

C. Cloud Security and Encryption

Cloud-based data communication within infrastructure, dif-
ferent applications, and databases requires utmost importance
in terms of secure authentication, resource access control,
and privacy protection. An energy-efficient industry-scale data
management in an IoT environment is proposed utilizing
EEIBDM framework [65]. This framework enables a digital
twin system with a virtual representation of Industrial IoT-
based big data management and combines reinforcement tech-
niques and federated learning to strengthen cloud security.
By employing DNA-based Huffman coding in the encryption
process, a more complex and less predictable method of
encoding data was inspired by biological resilience [66]. The
proposed method greatly improves the security and robustness
of the cloud by encrypting data with DNA-motivated Huffman

coding rather than traditional binary coding. Internet of Ve-
hicles (IoV) is designed to have interconnected entities, like
sensors, and traffic management systems, which are highly
vulnerable to data transmission attacks if not secured properly.
An efficient encryption algorithm is proposed, EAST, with
steganography to conceal the encrypted data to provide multi-
layer Al-driven protection from such cyber attacks [67].

D. Incident Response & Mitigation

As the detection and security monitoring techniques assist in
identifying the adverse events, the subsequent actions require
the analysis of the encountered threat and responding to the
vulnerability. AI has not only contributed to the detection
methods but also to the prevention and attack response mech-
anisms in modern technological infrastructures. Increasing
interest and development of automated infrastructures involve
the security concerns that are effectively addressed by Al
models like statistical decision trees [49] to reach the best
optimal decision, or NN models to automatically resolve
anomalous events after detection [56]. Al can also enhance
endpoint security by real-time monitoring and assessing events
from endpoint devices for potential malicious activities or
detected infiltration [68]. Such a prevention mechanism is
able to assist in the timely identification and neutralization
of vulnerabilities at the device level, mitigating the impact of
the threat across the whole network. In wireless sensor net-
work deep learning models are leveraged to identify potential
threats in the network followed by the CNN based prevention
mechanism to almost perfectly preventing the sensor attacks
[69]. Phishing attacks consisting of interaction with malware
software or social engineering causes great deal of damage in
infiltrating the network and system. To prevent such adversity,
the provision of Al driven training and assessments to the
operators can yield massive improvement in prevention mech-
anism [70]. As the modern attackers are increasingly using
Al to their benefits, the contermeasure would be as effective
as with the inclusion of the similar Al technology to defend
against sophisticated attacks. Along with these preventive
analytics, the Al technology assist in adaptive decision making
process to make a more interactive prevention mechanism to
adapt with the ever changing attack vectors and strategies. An
intelligent Al based Decision Support System was proposed to
enforce risk management decision support for critical indus-
trial infrastructures. The decision model encompasses Al based
strategies such as multi-criteria analysis, causal networks,
, and knowledge engineering to support complex industrial
installations. Sensor and historical data based model helps
to facilitate threat prevention, protection, and mitigation for
potential multifaceted cybersecurity concerns [71].

E. Threat Intelligence & Deception Technology

Advancing from the active protection mechanism to more
proactive methods, modern security management systems of-
ten allow vulnerable spots within specific parts of the in-
frastructure or tracking mechanisms within the system to
capture the behavior or data flow from cybercriminals. The



method of luring the adversaries is often referred to as "Honey
Pot”, which assists the system analysts in gathering important
information on the attack signatures and tactics of attackers.
The analysis from Honey Pot can further be used to model
the IDS or even to divert the attack from essential targets
[72]. The data occupied by the Honeypot mechanism is a rich
source of real-time threat intelligence. By analyzing this data,
security analysts and forensic specialists can isolate new attack
patterns, malware injection techniques, and exploitation trends
[73]. As security measures need continuous updates to keep
up with the modular improving attacks, threat intelligence is
crucial for ensuring cyber resilience and staying ahead of at-
tackers. In [73], the proposed AttackKG system automatically
extracts and analyzes attack patterns from unstructured Cyber
Threat Intelligence (CTI) reports. The analysis is redirected to
the knowledge graphs to create templates and a revised graph
alignment algorithm to modify the identification techniques in
the system. The ability of Al in such an environment with
a large volume of unstructured data improves the accuracy of
threat detection, reduces manual interventions, and exemplifies
the prospect of Al in preventing sophisticated cyber attacks.

V. CHALLENGES IN IMPLEMENTING Al

While the opportunities are yet to be realized entirely,
Al technologies are becoming more and more part of the
developing applications, algorithms, and even human society.
The progress is often hindered by certain challenges and
limitations of Al in cyber security. One of the major con-
cern is that the models and strategies discussed and even
beyond the discussion in this paper depends highly on the
quality of data and availability of massive amount of data to
learn representation of the optimal patterns. Without proper
knowledge of the system through massive and quality data,
Al can lack in performance to defend against unprecedented
cyber threats. Understanding these limitations are cruital for
associating efficient operation of Al. There are several recent
techniques to work on smaller dimension and scale of data
to learn the patterns, although the diversity of data is signif-
icant to accurate predictive analytics or threat prevention or
detection mechanism. Algorithms, such as, Transfer learning,
Data Augmentation can successfully train on specific data
patterns to assist in the detection process, yet, their lack of
training on diverse patterns can undermine the performance
in real time [74], [75]. Few Shot learning, active learning
methods can work on real-time data with small datasets,
but again needs a lot of diversity in the data to properly
address real world attack events with continuous modification
in the strategies to infiltrate and damage the normal operation
[76], [77]. In the proposed few shot based anomaly detection
model [76], category-agnostic is associated to aggregate data
from different categories. The model compares the normal
registrated features with the new ones to find dissimilarities
in the image data with the help of statistical distribution
estimator. While the model intends to generalize the categories
with few short learning, it might be infeasible to the real
world novel data patterns or different unseen category, which

is usual for sophisticated attacks. Considering the required
abundant data for accurate decision making and results, the
large amount of data storage are also vulnerable to privacy
breach and security risks. Frequent monitoring of the base
raw data which is utilized to provide dynamic detection
and prevention strategies in the system is computationally
expensive and requires utmost security and robust manage-
ment. It is reported that in 2021, with botnet, more than 80
million data breaches tool place and the number of that is
increasing in exponential rate till now [78]. Another hurdle for
the operation of Al is in real-time system behaviour control
and management. As cybersecurity measure usually demands
prompt response and prevention, the minimal delay between
detection and prevention using Al can cause serious damage
to the system while urging for real-time defence to be effective
[79]. Though Particle Swarm Optimization (PSO) was shown
to demonstrate higher accuracy with lower speed of detection
and prevention compared to the traditional advanced models
like the genetic algorithms and ant colony optimization, the
lack diversity in the trained data set is absent in the analysis
to develop comprehensive response to the complexity of speed
vs accuracy [80]. The compromise follows another challenge
which is the ability to properly address the avolving threats in
the modern era with increasing access to Al technologies like,
Generative Pre-trained Transformer (GPT) [81], Bidirectional
Encoder Representations from Transformers (BERT) [82], and
abundant online resources on hacking [83] etc. Evolving nature
of cyber attacks makes it quite difficult to the developers and
challenges the capability of AI based methods to perform
reliably against the unprecedented events or sophisticated
strategies [84]. Unknown attacks, commonly referred to as
Zero Day attacks, are the most notorious one to harm the
respective system if not identified timely and mitigated effi-
ciently, in which signature based Al detection methods lag
in performance. Nowadays, the attackers are as subtle as
possible to stay inactive in a network by only eavesdropping
for even several months before performing the targeted attacks.
These stealthy, sophisticated, long-term cyber attacks, known
as Advanced Persistent Threat (APT), can evade traditional
security measures quite easily [85]. The attackers in APT
can take remote control of the devices and cause severe
internet threat. These covert, advanced, and persistent nature
of the attacks are able to generate massive destruction to the
critical infrastructures and particularly difficult for traditional
Al based methods to defend against as seen in multiple events,
like, Struxnet, BlackEnergy Attacks in 2015 [86], notpetya
attack in 2017 [87] and so on. A game theory approach
was proposed to address multiple attackers with multiple
defenders instead of traditional focus on single attacker-single
defender using multi-agent deep reinforcement learning to
address the APT [88]. However, the method is more complex
and computationally expensive than the traditional counterpart,
and also can yield at a slower rate for player learning with the
increasing number of player or states. Ethical consideration
and biases in Al, particularly in the context of cyber security,
are multifaceted and complicated to comprehend. ML, DL,



and NN models have the black box property with lack of
transparency in the interepretibility of the model that can be
questionable and risky in safety critical system or in critical
automated infrastructures. AI models uses ZIP code or other
language attributed for predictive analysis, which can generate
misinterpretations considering the biases present in the data
the model is trained on. Ethical consideration in general
requires the involvement of Human operators, although the
use of Al in consistent decision making is a large concern
without the intervention of human specialists, which leads to
another concern of over-reliance on Al [89]. The continuous
advancement of Al has also led to the misuse of technology,
posing risks to organizational networks and critical systems.
In many cases, the knowledge and capabilities of Al can
be wielded as threats to cybersecurity rather than serving as
a benefit. It is imperative to exercise effective monitoring,
regulation, and control to ensure that Al remains a blessing
rather than a curse in the domain of cybersecurity. Knowleged
about those threat and vulnerabilities are also essential to
maintain the adaptive and proactive defense mechanism to
fight against the notorious portion of Al application to raise
security concenrs.

VI. THREATS AND VULNERABILITIES

Al applications bring significant advantages to the develop-
ment and operation of secure networking and system monitor-
ing, yet the inherent threats and vulnerabilities diminish the
reputation of the technology with the growing interest in Al.
The most infamous use of Al is the negative implementation
of the technology by malicious actors to cause harm to the
automated industry with the very same methods designed to
protect the system. The modular characteristics of Al can
be used to mold the operation into threat and destruction
rather than safety and reliability. The vulnerabilities in the
Al methods in addition to that raise much more security
concerns and pose a threat to exploitation, where attackers
can manipulate the algorithms, invoke abnormal behaviors
in the mechanism, and launch attacks such as adversarial
attacks. The legitimate purpose of Al in such a way is often
diverted by cybercriminals to gain personal benefits. Advanced
phishing attacks, automated hacking, sophisticated fraud, and
manipulations are prime examples of Al targetted attacks with
the help of AI [90]. Al-incorporated attacks can be challenging
to the security of the system as it can adapt to the security
measures to evade the detection, prevention, and mitigation
techniques. Another angle to look at is that Al can be very
much biased as it is still trained on a certain amount of data
with limited distribution in categories. The bias can increase
the vulnerable points in the system to attract the adversaries
to make use of those vulnerabilities. To better design the Al
technology to reshape the cyber security methods to tackle
modern, complex, and sophisticated attacks, the following
limitations need to be addressed properly and more research
is indeed essential for improvements.

A. Adversarial Attacks Against AI Models

The most infamous way to use Al by malicious threats is
to incorporate Adversarial attacks. The foundational block of
such attacks is built on the concept of adversarial learning
or deep learning models. Generally, ML and DL models
function based on the assumptions provided through data
and features to classify normal and abnormal behavior in the
process. The adversarial models make use of that concept to
manipulate those assumptions to change the motive of the
model and cause personified ramifications [91]. The attack
model with adversarial learning initiates with the alteration
of confidentiality in the ML or DL model on which the
security measures or applications are running. By acquiring
the knowledge of the model, capturing the features of the
learning, and eavesdropping on the system requirements, the
threat actor gains significant knowledge to move with the
next step of compromising integrity. The features or inputs
that are used to train the models are altered according to
the malicious purpose of the attacker. As the attacker gains
knowledge of the system in this process then follows the
compromisation of integrity. The expected input features or
learning process is altered to change the desired outcome from
the models and the security measures are then made incapable
of identifying anomalies as these are modified to get passed
the IDS or IPS during the attack vector with the help of
adversarial attack. Subsequently, the attacker is able to change
the availability of the services by changing the integrity of the
system model. Normal behaviors are no longer recognized and
malicious events are not prevented or recognized efficiently
by the security applications. With this sophisticated attack,
the threat actor is capable of compromising the CIA triad of
the cyber security integrated system to damage the respective
infrastructure or critical services [92]. These manipulations
often exhibit subtlety and complexity, posing challenges in
detection. The consequences of such actions are far-reaching,
potentially resulting in the circumvention of security measures
or the distortion of automated decision-making systems. To
counteract these threats, it is imperative that AI models
undergo continuous evaluation and refinement. This process
should include adversarial training, wherein the models are
exposed to potential attack scenarios during their developmen-
tal stages, thereby bolstering their robustness and capability to
withstand such tactics. Though DL-based IDS can differentiate
the subtle changes in the normal and abnormal events, the
adversarial attack on these NIDS can bring challenges to the
identification mechanism. In an IoT environment, the attack
has been shown to be very effective in changing the efficiency
of the security structure. With the use of adversarial attacks,
small changes in the bytes in malicious packets were shown
to effectively reduce the performance of the predictive model
in the IoT-based NIDS [93].

B. Privacy Concerns

Privacy concerns arise prominently when Al tools process
sensitive data for security purposes. The aggregation and
analysis of large datasets can inadvertently expose personal



information, leading to privacy breaches. This concern is
further amplified by the increasing sophistication of Al tools
capable of deriving detailed inferences from aggregated data.
DL models have widespread applications in the cybersecurity
domain due to their comparable capability to extract important
features without external feature engineering and their com-
patibility to produce better results with correlated data. The
learning process of this technique includes large data sets,
with the help of which the model learns to differentiate be-
tween different patterns. The predictions or classifications are
performed based on the input data provided to these models.
However, the concern grows when the model memorizes the
core characteristics or details from the training process as in
most of the cases the data can be private or sensitive. These
models thus become a security concern since the attackers
can target the confidentiality of these models and gain such
sensitive and personal information [94]. For instance, if the
model is trained on medical data or financial information, the
data leakage can bring about identity theft, privacy violations,
or financial fraud [78]. This vulnerability of data leakage can
be exploited through reverse engineering or querying a model
to unveil the critical information stored during the training
stage. With a collaborative DL process, multiple parties can
share a specific set of model parameters to train the available
DL model and can get a flexible advantage from this collective
learning process. However, due to the availability of the partial
parameters in the model, it can be exploited by the Generative
Adversarial Network (GAN) attacks. The GAN is a dual
neural network model with a generator and discriminator-
based network. The generator tries to create authentic data
and the discriminator distinguishes the generated data from
the original one. Though initially, the generator remains the
weaker model, the distinguishing remarks of the discriminator
continue to make it stronger and after a while, the generator
creates indistinguishable data. The same has been performed
with the collaborative DL learning model, where the GAN
recreates private data from the shared parameters during the
attack [94]. These attacks can generate similar data based on
the evaluation of the discriminator and extract information
without accessing the shared parameters directly. Even with
the presence of the differential privacy measure, integrated to
protect the shared parameters, the GAN attack can extract the
information easily. Because the GAN model replicated the data
with the help of partial parameters and did not exactly steal the
information, the attack model was able to bypass the security
measures. Therefore, implementing stringent data protection
measures, such as data anonymization, encryption, and secure
data storage and access protocols, is critical. Moreover, Al
models must be designed to balance the need for security with
the imperative of preserving user privacy.

C. Potential Misuse of Al

The potential misuse of Al technologies in orchestrating
cyber-attacks presents a dual-threat landscape. Al can be ex-
ploited to create sophisticated malware that adapts to security
defenses, automate large-scale phishing campaigns [95], and
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even conduct deepfake attacks that manipulate audio and vi-
sual content [96]. The increasing accessibility of Al tools and
techniques means that the barrier to entry for cybercriminals is
lowering, leading to more advanced and targeted cyber-attacks.
It necessitates a proactive approach in cybersecurity, where
defensive strategies are continuously evolving to counter Al-
assisted threats.

VII. Socio-EcoNoMIC EFFECT

It is important to consider that the improvements and
progress we experience through any technological changes
have a radical impact on the quality of human life and the
nature of job responsibilities. Due to the multifaceted impact
of Al in cybersecurity, the technological revolution is not the
only aspect to get affected, but also the different aspects of
society experiencing the flow of change. The following section
will explore how the changes in societal interaction in the
digital sphere, and how the transformation of social life is
noticeable in the future due to the changes in technology.
The impact also extends to the responsibilities of people in
work, their motivation to continue skill-based jobs, and the
risk of losing certain branches of the workforce because of
the revolution. These insights on the societal and workforce
changes are essential to have a comprehensive understanding
of the implications of the role of Al in our modern digitized
world.

A. Societal Impact

Al-driven technologies are continuously improving their
mechanism to provide several benefits from sharing personal
data. The progress instigates trust and reliability on the digital
platform where the use of personal information can seem to
be secure and beneficial in many aspects [97], [98]. However,
measures to secure the use of these sensitive data are hardly al-
ways the most effective ones. These measures can often fail to
protect the integrity of the individual who holds the Al-based
technological platforms trustworthy [99], [100]. For instance,
the smart home assistant devices pose a high-security risk to
the breach of information and interruption of services with the
open nature of voice channel, continuous dependence on Al
support, and complex underlying architectures of the software
system [100]. Similarly, increasing the use of chatGPT can in-
directly support the performance of social engineering attacks,
automated hacking, network payload generation for attacks,
sophisticated malware development, email phishing attacks,
and so on [99]. Another aspect of the growth of cybersecurity
technology with the help the Al is that the resources to utilize
the most advanced technology may not be available to all. Lack
of resources, especially financial limitations, can cause digital
separation among different organizations. The limitation may
lead to the attention of attackers to perform sophisticated cyber
attacks on such weaker networks and services. Ethical concern
is also associated with every innovation in history; Al is not
different from that perspective. Maintaining ethical use of Al
requires consensus among nations, professionals, researchers,
and even individuals. However, it will be very difficult to



obtain such equality in maintaining the same level of ethics
for the use of AI among different sectors. Those dissimalirities
in ethical approach may give rise to the targeted cyber attacks
and security risks as depicted in the literature [101].

B. Cybersecurity Workforce

In the current technological landscape, the integration of
Al into cybersecurity has profound implications for the work-
force. The reliance of AI on high-quality data necessitates
a workforce proficient in data-centric skills to analyze and
interpret model behaviors effectively. This expertise is crucial
for developing robust and secure cybersecurity applications.
The advent of Al has shifted the focus from repetitive, manual
tasks to roles that demand critical thinking and the ability
to handle complex scenarios. This evolution is expected to
continue, with Al models taking over more routine respon-
sibilities. As a result, cybersecurity professionals will be
able to concentrate more on strategic decision-making and
the overall management of cybersecurity frameworks, rather
than on labor-intensive tasks that require less critical thinking
[102]. This transformation underscores a significant trend:
the move towards a skill set centered around critical and
strategic thinking. The cybersecurity workforce must adapt
to this change, acquiring skills that cannot be replicated by
Al. This includes not only technical capabilities but also a
deep understanding of ethical, legal, and social implications
of Al in cybersecurity. The impact of Al on routine jobs in
the cybersecurity sector is a double-edged sword. While it
may lead to a reduction in certain job roles, it also opens
up opportunities for professionals to elevate their skills and
engage in more meaningful and impactful work. The emphasis
on multidisciplinary skills is becoming increasingly important,
with cybersecurity professionals needing to balance technical
knowledge with an understanding of ethical, legal, and social
considerations.

VIII. FUTURE DIRECTIONS

The integration of Al into cybersecurity, while offering
advanced defense mechanisms, also introduces complex chal-
lenges. The arms race between Al-powered security measures
and Al-assisted adversarial strategies necessitates a dynamic
and evolving approach to cybersecurity. Continuous research,
ethical considerations, robust privacy protection measures,
and the development of resilient AI models are essential in
navigating this landscape. The future of cybersecurity lies in
the ability to anticipate, adapt, and respond to these challenges
effectively. One way to think is the association of emerging
technologies with Al-based models, such as Quantum Comput-
ing. The prospect of this computation method can transform
cybersecurity by potentially revolutionizing current cryptog-
raphy methods. However, it also offers the development of
quantum-resistant algorithms, ensuring a new level of data
protection. Hence, the future prospects of Al in cybersecurity
include improving quantum encryption techniques like Quan-
tum Key Distribution (QKD), which could offer robust security
levels against modern dynamic attacks [103].
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Blockchain is another emerging technology that ensures in-
tegrity management for effective decision-making processes,
especially successful for its security measures, transparency,
and immutability to manage IoT networks [104]. Even though
blockchain technology can not inherently gain Al-like learning
capabilities, it can complement Al-based cybersecurity tools
and applications to enhance data security and integrity from
sophisticated attacks, like Adversarial Network attacks. Even
the combination of Quantum computing and Blockchain can
be a better prospect for Al-based security model improve-
ments, as the Quantum-inspired technique was integrated with
the blockchain framework for reliable data transmission [105].
Explainable Artificial Intelligence (XAI) plays a crucial role
in the future direction of Al in cybersecurity. It addresses the
challenge of the ”black box™ nature of deep learning models,
aiming to make AI’s decision-making transparent and under-
standable. This is vital in cybersecurity, where understanding
the rationale behind Al-driven security decisions is essential
for trust and reliability. Methods like interpretable models,
post-hoc explanations, visualization tools, feature attribution,
model simplification, natural language explanations, and proto-
types and criticisms are instrumental in achieving XAI’s goals.
Making AI models in cybersecurity explainable ensures not
only trust and fairness but also enhances the efficacy of Al
systems in critical security applications [106].

IX. CONCLUSION

The role of AI has been appreciated and challenged in
different domains and applications. However, the domain of
cybersecurity is the critical one that can not tolerate the failure
of Al techniques as security is the only thing between threat
actors and sensitive information and services. Hence the limi-
tations and strengths of Al are essential for future researchers
and developers to make proper adjustments and modifications
to make proper decisions. This paper is prepared to address the
unlimited possibilities of Al in the cyber cybersecurity field
and at the same time realize the threats associated with it if the
provided limitations are not considered during implementation.
The evolution of Al is also provided to guide the researchers
to understand the flow of changes that led to modern Al
technology and relate the changes to bring the potentiality of
Al to the forward direction as it has been done by numerous
researchers, professionals, and individuals throughout history.
The strength of Al can be maintained by the evolving cyber-
attacks if the evolution of Al can be run at the same rate
as the attacks. Considering the possibility of integrating other
technologies into the Al-integrated security applications, the
threat actors can be defended effectively, or at least the
impact can be minimized. Moreover, as for the shift in other
domains as an impact, Al in cybersecurity is transforming the
workforce, steering it towards more intellectually demanding
roles and necessitating a diverse skill set, while also presenting
opportunities for growth and adaptation in an evolving tech
landscape.



X. APPENDIX A LIST OF ACRONYM

The following is the list of Acronyms and their full forms

used in this paper.

ACoA
ACTMS

AMI
ANN
Al
BAMS

CNN
CPA
CPT
CR
CS
CTI
COA
DBN
DDOS
DMS
DL
ExP
FPR
FRB
GA
GAN
GAFT

GMM
GPU
GRT
HIDE

IAS
IDS
ISO

IEC

ITSE
IPE
IT
ML
NLP
NIDS
NII
NIPC

OT
OWL
PDDL
QKD
SDN
SNL

Adversary Courses of Action
Arms Control Treaty

Monitoring System

Advanced Metering Infrastructure
Artificial Neural Network
Artificial Intelligence

Behavioral Adversary Modeling
System

Convolutional Neural Network
Cache Pollution Attack
Conditional Probability Tables
Cyber Resilliency/ Cyber Resillience
Cyber Security

Cyber Threat Intelligence
Courses of Actions

Deep belief Network

Distributed Denial-of-Service
Document Management System
Deep Learning

Expert Systems

False Positive Ratio

Fuzzy Rule Base

Genetic Algorithm

Generative Adversarial Network
Generalized Anomaly and Fault
Threshold system

Gaussian Mixture Models
Graphics Processing Unit

Grey Relations Theory
Hierarchical Intrusion

Detection System

Intelligent Assistant System
Intrusion Detection System
International Organization for
Standardization

International Electrotechnical
Comission

Intelligent Threat Sensing Engine
Intelligent Prevention Engine
Information Technology

Machine Learning

Natural Language Processing
Network Inrusion Detection System
National Information Infrastructure
National Infrastructure Protection
Center

Operational Technology

Web Ontology Language
Planning Domain Definition Language
Quantum Key Distribution
Software Defined Network
Sandia National Laboratories
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