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Abstract: This article examines the role and applications of Artificial Intelligence (Al) in
the field of cybersecurity, analyzing the opportunities and challenges it presents. Following a
brief overview of Al development, the study focuses on the various methods used for protection
against cyber threats, including the use of deep learning and machine learning algorithms to de-
cipher threat models, analyze suspicious behaviors, and predict security incidents. The use of Al
for malware protection, threat analysis, and automated incident response is crucial for enhancing
the efficiency of defense against cyberattacks. However, the use of Al also presents challenges,
including adversarial attacks and the difficulty in interpreting Al system decisions. The arti-
cle also reviews the current trends and future perspectives of Al in cybersecurity, predicting an
increased integration of Al into critical infrastructure and a rise in the autonomy of security
systems. However, these developments require addressing challenges such as transparency and
ethics in Al usage. This study concludes that Al has the potential to transform the field of cyber-
security but requires a cautious and supervised approach to maximize its benefits and address its
risks.
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1 Introduction

Artificial Intelligence (Al) is a branch of computer science aimed at creating systems and ma-
chines capable of performing tasks that typically require human intelligence, such as learning,
understanding, problem-solving, and interaction. Al is a multidimensional field that has changed
and continues to change the way the modern world works, directly changing our daily lives.
Some of the most prominent areas of Al include machine learning, speech recognition, com-
puter vision, robotics, and the development of expert systems [6, 9].

The first definition of Al was provided by Alan Turing in 1950, with the test bearing his name,
the Turing Test, a method for evaluating a machine’s ability to mimic human intelligent behavior.
This test is one of the most important milestones in the development of AI [1]. Later, in 1956, the
Dartmouth Conference marked the official beginning of Al as a recognized field of study, with
pioneers like John McCarthy and Marvin Minsky making grand predictions for its future [6]. In
the 1960s and 1970s, despite progress in pattern recognition and natural language understanding,
the period known as the "AI winter" hindered progress due to unmet expectations. However, in
the 1980s and 1990s, a major resurgence occurred, bringing the development of expert systems
and neural networks [2]. Despite this, the 21st century marked a period of extraordinary achieve-
ments, bringing significant advancements in deep learning and Al applications in various fields,
such as healthcare, transportation, and entertainment [9, 10].

One of the key areas of Artificial Intelligence is Machine Learning, which involves the de-
velopment of algorithms and statistical models that allow machines to perform various tasks
or make predictions without being explicitly programmed. This forms the foundation for the
most advanced Al applications [4]. Speech and language recognition is a subfield dedicated
to creating systems that can understand, interpret, and generate human language. Technologies
like virtual assistants and automatic translation are well-known examples of the use of this type
of AI [7]. Expert systems are systems that use accumulated knowledge bases to solve specific



216 Ana Dindi, Aurela Qamili, Enkela Karrogi and Zahra Sheikhaleslami

problems, such as in medicine, finance, or engineering, and are important Al applications en-
abling informed decision-making [14]. Computer vision is a subfield focused on developing
systems capable of recognizing and interpreting images and scenes. Applications include facial
recognition, vehicle detection, and visual analysis across a wide range of fields [8]. Robotics is
responsible for developing machines capable of performing automated tasks, including industrial
robots, healthcare robots, and more [9].

Narrow Al is designed to perform specific tasks such as image recognition and virtual as-
sistants. It has limited capabilities and is specialized for certain functions. On the other hand,
General Al aims to create systems that can mimic human intelligence across a broader range of
tasks and can adapt and solve various problems [15, 16].

Supervised Learning is a method that uses labeled data for training and creating models that
can make accurate predictions for new data. Unsupervised Learning is a method that discovers
hidden structures in unlabeled data, using techniques such as clustering and principal component
analysis [16]. Reinforcement Learning is a method that involves an agent learning from positive
and negative feedback to optimize its behavior in a specific environment [5S]. Deep Learning
uses multi-layered neural networks to learn complex representations of data. This process en-
ables image recognition and language generation at much more advanced levels than traditional
machine learning methods [10, 11].

2 Methodology

We conducted an extensive review of academic journals, conference proceedings, and industry
white papers to explore the latest developments in Al-based cybersecurity. The key sources in-
cluded reputable publications such as IEEE, Springer, and Elsevier. Various Al-powered tools
and frameworks, such as Intrusion Detection Systems (IDS), Al-based threat analysis platforms,
and automated incident response systems, were reviewed to understand their technical capa-
bilities, advantages, and limitations. Real-world case studies, including those of well-known
companies like CrowdStrike, Microsoft, and Google, were analyzed to evaluate the practical im-
plementation of Al in detecting and preventing cyber threats. These examples provided insights
into the effectiveness of Al in real-world cybersecurity scenarios. Statistical data related to cy-
bersecurity incidents, such as malware attacks, network intrusions, and phishing schemes, were
gathered from credible cybersecurity reports and databases. Al algorithms were assessed based
on their ability to detect patterns, predict attacks, and respond in real-time. A comparative anal-
ysis was conducted to evaluate traditional cybersecurity methods against Al-driven approaches.
This helped highlight the benefits of Al in terms of speed, accuracy, and scalability while iden-
tifying potential risks, such as adversarial attacks and data dependency.

The study also examined the ethical and practical challenges associated with Al usage in
cybersecurity, including issues of transparency, accountability, and potential biases in Al algo-
rithms. By combining these methods, the study provides a comprehensive understanding of the
transformative role of Al in cybersecurity, offering valuable insights for both researchers and
practitioners.

3 The role of artificial intelligence in cybersecurity

Information security involves protecting information from unauthorized access, use, disclosure,
alteration, or destruction. This includes ensuring the confidentiality, integrity, and availability
of data. Nowadays, many important pieces of information are stored electronically. The loss,
theft, or damage of this data can have serious consequences, such as the loss of personal or
business data, interruption of organizational activities, financial or reputational damage, and
violations of regulations and laws. Therefore, data security is essential for protecting privacy,
maintaining trust, and ensuring business continuity [2, 3]. The main methods of information
security include access controls (e.g., passwords, authentication), data encryption, protection
from external threats (e.g., antivirus, attack prevention), creating backups, and disaster recovery
plans, as well as security policies and procedures and training employees on security matters
[3, 5]

Artificial Intelligence (Al) is transforming the field of cybersecurity by offering a wide range
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of advanced tools and technologies such as Al-based Intrusion Detection and Prevention Systems
(IDS/IPS). These systems use machine learning algorithms to analyze network traffic and sys-
tem activities in real time. They can identify suspicious behaviors and both known and unknown
threats with high accuracy. Al allows IDS/IPS to continuously learn and improve by process-
ing new data [7, 8]. This also includes Threat Analysis Based on Al. Al-powered systems can
analyze data from various sources to identify, categorize, and prioritize cyber threats. By using
advanced natural language processing and deep learning techniques, they can extract valuable
information from unstructured texts. This enables the creation of comprehensive threat views
and profiling of attackers [6, 7]. Al-Based Cryptography is another technology. Al algorithms
can be used to create advanced cryptographic schemes, harnessing the power of complex com-
putations. These schemes can provide stronger protection against cryptanalytic attacks [6, 10].
Furthermore, Al can enable the automation of cryptographic key management processes [7].
Al-Based Vulnerability Assessment tools are tools where Al systems can analyze source codes,
system configurations, and data from previous incidents quickly and accurately. This allows se-
curity professionals to identify and address critical vulnerabilities before they can be exploited
by attackers [4, 11]. Al-based platforms can continuously monitor network and system activities.
When incidents are detected, Al can automatically activate remediation measures and respond
quickly to mitigate damage. This reduces the necessary intervention of security personnel and
improves response time [7]. The advantages of Artificial Intelligence in information security in-
clude real-time Threat Detection. Al-based systems can analyze network and system behaviors
in real time to identify suspicious activities. This helps organizations detect and respond to cyber
threats much faster. The use of machine learning techniques allows Al to dynamically configure
and adapt to better address the specific threats of an organization. This enhances the effectiveness
of security measures compared to traditional methods [5, 10]. Al enables the automation of many
security tasks such as network monitoring, vulnerability assessment, and incident response. This
makes the security process more efficient, accurate, and real-time [6]. The detection of Harmful
Behavior Patterns is another advantage. Al algorithms can identify patterns and anomalies in
network activities that may indicate malicious behavior. This enables the discovery of new and
unknown threats that may not be included in traditional databases [4, 9].

However, vulnerabilities of Al systems can be a disadvantage. Al systems may have internal
weaknesses that could be exploited by attackers to manipulate or cause them to fail. This creates
a new risk, as Al systems could become key targets of attacks [11]. Many Al algorithms operate
as a "black box," making it difficult to fully understand how they make decisions. This may
raise accountability issues when Al-based systems make mistakes or make harmful decisions
[13]. The quality and accuracy of Al systems are highly dependent on the quality of the data
used to train them. If the data is inaccurate, outdated, or incomplete, the performance of Al sys-
tems may be unsatisfactory [4]. Implementing Al-based solutions may incur high initial costs
for development, training, and integration with existing infrastructure. This may be a barrier
for some organizations, particularly those with limited resources [12]. A serious issue related to
Artificial Intelligence and information security is adversarial attacks against Al systems. These
types of attacks aim to manipulate or disrupt the normal functioning of Al systems by exploit-
ing their weaknesses or characteristics. One category of these attacks is "adversarial” attacks,
which attempt to create imperceptibly modified inputs for Al systems, causing them to make
incorrect predictions or undesirable decisions. These attacks exploit the fact that Al systems,
such as neural networks, can be sensitive to small changes in input data, leading to unexpected
behaviors [11, 13]. Another category of adversarial attacks includes manipulating the training
data of Al systems. Cybercriminals may try to hide or mix fake data into the datasets used to
train Al models, resulting in faulty learning and inaccurate decision-making [11]. Adversarial
attacks may also target the disruption of Al systems’ normal operations through techniques such
as intentional malfunctioning, system overload, or interruption of necessary resources. These at-
tacks aim to deactivate or render Al systems ineffective so that they can no longer perform their
tasks [13]. To counter these threats, it is important to develop defense techniques against adver-
sarial attacks, including countermeasures, attack detection, and the building of more resilient Al
models to manipulate. A deep understanding of Al system vulnerabilities is also required, along
with the development of strategies to minimize risks [13, 14].
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4 Al in malware detection and prevention

Artificial Intelligence has played an increasingly important role in malware detection and pre-
vention in recent years. Al offers powerful capabilities to identify and prevent cybersecurity
threats using more sophisticated methods than traditional approaches. Al-based techniques can
analyze malware behavior patterns, identifying unique characteristics that distinguish them from
regular applications. By utilizing advanced machine learning methods such as neural networks,
Al can be trained to recognize and classify malware with high accuracy. This makes malware
detection faster and more efficient than traditional signature-based methods [7, 8]. Additionally,
Al can be used to analyze behavior and detect anomalies in networks and computer systems.
By continuously monitoring system activity, Al can identify unusual or suspicious behavior that
may indicate the presence of a malware attack. This allows for quicker and more effective threat
detection, enabling system protection before significant damage occurs [8, 9].

Another important development is the use of adversarial machine learning (AML) to counter
malware. This technique involves creating Al models that can learn and adapt to new mal-
ware tactics. By engaging in a "cat-and-mouse" game with malware creators, Al can develop
increasingly sophisticated strategies for preventing attacks [6, 9]. Overall, Al has made a signif-
icant impact in the field of malware detection and prevention. Using advanced machine learning
methods, Al can identify and prevent cyber threats more efficiently than ever before. With ongo-
ing developments in this field, AI’s contribution to cybersecurity is expected to continue growing
in the coming years [8, 10]. Artificial neural networks can learn malware characteristics from
vast amounts of data, including executable code, source code sequences, network activities, and
system behaviors. These neural networks are trained to identify patterns and unique features
that differentiate malware from benign programs. The ability to detect new variants of mal-
ware without known signatures makes this method highly effective against previously unknown
threats [8, 10]. Static analysis methods examine the structure, syntax, and behavior of a pro-
gram’s code without executing it. Machine learning algorithms can identify suspicious patterns
in source code, such as suspicious function calls, improper declarations, or the use of harmful
libraries. This method can also detect new malware variants by focusing on code patterns instead
of precise signatures [9].

Dynamic analysis techniques monitor a program’s behavior during execution in a controlled
environment. Deep learning algorithms can analyze a wide range of behavioral data, such as
system calls, network activity, registry changes, and processor activity. They identify unusual
or suspicious actions that may indicate the presence of malware [7, 8]. One of the primary
techniques Al uses for malware detection is behavior analysis and anomaly detection. This
approach focuses on monitoring system behavior and various applications for unusual activities
or anomalies that may indicate the presence of a malicious threat [6, 9].

Behavior analysis involves collecting and analyzing multiple indicators, such as:

 Processor, memory, and network usage patterns by processes and applications
« File and registry access activities

» Communication between applications and external resources

» Changes in system configuration

Al-based tools can continuously analyze this data, identifying distributions, patterns, and re-
lationships that deviate from what is considered normal system behavior. This includes advanced
machine learning techniques, such as deep neural networks, that can learn normal behavior pro-
files and immediately detect changes that might indicate suspicious activity [10]. Anomaly de-
tection is performed by comparing current behavior to the normal behavior profiles modeled by
AL If significant deviations are identified, the system can generate alerts to draw the attention of
security analysts. These alerts provide valuable information about the nature and source of the
suspicious activity, enabling security teams to respond and neutralize threats in time [6].

Adversarial Machine Learning (AML) is an important field of artificial intelligence that deals
with the behavior of machine learning models in response to deliberate attempts to make them
fail or manipulate them. This is particularly significant in the context of malware detection and
prevention. When malware detection systems use machine learning algorithms, hackers may try
to attack these systems by creating "adversarial examples"—small but deliberate modifications
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to malware code that make them undetectable to detection systems [6]. To address this threat,
adversarial machine learning involves training machine learning models with "contaminated"
data that includes adversarial examples so the models can learn to resist these types of attacks.
Using advanced deep learning techniques, which are harder to adversarially manipulate, such as
convolutional neural networks, is also a strategy. Additionally, real-time mechanisms to detect
and neutralize adversarial examples can be created, using techniques like anomaly detection and
active learning. Techniques like manipulation detection, cryptography, and digital signatures can
also be employed for protection [7]. By combining these techniques, Al-based malware detection
systems can become much more resilient to deliberate attempts to attack and manipulate them.
This is an active area of research and development, with highly important practical applications
in computer security [9, 10].

5 Case studies

Artificial intelligence has made extraordinary progress in malware detection and prevention in
recent years. A well-known case is that of CrowdStrike, a company that has developed an Al-
based platform for protecting computers from cyberattacks. CrowdStrike’s system uses deep
learning techniques to analyze program behavior and immediately detect suspicious activity. In a
case in 2021, CrowdStrike’s platform was able to detect and prevent a sophisticated ransomware
attack within seconds, successfully protecting the company’s network [6]. Another example is
Microsoft, which has integrated Al-based functionalities into its security products, such as Win-
dows Defender. Machine learning algorithms proactively analyze application behavior to detect
suspicious activity and prevent malware infection. In a 2020 case, Microsoft Defender success-
fully prevented a global ransomware attack, WannaCry, using its advanced Al-based detection
techniques [7]. Another interesting case is Google’s work in this field. The company has de-
veloped deep learning models to analyze internet traffic and detect suspicious activity, including
malware distribution. These models have been able to accurately identify infected websites and
the criminal groups behind them, making this information available to cybersecurity communi-
ties [8].

Furthermore, some government agencies have begun to use artificial intelligence to analyze
security data on a large scale and detect emerging threats in real time. For example, the U.S.
National Cybersecurity Agency has developed Al-based systems that monitor activity on gov-
ernment networks and identify potential attacks before they become critical [9]. These are just a
few concrete examples of artificial intelligence’s successes in malware detection and prevention.
In the future, Al is expected to play an increasingly important role in defending against cyber
threats, detecting and responding to them much faster than humans [8, 10].

6 Intelligent threats and incident response

Al can assist in automating and scaling the processes of collecting intelligent threats. Al-based
systems can effectively analyze large amounts of data from various sources, including social
media, dark web sites, hacker forums, and other sources, to identify and understand threat trends,
attack methods, and threat actors. This can help organizations shift from a reactive approach to a
more proactive one in cybersecurity. At the same time, Al-based technologies can help automate
incident response processes, improving the speed and effectiveness of response. Al systems
can monitor network and system activity in real-time, detect attacks or suspicious activities,
and take automated actions to block and mitigate threats, such as blocking malicious traffic,
disconnecting compromised devices, or activating automated mitigations. This can reduce the
workload for incident response teams and allow them to focus on communication, analysis, and
recovery activities [6, 7].

However, the use of Al in these areas is not without its challenges and limitations. The accu-
racy and reliability of Al-based systems depend on the quality of the input data and the method-
ologies used in training. There are also concerns regarding the transparency and accountability
of decisions made by Al-based systems. It is essential for organizations to create appropriate
policies and processes to ensure that the use of Al in these areas is responsible and properly
overseen [9,10]. In conclusion, Artificial Intelligence is becoming a powerful tool to help orga-
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nizations in the field of intelligent threats and incident response, although there are challenges
that must be addressed [7].

Al can play an important role in automating and improving the processes of gathering in-
telligent threats. Al-based systems can collect and analyze large amounts of data from various
sources, including social media, hacker forums, dark web sites, and other sources, to identify
and understand threat trends, new tactics, techniques, and procedures used by threat actors [10].

Furthermore, Al can be used to automatically analyze and understand the collected data. Ma-
chine learning algorithms and data analysis techniques can reveal connections and patterns that
are not immediately obvious, helping analysts identify threat actors, their methods, goals, and
objectives. This can help create a more comprehensive and accurate view of the threat landscape
[6]. For example, Al can be used to analyze communication flows on social media to identify
groups or networks of suspected actors, who can then be further monitored. Natural language
processing techniques can assist in extracting important information from documents, social me-
dia posts, or other written communications [7]. Another significant benefit of using Al in this
context is that it can support human analysts by automating routine tasks, allowing them to focus
on in-depth analysis and interpreting findings. However, the use of Al in the gathering and anal-
ysis of intelligent threats also presents its challenges. The accuracy and reliability of Al-based
systems depend on the quality and adequacy of the input data, as well as the methodologies used
in training. There is also the risk of biases inherent in Al algorithms, which could lead to inaccu-
rate or biased findings [6, 9]. To overcome these challenges, it is important for organizations to
invest in developing the necessary capabilities and expertise to appropriately create, implement,
and monitor Al-based systems for threat intelligence. Additionally, processes for verifying and
continuously assessing the performance of these systems are essential [10].

Artificial Intelligence offers many opportunities to improve the efficiency and effectiveness
of gathering and analyzing intelligent threats, although it also presents challenges that must be
carefully addressed. Proper integration of Al into these processes can help organizations improve
their ability to understand and respond to threats more effectively [7]. The use of Artificial
Intelligence (AI) for automatic response to information security incidents presents significant
potential but also important challenges. A key feature of Al in this context is the ability to
identify and respond to threats in real-time. Advanced Al systems can analyze security data, such
as system logs and network traffic, to immediately detect suspicious activities or ongoing attacks.
This allows security teams to take measures to prevent or limit the damage that could be caused
by an incident [6, 9]. For example, Al can be used to automate incident response processes, such
as quarantining compromised devices, blocking malicious traffic, or restoring damaged systems.
These processes can be carried out much faster and more efficiently by Al-based systems than by
manual human actions. This can be especially important in emergency cases where every second
counts. Additionally, Al can assist in further analyzing security incidents, identifying sources,
methods, and objectives of attacks. This information guides security teams in the right direction
for making improvements and preventing similar incidents in the future [7, 9]. However, the use
of Al for automatic incident response also presents many challenges that need to be addressed.
A major challenge is ensuring the accuracy and reliability of the decisions and actions taken by
Al systems, as errors could have serious consequences. Additionally, integrating Al into incident
response processes requires significant changes to the existing security infrastructure and new
skills from the staff. Moreover, there are concerns that essential Al systems may be vulnerable
to manipulation or sophisticated attacks, which could undermine the reliability of their response
to incidents [10]. In conclusion, although the use of Al for automatic incident response offers
many significant benefits, it is necessary to carefully address the challenges and risks associated
with it to ensure that this technology is used effectively and securely [6].

Al system examples for automatic incident response

Malware Attacks: In 2022, a major pharmaceutical company experienced a massive ransomware
infection. The company’s Al system detected the attack within minutes, automatically quaran-
tined the infected servers, and initiated the data recovery process from backups, minimizing the
impact [7].

Network-Based Attacks: In 2021, a financial organization was attacked with a massive
DDoS attack. The organization’s Al system detected the attack early, automatically blocked
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suspicious traffic, and redirected other resources to keep essential services functioning [9].

Suspicious User Activity: In 2020, an employee of a technology company began download-
ing unauthorized confidential data. The AI system immediately identified this activity, automat-
ically restricted the user’s access, and notified the security department to change the password
and close the account [6].

Security Vulnerabilities and Gaps: In 2021, a critical security vulnerability was discovered
in a major company application. The Al system immediately detected the vulnerability, auto-
matically applied the security patch, and refreshed the application’s configuration to protect the
infrastructure [10].

7 Trends and future perspectives

7.1 Advancement of machine learning and deep Learning techniques

It is expected that machine learning and deep learning algorithms will become increasingly so-
phisticated, enabling the discovery of advanced threat models, in-depth data analysis, prediction
of security incidents, and even real-time decision-making. These developments will enhance the
tools for cyber threat defense. Machine learning will allow cybersecurity systems to continu-
ously evolve and improve through exposure to new data, making them more adaptable and better
at identifying sophisticated threats [6, 7].

7.2 Integration of Al in critical systems

In the coming years, Al is expected to be increasingly integrated into critical infrastructure, in-
dustrial control systems, network devices, and security systems. This will increase automation
and accelerate security processes, but it may also raise challenges as such systems become more
attractive targets for cyber actors. Critical systems that rely on Al for predictive maintenance,
process optimization, and security monitoring will become prime targets for sophisticated at-
tacks, requiring additional security measures to defend against Al-based threats [8].

7.3 Use of Al for proactive defense

Instead of reacting to incidents, Al is expected to become increasingly capable of detecting
threats proactively by predicting and preventing incidents before they happen. Advanced algo-
rithms will be able to identify vulnerabilities, model possible attacks, and take preventive ac-
tions. Predictive models, powered by machine learning and deep learning techniques, will allow
Al systems to anticipate attacks before they occur by analyzing trends, patterns, and behaviors
from historical data [5, 9].

7.4 Autonomy of security systems

Cybersecurity systems with Al will become increasingly autonomous, making decisions and act-
ing independently to counter threats in real-time. This will increase the speed and effectiveness
of defense, but it will also raise ethical issues regarding the responsibility and control of these
systems. Autonomous Al systems could make decisions faster than human response teams, but
their decisions may also be difficult to interpret or contest. As such, guidelines must be estab-
lished to regulate the deployment of autonomous Al systems in cybersecurity [7, 10].

7.5 Use of Al for attacks and defense

In parallel with positive developments, it is expected that cyber actors will increasingly use Al
to carry out sophisticated attacks, such as generating malware, identifying vulnerabilities, and
conducting customized attacks. This will require the use of Al by defenders as well to identify
and protect against these attacks. As Al tools become available for attackers, they may automate
the creation of new exploits and dynamically adapt attack strategies, necessitating Al-driven
defense mechanisms to stay one step ahead [6, 9].



222 Ana Dindi, Aurela Qamili, Enkela Karrogi and Zahra Sheikhaleslami

7.6 Privacy and ethics of Al

The widespread use of Al in information security will raise important issues regarding data
privacy, transparency, and accountability of Al-based systems, as well as the ethics of automated
decision-making. Addressing these issues will be crucial to ensure the sustainable and trusted
adoption of Al. Ensuring transparency in Al decision-making processes and maintaining the
privacy of sensitive data is critical for the ethical deployment of Al in cybersecurity [7, 8].

7.7 Expected Challenges and Opportunities

One of the main anticipated challenges is the increase in the risk of Al-based cyberattacks. As
artificial intelligence systems become more sophisticated, they may be used by attackers to carry
out more difficult-to-detect and defend-against attacks. These include attacks such as data fal-
sification, algorithm manipulation, or even the creation of soft malware that could neutralize
Al-based defenses [9]. Additionally, the integration of Al into critical systems, such as infor-
mation infrastructure or industrial control systems, may make these systems more vulnerable
to attacks and catastrophic damage in case of defects or manipulation of their algorithms. This
presents a significant risk to the stability and security of these essential systems [8].

Another challenge is the lack of transparency and the ability to audit Al systems. The high
complexity of many Al algorithms makes it difficult to understand the reasons behind their deci-
sions, increasing the risk of information overload, manipulations, or even incorrect decisions by
such systems. This lack of interpretability raises concerns about the accountability of Al systems
in decision-making processes related to cybersecurity [10].

On the other hand, artificial intelligence also offers many opportunities to improve infor-
mation security. Machine learning algorithms can be used to identify and prevent cyberattacks
in real-time by monitoring network activity and identifying suspicious behaviors and patterns.
Real-time anomaly detection systems powered by Al can enhance defenses by recognizing ab-
normal behavior that may indicate a potential attack [7].

Furthermore, advanced Al systems can assist in discovering security vulnerabilities and flaws
in computer systems by thoroughly analyzing their source code and architecture. This can lead
to the discovery and addressing of these weaknesses before they are exploited by attackers. Al
tools such as static and dynamic analysis can identify vulnerabilities that may not be immediately
obvious to human reviewers [6].

Moreover, Al can help automate and optimize identity and access management processes,
increasing the security and efficiency of these critical systems. Advanced algorithms can make
biometric verification more accurate and harder to detect. By incorporating Al into identity
management, security systems can better prevent unauthorized access and mitigate the risk of
identity theft [9].

Overall, the wise use of artificial intelligence could lead to powerful defensive measures
against cyber threats, making information infrastructure safer and more resilient to future at-
tacks. With the right implementation, Al will transform how cybersecurity professionals ap-
proach threat detection and mitigation, ultimately improving the robustness of cybersecurity
frameworks [8].

8 Conclusion

Based on the definition and history of Al, we have examined the different types of Al systems,
including narrow Al and general Al, as well as their dominant machine learning and neural
network methods. We have seen that Al is already being successfully applied across a wide
range of industries, offering powerful solutions to many challenges [6, 7]. When it comes to
information security, Al reveals significant potential, not only in defending against cyberattacks
but also in gathering and analyzing intelligent threats, as well as in automated responses to
incidents. Al-based systems have proven successful in identifying malware, detecting vulnera-
bilities, and responding to incidents in real-time, leading to faster and more efficient defenses
[8, 9]. However, we have also discussed the disadvantages and challenges of using Al in this
field, including adversarial attacks and difficulties in interpreting Al system behavior. The risks
of Al systems being manipulated or bypassed by cybercriminals remain a concern [9, 10]. In the
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final chapter, we reviewed the latest trends in the field of Al and information security, as well
as future perspectives. We highlighted that further developments in Al-driven technologies will
provide revolutionary opportunities but will also require addressing complex challenges in the
future, such as the integration of Al into critical infrastructure and the increasing sophistication
of Al-powered cyberattacks [6, 9]. Ethical issues surrounding transparency, accountability, and
privacy will also need to be carefully considered as Al technologies continue to evolve [7, 10].
In conclusion, this article has highlighted the interaction between Al and information security,
emphasizing its transformative power while also underscoring the need to approach its use with
caution. By continuing research and development in this field, we can benefit from AI’s advan-
tages while addressing security concerns, ensuring a balanced and effective implementation of
Al technologies in the cybersecurity landscape [6, 8]. Future research should focus on devel-
oping resilient Al models and establishing regulatory frameworks to maximize benefits while
mitigating risks. With continued advancements, Al will play a pivotal role in securing digital
infrastructure.
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