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Abstract - The increasing complexity and frequency of 
cyber threats have created significant challenges for 
traditional security mechanisms, which often rely on 
predefined rules and signature-based detection. These 
approaches are limited in their ability to identify new and 
evolving attacks such as phishing, ransomware, and zero-day 
exploits. Artificial Intelligence (AI) offers a promising solution 
by introducing intelligent, adaptive, and automated security 
techniques. This paper provides a comprehensive review of AI-
driven methods in cybersecurity, focusing on Machine 
Learning (ML), Deep Learning (DL), and Natural Language 
Processing (NLP). It examines how these technologies are 
applied in key areas including intrusion detection, malware 
analysis, phishing identification, and fraud prevention. The 
study highlights the advantages of AI-based systems, such as 
improved detection accuracy, faster response time, and 
scalability in handling large volumes of data. At the same time, 
it discusses important challenges, including data dependency, 
computational requirements, and susceptibility to adversarial 
attacks. A comparative analysis between traditional and AI-
based cybersecurity approaches is also presented to 
demonstrate the effectiveness of intelligent systems in modern 
threat environments. The findings suggest that AI has the 
potential to significantly strengthen cybersecurity 
frameworks, although further research is needed to enhance 
reliability, transparency, and real-world implementation. 
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1. INTRODUCTION 
 

The rapid advancement of digital technologies, including 
cloud computing, the Internet of Things (IoT), and online 
communication platforms, has significantly increased the 
volume and complexity of data being generated and 
transmitted across networks. While these developments have 
improved connectivity and efficiency, they have also 
expanded the attack surface for cybercriminals. As a result, 
cybersecurity has become a critical concern for individuals, 
organizations, and governments worldwide. Cyber threats 
such as phishing attacks, ransomware, Distributed Denial of 
Service (DDoS), and zero-day vulnerabilities are becoming 
more frequent, sophisticated, and difficult to detect using 
traditional security mechanisms. 

Conventional cybersecurity approaches primarily rely on 
signature-based and rule-based detection techniques. These 
methods are effective in identifying known threats but often 
fail to detect new or evolving attacks. Additionally, the 

growing scale of network traffic and the speed at which 
cyberattacks occur make it increasingly difficult for human 
analysts to monitor and respond to threats in real time. This 
has created a need for intelligent systems that can 
automatically analyze large volumes of data, recognize 
patterns, and adapt to new attack strategies without constant 
human intervention. 

Artificial Intelligence (AI) has emerged as a powerful 
solution to address these challenges. By leveraging advanced 
computational models, AI enables systems to learn from 
historical data, identify anomalies, and make informed 
decisions. Techniques such as Machine Learning (ML), Deep 
Learning (DL), and Natural Language Processing (NLP) have 
been widely adopted in cybersecurity applications. These 
techniques allow for improved detection of malicious 
activities, enhanced threat prediction, and automated 
response mechanisms. For example, ML algorithms can 
classify network traffic as normal or malicious, while DL 
models can analyze complex patterns in malware behavior. 
Similarly, NLP techniques are used to detect phishing emails 
and analyze suspicious text-based communication. 

Despite its advantages, the adoption of AI in cybersecurity 
also presents several challenges. These include the need for 
large and high-quality datasets, high computational 
requirements, and the risk of adversarial attacks that can 
manipulate AI models. Furthermore, many AI systems 
operate as “black boxes,” making it difficult to interpret their 
decisions, which raises concerns about transparency and 
trust. 

This paper aims to provide a comprehensive review of AI 
techniques applied in cybersecurity, highlighting their 
applications, benefits, and limitations. It also presents a 
comparison between traditional and AI-based approaches 
and identifies key research gaps and future directions. By 
analyzing recent advancements, this study contributes to a 
better understanding of how AI can be effectively utilized to 
strengthen modern cybersecurity systems. 

 
2. LITERATURE SURVEY  
 
The integration of Artificial Intelligence (AI) into 
cybersecurity has attracted significant research attention in 
recent years due to its ability to enhance threat detection 
and response capabilities. This section reviews recent 
studies (2023–2026) focusing on Machine Learning (ML), 
Deep Learning (DL), and emerging AI techniques in 
cybersecurity applications. 
Several studies have emphasized the growing importance of 
AI in modern security systems. Recent survey-based 
research highlights that AI-driven approaches enable 
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proactive defense mechanisms by analyzing patterns and 
detecting anomalies in network traffic. These systems 
outperform traditional signature-based methods, 
particularly in identifying previously unseen threats. 
However, the effectiveness of such systems largely depends 
on the availability of high-quality training data. 
 
Machine Learning techniques have been widely applied in 
intrusion detection systems (IDS) and spam filtering. 
Algorithms such as Decision Trees, Support Vector Machines 
(SVM), and Random Forest are commonly used for 
classifying network behavior as normal or malicious. 
Research indicates that ML-based models achieve high 
detection accuracy; however, they often suffer from issues 
such as overfitting, imbalanced datasets, and high false 
positive rates. These limitations can reduce their 
effectiveness in real-world deployment. 
 
Deep Learning approaches have further improved 
cybersecurity solutions by enabling automatic feature 
extraction from complex and high-dimensional data. Models 
such as Convolutional Neural Networks (CNN) and Long 
Short-Term Memory (LSTM) networks have been 
successfully applied in malware detection and network 
traffic analysis. Studies show that these models outperform 
traditional ML techniques in detecting sophisticated and 
multi-stage attacks. Despite these advantages, deep learning 
models require large datasets and substantial computational 
resources, which can limit their practical implementation. 
In addition to ML and DL, Natural Language Processing 
(NLP) has been utilized to address text-based cyber threats, 
particularly phishing attacks and social engineering. NLP 
techniques analyze email content, URLs, and message 
patterns to identify malicious intent. Recent research 
demonstrates that NLP-based systems significantly improve 
phishing detection accuracy compared to conventional 
filtering methods. 
 
Emerging trends in cybersecurity research include the use of 
hybrid and ensemble models, which combine multiple AI 
techniques to improve performance and reduce false alarms. 
Furthermore, federated learning has gained attention as a 
privacy-preserving approach that allows multiple 
organizations to collaboratively train models without 
sharing sensitive data. Another growing area is the 
application of generative AI and large language models for 
threat intelligence and vulnerability detection, although 
these technologies also introduce new security risks such as 
model manipulation and adversarial attacks. 
Despite substantial progress, several challenges remain. 
Many studies rely on outdated or synthetic datasets, which 
limits the generalization of AI models in real-world 
scenarios. Additionally, the lack of explainability in AI 
systems raises concerns about trust and transparency. 
Addressing these issues is essential for the successful 
deployment of AI-based cybersecurity solutions. 
 

Study Technique Application Key Finding 
2023 
Review 

AI General 
Security 

Automation & 
improved 
detection 

2024 
MDPI 

ML IDS Data quality 
issues 

2023 
IDS 
Review 

DL Intrusion 
Detection 

High accuracy 

2025 
GenAI 

LLM Threat 
Intelligence 

New risks 
introduced 

2026 
Survey 

ML IDS False positives 
remain 
challenge 

 

 
3. PROBLEM DEFINITION 

 
The rapid growth of digital systems and internet-based 
services has significantly increased the scale and complexity 
of cyber threats. Modern attacks such as phishing, 
ransomware, advanced persistent threats, and zero-day 
vulnerabilities are continuously evolving, making them 
difficult to detect using conventional security techniques. 
Traditional cybersecurity systems primarily rely on 
signature-based and rule-based methods, which are effective 
only against known threats. These systems fail to identify 
new or unknown attack patterns, leaving networks 
vulnerable to emerging risks. 
 
Another major challenge is the massive volume of data 
generated in modern network environments. Monitoring and 
analyzing this data manually is not feasible, leading to 
delayed threat detection and response. Additionally, existing 
systems often produce a high number of false positives, 
which can overwhelm security analysts and reduce 
operational efficiency. 
 
Although Artificial Intelligence (AI) has shown promising 
results in improving cybersecurity, several limitations still 
exist. AI-based models require large amounts of high-quality 
training data, which is often difficult to obtain. Moreover, 
these models can be computationally expensive and may not 
perform well in real-time or resource-constrained 
environments. There is also a growing concern regarding 
adversarial attacks, where attackers manipulate input data 
to deceive AI systems. Furthermore, the lack of transparency 
in many AI models makes it difficult to interpret their 
decisions, raising issues of trust and reliability. 
 
Therefore, the core problem addressed in this paper is the 
need for an intelligent, adaptive, and efficient cybersecurity 
framework that can accurately detect both known and 
unknown threats, minimize false alarms, operate in real 
time, and overcome the limitations of traditional and existing 
AI-based approaches. 
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4. TECHNIQUES IN CYBERSECURITY 
 
Artificial Intelligence (AI) has introduced advanced 
techniques that significantly enhance the capability of 
cybersecurity systems to detect, analyze, and respond to 
threats. These techniques enable systems to learn from data, 
identify hidden patterns, and adapt to evolving attack 
strategies. The most widely used AI techniques in 
cybersecurity include Machine Learning (ML), Deep 
Learning (DL), and Natural Language Processing (NLP). 

 
4.1 Machine Learning (ML) 
 
Machine Learning is one of the most commonly used AI 
techniques in cybersecurity. It allows systems to learn from 
historical data and make predictions without being explicitly 
programmed. ML algorithms are particularly effective in 
identifying anomalies and classifying network behavior as 
normal or malicious. 
 
Supervised learning techniques, such as Decision Trees, 
Support Vector Machines (SVM), and Random Forest, are 
widely used for intrusion detection and spam filtering. These 
models are trained on labeled datasets and can achieve high 
accuracy in detecting known attack patterns. On the other 
hand, unsupervised learning techniques, such as clustering 
and anomaly detection, are useful for identifying unknown 
or zero-day attacks by recognizing deviations from normal 
behavior. 
 
Despite their effectiveness, ML models may suffer from 
limitations such as overfitting, dependency on high-quality 
data, and sensitivity to imbalanced datasets. 

 
4.2 Deep Learning (DL) 
 
Deep Learning is a subset of Machine Learning that uses 
neural networks with multiple layers to analyze complex 
data. It is particularly useful for handling large-scale and 
high-dimensional cybersecurity data, such as network traffic 
logs and malware binaries. 
 
Common deep learning models include Convolutional Neural 
Networks (CNN), Recurrent Neural Networks (RNN), and 
Long Short-Term Memory (LSTM) networks. CNNs are often 
used for malware detection by analyzing binary patterns, 
while RNNs and LSTMs are effective in sequence-based tasks 
such as network traffic analysis and intrusion detection. 
 
Deep learning models can automatically extract features 
from raw data, reducing the need for manual feature 
engineering. However, they require significant 
computational resources, large datasets, and longer training 
times, which can limit their deployment in real-time systems. 

 
 
 

4.3 Natural Language Processing (NLP) 
 
Natural Language Processing focuses on analyzing and 
understanding human language. In cybersecurity, NLP is 
primarily used to detect text-based threats such as phishing 
emails, spam messages, and social engineering attacks. 
 
NLP techniques analyze email content, URLs, and message 
patterns to identify suspicious behavior. Techniques such as 
text classification, sentiment analysis, and keyword 
extraction help in distinguishing between legitimate and 
malicious communication. 
 
Recent advancements in language models have further 
improved the accuracy of phishing detection systems. 
However, NLP models can be vulnerable to manipulation 
through carefully crafted malicious text. 

 
4.4 Hybrid and Ensemble Techniques 
 
To improve detection performance, many modern 
cybersecurity systems combine multiple AI techniques. 
Hybrid models integrate ML, DL, and NLP approaches to 
leverage their individual strengths. Ensemble methods, such 
as bagging and boosting, combine multiple models to reduce 
errors and improve accuracy. 
 
These techniques help in minimizing false positives and 
enhancing the robustness of cybersecurity systems. 
However, they may increase system complexity and 
computational overhead. 

 
4.5 Emerging AI Techniques 
 
Recent research has introduced new approaches such as 
federated learning, reinforcement learning, and generative 
AI in cybersecurity. Federated learning enables collaborative 
model training without sharing sensitive data, thus 
preserving privacy. Reinforcement learning is used for 
adaptive defense strategies, where systems learn optimal 
actions through interaction with the environment. 
Generative AI models are being explored for threat 
intelligence and automated vulnerability detection. 

 
While these techniques offer promising results, they also 
introduce new challenges, including security risks associated 
with model manipulation and increased system complexity. 

 
5. PROPOSED SOLUTIONS 

 
To address the limitations of traditional cybersecurity 
systems, this paper proposes an AI-driven hybrid 
cybersecurity framework that integrates Machine Learning 
(ML), Deep Learning (DL), and Natural Language Processing 
(NLP) for efficient threat detection and response. The 
proposed approach is designed to handle both structured 



          International Research Journal of Engineering and Technology (IRJET)       e-ISSN: 2395-0056 

               Volume: 13 Issue: 04 | Apr 2026              www.irjet.net                                                                          p-ISSN: 2395-0072 

  

© 2026, IRJET       |       Impact Factor value: 8.315       |       ISO 9001:2008 Certified Journal       |     Page 2361 
 

and unstructured data, enabling accurate identification of 
known as well as unknown cyber threats. 
 
5.1 Overview of the Proposed Framework 
 
The proposed system follows a multi-layered architecture 
consisting of data collection, preprocessing, feature 
extraction, model training, and decision-making modules. 
Each layer plays a critical role in ensuring accurate and real-
time threat detection. 
 
5.2 Data Collection Layer 
 
This layer gathers data from multiple sources, including: 

 Network traffic logs  
 System event logs  
 Email content and URLs  
 User activity records  

The use of diverse data sources ensures a comprehensive 
analysis of potential threats. 
 
5.3 Data Preprocessing 
 
Raw data is often noisy and inconsistent. Therefore, 
preprocessing steps are applied, including: 

 Data cleaning and normalization  
 Removal of redundant or irrelevant features  
 Handling missing values  
 Data labeling for supervised learning  

This step improves the quality of input data and enhances 
model performance. 
 
5.4 Feature Extraction and Selection 
 
Relevant features are extracted from the processed data to 
reduce dimensionality and improve efficiency. Techniques 
such as statistical analysis and automated feature selection 
are used to identify the most important attributes 
influencing threat detection. 
 
5.5 Hybrid AI Model 
 
The core of the proposed system is a hybrid AI model that 
combines multiple techniques: 

 Machine Learning (ML): Used for classification 
tasks such as identifying normal vs malicious 
network traffic.  

 Deep Learning (DL): Applied for detecting complex 
patterns in malware and network behavior.  

 Natural Language Processing (NLP): Utilized for 
analyzing text-based data such as phishing emails 
and suspicious messages.  

The integration of these techniques improves detection 
accuracy and reduces false positives. 
 
 
 

5.6 Decision-Making and Response Layer 
 
The outputs from different models are combined using an 
ensemble approach to make final decisions. Based on the 
detected threat, the system can: 

 Generate alerts  
 Block malicious activities  
 Trigger automated response mechanisms  

This layer ensures timely action against cyber threats. 
 
5.7 Advantages of Proposed Method 
 

 Detects both known and unknown attacks  
 Reduces false positive rates  
 Supports real-time monitoring  
 Handles large and diverse datasets  
 Enhances overall system adaptability  

5.8 Limitations 
 Requires high computational resources  
 Depends on quality and availability of data  
 Complexity increases due to hybrid architecture 

 
6. APLICATIONS OF AI IN CYBERSECURITY 

 
Artificial Intelligence (AI) has become a key enabler in 
modern cybersecurity by providing intelligent, automated, 
and scalable solutions to detect and mitigate cyber threats. 
Its ability to process large volumes of data and identify 
hidden patterns makes it highly effective across various 
cybersecurity applications. 
 
6.1 Intrusion Detection and Prevention Systems 
(IDS/IPS) 
 
AI techniques are widely used in Intrusion Detection and 
Prevention Systems to monitor network traffic and identify 
suspicious activities. Machine Learning models analyze 
patterns in network behavior to distinguish between normal 
and malicious traffic. Unlike traditional systems, AI-based 
IDS can detect unknown or zero-day attacks using anomaly 
detection methods. These systems can also adapt over time 
by learning from new attack patterns, thereby improving 
detection accuracy. 
 
6.2 Malware Detection and Analysis 
 
AI plays a significant role in identifying and analyzing 
malware. Traditional antivirus systems rely on signature 
databases, which are ineffective against new malware 
variants. AI-based systems, particularly those using Deep 
Learning, can detect malicious software based on behavior 
and structural patterns. This enables the identification of 
previously unseen malware and reduces dependence on 
frequent signature updates. 
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6.3 Phishing Detection 
 
Phishing attacks are one of the most common cybersecurity 
threats. AI techniques, especially Natural Language 
Processing (NLP), are used to analyze email content, URLs, 
and website features to detect phishing attempts. These 
systems can identify subtle linguistic patterns and anomalies 
that may indicate malicious intent, significantly improving 
detection rates compared to traditional filtering methods. 
 
6.4 Fraud Detection 
 
AI is extensively used in financial systems to detect 
fraudulent activities. Machine Learning models analyze 
transaction patterns and user behavior to identify suspicious 
activities in real time. This helps prevent unauthorized 
transactions, credit card fraud, and identity theft. The ability 
to continuously learn from new data allows these systems to 
adapt to evolving fraud techniques. 
 
6.5 Network Traffic Analysis 
 
AI techniques are used to analyze large volumes of network 
traffic data to detect anomalies and potential threats. Deep 
Learning models can process complex and high-dimensional 
data to identify unusual patterns that may indicate 
cyberattacks such as Distributed Denial of Service (DDoS) 
attacks or data breaches. This enhances the ability of 
organizations to monitor network activity efficiently. 
 
6.6 User Behavior Analytics (UBA) 
 
User Behavior Analytics involves monitoring and analyzing 
user activities to detect insider threats and compromised 
accounts. AI models establish a baseline of normal user 
behavior and identify deviations that may indicate malicious 
activity. This approach is particularly useful in detecting 
threats that originate from within an organization. 
 
6.7 Threat Intelligence and Prediction 
 
AI enables proactive cybersecurity by predicting potential 
threats before they occur. By analyzing historical data and 
current trends, AI systems can forecast possible attack 
vectors and vulnerabilities. This allows organizations to take 
preventive measures and strengthen their security posture 
in advance. 
 
6.8 Automated Incident Response 
 
AI-powered systems can automate the response to detected 
threats, reducing the time required to mitigate attacks. These 
systems can trigger alerts, block malicious traffic, isolate 
affected systems, and initiate recovery procedures without 
human intervention. This improves response time and 
minimizes potential damage. 
 

7. CHALLENGES AND LIMITATIONS OF AI IN 
CYBERSECURITY 

 
Although Artificial Intelligence (AI) has significantly 
improved cybersecurity capabilities, its adoption is 
accompanied by several challenges and limitations that must 
be addressed for effective real-world implementation. 
 
7.1 Data Dependency and Quality Issues 
 
AI models require large volumes of high-quality, labeled data 
for training and validation. In cybersecurity, obtaining such 
datasets is difficult due to privacy concerns and the sensitive 
nature of security data. Additionally, many available datasets 
are outdated or imbalanced, which can negatively affect 
model performance and lead to inaccurate predictions. 
 
7.2 High Computational Cost 
 
Advanced AI techniques, particularly Deep Learning models, 
demand significant computational resources for training and 
deployment. This includes high-performance hardware such 
as GPUs and large memory capacity. As a result, 
implementing AI-based cybersecurity systems can be costly 
and may not be feasible for small organizations or real-time 
applications with limited resources. 
 
7.3 False Positives and False Negatives 
 
AI-based systems may generate false positives (benign 
activities classified as malicious) and false negatives 
(malicious activities classified as normal). A high false 
positive rate can overwhelm security analysts with 
unnecessary alerts, while false negatives can allow actual 
threats to go undetected, posing serious risks. 
 
7.4 Adversarial Attacks on AI Models 
 
AI systems themselves can become targets of attacks. 
Adversarial techniques involve manipulating input data to 
deceive AI models into making incorrect predictions. For 
example, attackers can modify malware signatures or 
network traffic patterns to bypass detection systems. This 
raises concerns about the robustness and reliability of AI-
based security solutions. 
 
7.5 Lack of Explainability (Black Box Problem) 
 
Many AI models, especially deep learning models, operate as 
“black boxes,” meaning their decision-making process is not 
easily interpretable. This lack of transparency makes it 
difficult for security professionals to understand why a 
particular action was classified as malicious, reducing trust 
in the system and complicating incident analysis. 
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7.6 Scalability and Real-Time Implementation 
 
Handling large-scale network environments and ensuring 
real-time threat detection remain challenging. AI models 
must process massive amounts of data quickly, which can 
lead to performance bottlenecks. Ensuring scalability while 
maintaining accuracy is a critical concern. 
 
7.7 Integration with Existing Systems 
 
Integrating AI-based solutions with traditional cybersecurity 
infrastructure can be complex. Compatibility issues, system 
upgrades, and the need for specialized expertise can hinder 
adoption. Organizations may also face challenges in 
maintaining and updating AI models over time. 
 
7.8 Ethical and Privacy Concerns 
 
The use of AI in cybersecurity involves the collection and 
analysis of large amounts of user data, raising concerns 
about privacy and data protection. Ensuring compliance with 
regulations and maintaining ethical standards is essential 
when deploying AI-based systems. 
 
8. COMPARISON: AI-BASED VS TRADITIONAL 
CYBERSECURITY 

 
Cybersecurity has evolved from traditional rule-based 
systems to intelligent AI-driven approaches. Traditional 
cybersecurity mechanisms rely on predefined rules, 
signatures, and human intervention to detect and mitigate 
threats. While these methods are effective against known 
attacks, they struggle to handle modern, sophisticated, and 
rapidly evolving cyber threats. 
 
In contrast, AI-based cybersecurity systems utilize Machine 
Learning (ML), Deep Learning (DL), and other advanced 
techniques to automatically analyze data, detect anomalies, 
and respond to threats in real time. These systems can learn 
from past experiences and adapt to new attack patterns 
without requiring constant manual updates. 
 
One of the key differences lies in detection capability. 
Traditional systems depend on known signatures, making 
them ineffective against zero-day attacks. AI-based systems, 
however, use behavior analysis and anomaly detection to 
identify previously unseen threats. Additionally, AI systems 
significantly reduce response time through automation, 
whereas traditional systems often rely on manual 
intervention, leading to delays. 
 
Scalability is another important factor. With the exponential 
growth of data, traditional systems face limitations in 
processing large volumes of network traffic. AI-based 
systems are designed to handle big data efficiently and can 
scale according to organizational needs. However, AI 
systems also introduce challenges such as high 

computational requirements, dependency on data quality, 
and potential vulnerability to adversarial attacks. 
 
Overall, AI-based cybersecurity provides a more dynamic, 
efficient, and adaptive solution compared to traditional 
approaches, making it more suitable for modern threat 
environments. 
 
Table: Comparison Between Traditional and AI-Based 
Cybersecurity 

Parameter 
Traditional 
Cybersecurity 

AI-Based 
Cybersecurity 

Detection 
Method 

Signature-based 
Behavior & 
anomaly-based 

Threat Coverage 
Known threats 
only 

Known + unknown 
(zero-day) threats 

Adaptability 
Low (manual 
updates required) 

High (self-learning 
models) 

Response Time 
Slower (manual 
intervention) 

Faster (automated 
response) 

Accuracy Moderate 
High (with proper 
training data) 

False Positives Relatively high 
Reduced (with 
optimized models) 

Scalability Limited Highly scalable 

Data Handling 
Limited data 
processing 
capability 

Efficient handling 
of large datasets 

Human 
Dependency 

High Reduced 

Implementation 
Cost 

Lower initial cost 
Higher due to 
infrastructure 

Maintenance 
Manual rule 
updates 

Continuous model 
training required 

Security Risks 
Less vulnerable to 
AI-specific attacks 

Vulnerable to 
adversarial attacks 

Real-Time 
Detection 

Limited capability 
Strong real-time 
capability 

 
9. CONCLUSION 

 
The increasing frequency and sophistication of cyber threats 
have made traditional cybersecurity approaches insufficient 
for protecting modern digital systems. This paper has 
presented a comprehensive review of Artificial Intelligence 
(AI) techniques in cybersecurity, highlighting the role of 
Machine Learning (ML), Deep Learning (DL), and Natural 
Language Processing (NLP) in enhancing threat detection 
and response capabilities. These techniques enable systems 
to analyze large volumes of data, identify complex patterns, 
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and adapt to evolving attack strategies, making them highly 
effective in addressing modern security challenges. 
The study has examined key applications of AI in areas such 
as intrusion detection, malware analysis, phishing detection, 
and fraud prevention. It has also provided a comparative 
analysis between traditional and AI-based cybersecurity 
approaches, demonstrating the superior performance of AI-
driven systems in terms of accuracy, scalability, and real-
time response. Despite these advantages, several challenges 
remain, including data dependency, high computational 
requirements, lack of explainability, and vulnerability to 
adversarial attacks. 
Overall, AI has the potential to significantly strengthen 
cybersecurity frameworks by providing intelligent and 
automated defense mechanisms. However, to fully realize its 
potential, future research must focus on developing more 
efficient, transparent, and robust AI models. Integrating 
explainable AI, improving data quality, and ensuring secure 
deployment will be essential for building reliable and 
trustworthy cybersecurity systems in the future. 
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