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Generative Pre-trained Transformer (GPT) models are revolutionizing cybersecurity by 

enhancing threat detection, risk evaluation, phishing defense, and automatic vulnerability 

analysis. This study delves into the various applications of GPT Technologies in security 

operations, emphasizing their competence in processing security information of large 

volume, anomaly detections, and providing real-time insights. Case studies cite 

quantifiable benefits: Anomaly detection by AI reached a high of 80% accuracy, malware 

and phishing classification 75–95% accuracy, and Microsoft Copilot reduced phishing 

attacks by 45% in commercial settings. VirusTotal and Cylance AI improved malware 

categorization accuracy by 38%, reducing false positives by 35%. Incident response 

effectiveness was improved by as high as 40% in reported deployments. However, GPT 

models are also exposed to adversarial exploitation, gaps in explanation, integration 

issues, and dependence on previous data. This paper lists countermeasures, such as prompt 

engineering, fine-tuning, domain-specific training, and hybrid AI-human decision 

systems. Findings further highlight the significance of continuous updates, 

interdisciplinary collaboration with adherence to ethical frameworks to reap the full 

benefits of GPT-powered cybersecurity. So, take into consideration integrating these 

models into present security ecosystems. This way, organizations may strengthen their 

defenses, improve risk management, and make resilience against cyber threats. 
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1. INTRODUCTION

Cybersecurity threats are advancing unprecedentedly, 

posing significant risks to individuals, organisations, and 

political bodies. Traditional security solutions, such as rule-

based threat detection and signature-based malware defence, 

are insufficient to address the increasing complexity of cyber-

attacks. Criminals are utilising advanced techniques, including 

artificial intelligence (AI) and automation, to bypass existing 

security systems [1]. This situation has created an urgent need 

for more flexible and sophisticated cybersecurity measures. 

Generative Pre-trained Transformer (GPT) models, a subset of 

generative artificial intelligence, have emerged as powerful 

tools for augmenting cybersecurity protocols. These models 

can analyse large datasets, identify patterns, and predict 

possible risks before they arise. GPTs have been utilised in 

various security domains, encompassing threat detection, 

phishing prevention, automated security upgrades, and 

vulnerability evaluation. Their expertise in handling 

unstructured data, generating human-like prose, and providing 

immediate insights makes them essential in modern 

cybersecurity systems [2]. 

Cybersecurity has become one of the megachallenges of the 

digital age, where organizations face ever-growing 

sophisticated threats against data integrity, privacy, and 

system resilience. For decades, traditional tools-the firewalls, 

signature-based antivirus software, and intrusion 

detection/prevention systems (IDS/IPS) have served the 

purposes of first-line defense [3]. These methods primarily 

operate based on known attack signatures, enforced static 

security rules, or the detection of anomalies against predefined 

bases. Their structuralized nature has enabled their 

effectiveness at handling traditional threats and compliance 

with security policies [4]. 

These traditional approaches, however, are severely 

deficient in an age when cyber threats metamorphoses faster 

than one can blink. Signature-based systems cannot even see 

zero-day exploits or polymorphic malware that mutate 

continuously to escape detection. Although heuristic and 

anomaly detection tools can identify unfamiliar patterns, they 
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have extremely high false positives to inundate analysts and 

slow their responses [5, 6]. Moreover, rule-based tools are 

contextually hollow, leaving them ineffective against 

complicated attacks such as spear-phishing, insider threats, 

and multi-vector campaigns, which take advantage of human 

and system vulnerabilities [7]. Manual updating and human 

intervention further limit their scalability in contemporary 

dynamic environments [8]. 

All these limitations can now be overcome with the recent 

developments in artificial intelligence, especially by the so-

called LLMs such as GPT. GPT-powered systems use natural 

language processing and deep learning to read through real-

time analysis using massive, heterogeneous, and unstructured 

data sets, such as threat reports, logs, and communications [9]. 

Unlike other traditional methods, GPT models are not limited 

to established rules; they adaptively learn so that they can 

detect novel attack vectors and prognosticate emerging threats 

[10]. Their unique context-aware insights, automating the 

synthesis of threat intelligence, and including the provision of 

natural language explanations to support human analysts really 

set them apart in the face of rising complexity concerning 

cybersecurity. 

 

 
 

Figure 1. Effectiveness of generative AI in cybersecurity 

tasks 

 

The author's analysis highlights the effectiveness of 

generative AI in cybersecurity. Figure 1 demonstrates that AI-

enabled anomaly detection attains an 80% success rate, whilst 

the identification of phishing and malware achieves 75%. 

These findings highlight the significant potential of generative 

AI in enhancing proactive security measures by identifying 

threats before their escalation. These functionalities enable 

security staff to respond swiftly, reducing cyber-attack 

consequences and lessening the burden on human analysts. 

However, despite their potential, GPT models present new 

obstacles. A major worry is their susceptibility to adversarial 

attacks, in which malevolent actors alter AI outputs to evade 

detection or provide deceptive information [11]. Moreover, 

GPTs can be exploited to create sophisticated phishing 

schemes, automated malware, and deepfake-facilitated social 

engineering scams [12]. Their reliance on pre-trained datasets 

raises concerns about biases, obsolete threat intelligence, and 

the incidence of false positives in security assessments [13]. 

The integration of these models into existing cybersecurity 

frameworks requires careful consideration of scalability, 

interpretability, and compliance with regulatory norms [13].  

This study places AI powered by GPT within the 

transformative line, not replacing traditional cybersecurity 

solutions fully. Through the analysis, we shall explore how 

GPT models overall outperform the conventional, adaptive, 

predictive, and even contextual dimensions. Research focuses 

on whether systems based on GPT can reduce false positives 

improve detection of zero-day and advanced persistent threats 

and enhance response to incidents. Filling this gap in research 

will showcase how GPT models innovate surpassing 

limitations of current tools and will result in a better 

innovation of development towards resilient, intelligent, and 

proactive cybersecurity strategies [2]. 

This paper investigates the GPT model's contribution to 

enhancing cybersecurity measures, emphasising its 

applicability, limitations, and potential remedies. The 

objective is to tackle the subsequent primary enquiries:  

(1) How are GPT models utilised in cybersecurity, and 

what are their primary applications? 

(2) What is the role of models like GPT in terms of security 

for risk assessment and light vulnerability analysis?  

(3) How good are the performance metrics for phishing 

detection and prevention by the GPT-enabled models 

and what case studies can draw a conclusion from this?  

(4) What are the limitations and challenges of GPT models 

in cybersecurity, and what potential solutions can 

address these issues? 

 

1.1 Motivations 

 

The need for more efficient, intelligent and active security 

solutions has been used AI and generative models, especially 

GPT. Figure 2 shows the double role of AI in Cybersecurity, 

where it is predicted to generate 10% of cyber threats by the 

end of 2025 while reducing 70% of them. The increasing 

dependence on AI-controlled security solutions emphasizes 

the need for continuous progress in the AI security 

mechanism. The motivation for this study stems from the 

following key concerns: 

 

 
 

Figure 2. Projected AI-generated vs. AI-mitigated cyber 

threats (2023-2025) 

 

(1)  Needs to increase cyber threats and require AI-driven 

security: Traditional security solutions are often 

reactive rather than proactive, which increases security 

breaches.  

(2) Challenges in the founding and reaction: Cybersecurity 

faces increasing challenges in detecting and reducing 

attacks due to the enormous amounts of security alerts. 

(3) The moral and security risk for AI in cybersecurity: 
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While AI strengthens security, it also causes risk even 

when abused. Cybercriminals can utilize GPT models 

to generate sophisticated fishing E-mail messages, 

automatically harmful software development and 

bypass traditional security checks. In addition, the AI-

operated security models may be unsafe for 

unfavourable attacks, data poisoning and biased 

decisions.  

(4) Cybersecurity frameworks and AI integrations: 

Companies find combining AI-driven security solutions 

with traditional systems challenging. Many 

cybersecurity frameworks were not meant to fit 

artificial intelligence, which caused interoperability 

problems. 

Cybersecurity innovations and advancing AI: AI models 

capable of learning and adapting in real time are necessary due 

to the ongoing evolution of cyber threats. 

 

1.2 Contributions 

 

The present survey thoroughly examines the applications, 

challenges, and potential solutions of GPT models in the 

application of threat detection. Among the most significant 

contributions of this review are:  

(1) Investigates how GPT models employ natural language 

processing to detect anomalies, phishing attacks, and 

other malicious activities. 

(2) Measuring the usability of GPT models to detect 

fraudulent activities and new tactics in phishing.  

(3) Evidence of how GPT models grow when more data is 

available and generate transitional systems across 

various cybersecurity domains.  

(4) Few studies manage to show the applied effectiveness 

of the GPT models, demonstrating their real-world 

applications in such things as threat detection and 

subsequently increasing operational efficiencies and 

resilience against future cyber threats. 

 

 

2. BACKGROUND  

 

2.1 Summary of existing studies on cybersecurity 

mechanisms  

 

Existing research on cybersecurity defense mechanisms has 

mainly revolved around traditional tools such as firewalls, 

signature-based antivirus systems, and intrusion 

detection/prevention systems (IDS/IPS) [14]. These studies 

show the efficacy of such methods in detecting known threats 

and ensuring compliance with organizational security policies. 

Such techniques' simplicity, efficiency for well-documented 

attacks, and relatively low computational requirements make 

them ideal for basic security across various infrastructures 

[15]. 

However, literature discusses serious drawbacks to these 

approaches. Signature-based detection cannot recognize zero-

day or polymorph attacks; hence, it leaves the organization 

vulnerable to new threats [16]. The study of anomaly and 

heuristic detection techniques shows some progress in 

detecting attacks that are unknown; however, it also 

underscores hurdles regarding false-positive rates, scalability, 

and contextual understanding. Furthermore, most of the 

existing work tends to evaluate tools in isolation, focusing 

narrowly on achieving detection accuracy and overlooking the 

broader perspectives of adaptability, automation of response, 

and integration with human decision-making. 

The recent trend of putting artificial intelligence (AI) and 

machine learning (ML) approaches under the spotlight has 

appeared in cybersecurity [17, 18]. They reported 

advancements in malware classification, anomaly detection, 

and phishing detection but often using supervised models that 

require well-labeled datasets and cannot generalize well to 

unseen attack patterns. Few studies considered ever since 

investigated the large language models (LLMs) such as GPT, 

which differ fundamentally from classical AI methods by 

providing contextual reasoning and adaptability capabilities to 

traverse unstructured data sources, such as logs, reports, and 

threat intelligence feeds. 

The vacuum in current research lies in hardly any 

comparative analysis being made between GPT-powered AI 

systems and either traditional or former AI-based approaches. 

While the older studies tend to emphasize detection rates and 

algorithmic improvements, they hardly ever refer to larger 

scales of performance indicators, namely those pertaining to 

false-positive reductions, zero-day detection, contextual 

awareness, and full automation of threat response [19, 20]. 

Therefore, this study will bridge these gaps by systematically 

comparing GPT models with traditional tools, underscoring 

their superiority in terms of adaptability, predictive ability, and 

real-time decision support. Within the extensive field of 

cybersecurity research, this work places GPT-powered 

systems, therefore advancing understanding of how generative 

AI can overhaul defensive methods and surpass the limitations 

of existing approaches. Table 1 illustrates summary of existing 

studies on cybersecurity mechanisms. 

 

Table 1. Cybersecurity mechanisms on cybersecurity mechanisms 

 
Mechanisms Strengths Weaknesses 

Traditional Tools 

(Firewalls, IDS/IPS, 

Signature-based AV) 

Works well for known threats; Easy 

implementation, inexpensive; Well-established 

compliance infrastructures exist. 

Cannot detect zero-day or evolving threats; High 

dependence on manual intervention on updates; Very 

poor contextual understanding; High false negatives 

for new attacks. 

Machine Learning 

(Supervised/ Unsupervised 

Models) 

Unendorsed threat detection; Pattern recognition; 

Adaptability to huge datasets; Automation on 

classification tasks. 

Requirements for fully annotated datasets; 

Generalization is limited; Vulnerable to adversarial 

attacks; Claims moderately good false positive rates. 

GPT-bade AI Systems 

(LLMs) 

Context-aware threat detection; Adaptive 

learning; Effective against zero-day and 

polymorphic attacks; Automated threat intelligence; 

Reduced false positives. 

High computational requirements; Risk of 

adversarial manipulation; Still in early adoption stage; 

Requires careful alignment with human oversight. 
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2.2 Understanding GPT models in cybersecurity  

 

Developed with a remarkable ability to synthesize new 

information from their existing data, these AI models find 

practical applications in cyber security, generating human-like 

content such that advanced pattern recognition and anomaly 

detection are employed. Thus, these models improve the 

overall defence of corporations by exposing new potential 

threats that could be otherwise missed. Since GANs, VAEs, 

and Transformers are used for various generative artificial 

intelligence applications in cyber security, they differ in their 

data-processing approach and modeling paradigm for potential 

threats. While Transformers are at home with natural language 

processing tasks, for example, GANs produce realistic 

samples that help unearth security vulnerabilities. In cyber 

security, generative artificial intelligence systems have a 

working role automating responses to cyber-attacks and 

assisting in incident management. The most important feature 

of these models is that they allow security teams to prioritize 

new threats and adapt to new tactics by learning from vast 

historical datasets, thus forming the backbone of modern cyber 

security strategies. The applications of GPT in Cyber Security 

have been summarized in Figure 3. 

 

 
 

Figure 3. GPT applications in cybersecurity 

 

2.3 Core protection capabilities of GPTs 

 

Generative AI systems enhance threat detection, incident 

resolution, and vulnerability oversight by combing through 

large data sets and finding patterns to simulate potential attack 

scenarios. Tools such as Darktrace are used for machine 

learning to identify anomalies, making them prime to most of 

the modern cyber security strategies [21]. These are 

exceptional in mitigating known and new dangers in 

companies from multiple sectors by strong defensive tactics 

attributed to them. 

Artificial intelligence significantly hastens and improves 

the accuracy of threat abatement concerning direct incident 

management. Platforms like Splunk Phantom enable 

automated incident management by quickly examining data 

and identifying the root causes of security breaches. This 

automation ensures quick execution of appropriate actions, 

enhancing the security environment. Among the main areas 

where generative artificial intelligence excels is AI-augmented 

vulnerability management. AI solutions like Checkmarx 

empower companies to proactively address flaws using 

algorithms to find and prioritize vulnerabilities inside 

corporate systems. Artificial intelligence's continuous 

monitoring encourages better resource distribution and 

strengthened security defences [6]. Anomaly detection is 

greatly influenced by the GPT model, which identifies 

deviations from standard behaviour patterns that could 

indicate security concerns. AI-based systems such as 

Dynatrace AI track user behaviour and network traffic in real 

time, reducing false positives and delivering rapid responses 

to genuine threats. Depicting how Generative AI significantly 

cuts patch deployment time, Figure 4 compares manual 

patching, conventional automation, and AI-driven patching. 

 

 
 

Figure 4. Speed improvement in security patching using 

GPTs 

 

 

3. METHODOLOGY  

 

This study uses a mixed-method research strategy 

consisting of a literature review, quantitative data, and 

qualitative case study analysis. The most suitable method for 

investigating GPT models for cybersecurity is a mixed-

method approach, as cyber-attacks are notoriously complex 

and dynamic [22].  

 

3.1 Data collection and sources 

 

The literature review employed peer-reviewed journals 

(IEEE, ACM, Elsevier, Springer, MDPI), indexed databases 

(Scopus, Web of Science), and grey literature in the form of 

white papers and industry reports from vendors such as 

Microsoft, Google, Darktrace, and IBM. The timeframe was 

restricted to 2018–2025 for applicability to recent generative 

AI advancement in cybersecurity. This method allows for 

rigorous validation, quick applicability in authentic contexts, 

and comprehensive interpretation of AI-oriented security 

control. 

 

3.2 Preprocessing steps 

 

Step 1. Removal of duplicate records across databases. 

Step 2. Title/abstract screening for relevance to GPT-

powered cybersecurity applications. 

Step 3. Exclusion of studies lacking methodological rigor 

or industry applicability. 
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Step 4. Coding of included studies by thematic categories 

(threat detection, phishing, vulnerability analysis, anomaly 

detection, compliance). 

 

3.3 Case study selection 

 

Case studies (e.g., Microsoft Copilot, VirusTotal, 

Darktrace, Cylance AI) were selected when real-world 

deployment evidence was available. Furthermore, while 

Tashakkori contends that using both produces better and more 

usable results, most current studies on artificial intelligence in 

cybersecurity use either quantitative threat modelling or 

qualitative evaluation of attack tactics [23]. claims that 

combining case studies with actual data makes results more 

thorough, valid, and valuable and guarantees conclusions stay 

theoretically grounded but practically relevant [24]. 

 

 

3.4 Measures used in evaluation 

 

For the sake of comparison, we tracked the following 

performance metrics when available in sources: 

 

 
 

Figure 5. Flow diagram of study design and methods 

 

1) Detection accuracy and recall rates 

(phishing/malware/anomaly detection). 

2) False positive and false negative ratios. 

3) Response time savings in incident management. 

4) Percent improvement in vulnerability discovery and 

fraud detection. 

5) These metrics were validated against qualitative results 

(e.g., analyst interviews, operational case reports). 

The study used a methodical five-step strategy, combining 

quantitative results of the literature review and qualitative case 

study analysis to assess the effect of GPT models on 

cybersecurity, as shown in Figure 5. 

 

 

4. RESULTS  

 

The subsection below discusses this study's findings, which 

were constructed into four research objectives.  

 

4.1 The applications for GPTs in cybersecurity 

 

The first objective of this review is to examine the use cases 

of GPT models in Cybersecurity. The subsection below 

discusses the contributions of GPT models towards improving 

cybersecurity activities such as threat detection, risk 

assessment, phishing prevention, anomaly discovery, and 

automated security patching. Figure 6 shows the applications 

of GPT-based AI supporting Cybersecurity. 

 

 
 

Figure 6. GPT applications-based AI 

 

4.1.1 Threat detection and prevention 

Cybersecurity-wise, the advancements made by the GPTs 

are giving credibility to that field, especially around 

identification and prevention of threats. This intelligent 

technology leverages advanced algorithms to create patterns, 

models, and simulations to predict and recognize potential 

cyber threats even before they can inflict damage. In late 2025, 

the GPTs will be responsible for creating 10% of all 

Cybersecurity hazards and at the same time detecting and 

reducing 70% of them [25]. This ability is important in a 

scenario where traditional signature-based identity methods 

are ineffective against the sophisticated and developed nature 

of cyber threats. Generative AI algorithms can analyze 

gigantic datasets, learn from past events and predict future 

attacks, improve the active opportunities for Cybersecurity 

systems. For example, researchers have used generic models 

to create a lure to mimic actual data, which can be used to 

remove attackers from real sensitive information and improve 

the general safety currency of an organization. The 

preponderance of current research indicates that generative AI 

holds the potential to significantly decrease the interval 

between the emergence of a novel threat and its subsequent 

identification, thereby reducing the attack surface and the 

likelihood of resulting damage [26]. 

 

4.1.2 Automated security patching and response 

Another greater use of GPTs in Cybersecurity is the 

automation of security updates and reaction processes. 

Cybersecurity experts sometimes struggle to keep up with the 

never-ending flow of software flaws calling for repair. The AI 
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can examine the source code of the software system and 

automatically provide patches, therefore reducing the manual 

labour and time needed to address the flaws. Given the rising 

incidence of zero-day attacks, in which attackers take use of 

undiscovered vulnerabilities [27]. GPTs can help the system 

to be more flexible against such exploitation by allowing for 

the creation of a tailored remark. Furthermore, the artificial 

intelligence-related patch can be evaluated for efficacy against 

fake attacks, so improving and simplifying the patch 

management system. A study by the Massachusetts Institute of 

Technology (MIT) found that generative artificial intelligence 

models could create patches not only functional but also 

human-like in their coding style, which could help to improve 

integration with current code locations. The speed of the 

package is a key element in the defence against cyber threats, 

so this automation can lead reduced costs and improved 

security [28]. 

 

4.1.3 Phishing and malware detection 

Most of the current studies show that by offering a great 

variety of training data that cannot be produced using 

conventional techniques, GPTs can greatly enhance the 

accuracy of fishing and malware detection systems [29]. GPTs 

is also used to fight fishing and malware attacks. These types 

of threats are often dependent on social technology and 

misleading strategies, so users can be fooled when it comes to 

clicking on malicious links or downloading malicious files. 

The GPT model can be trained to identify the pattern and to 

generate new, synthetic examples of a large dataset with 

fishing posts and malware that is then used to train the 

detection system [30]. This approach, known as adversarial 

training, helps to improve the accuracy and strength of the 

detection algorithms. For instance, scientists at Google have 

built a system dubbed "PhishGAN" using Generative AI and 

generated actual phishing addresses to train their anti-phishing 

tools. The normalisation functions of the model are improved 

by the system's capacity to generate several pertinent and 

pertinent phishing samples, hence increasing its ability to 

identify new and complex attacks.  

 

 
 

Figure 7. Phishing and malware detection accuracy by model 

type 

 

Figure 7 presents a bar graph comparing detection accuracy 

across classical, machine learning-based, and Generative AI-

based detection systems, proving AI's superior performance. 

4.1.4 AI-driven anomaly detection and network monitoring 

A key component of network security is anomaly detection; 

generative artificial intelligence is being used to create more 

sophisticated techniques for identifying unusual behavioral 

patterns that could indicate an active cyber-attack [31]. 

Unsupervised learning techniques let generative AI models 

learn from the normal operation of a network and then find 

anomalies from this set norm without relying on prior 

knowledge or signatures. This ability is especially important 

in finding creative attack types that don't fit known patterns. 

These systems can provide early warnings about possible risks 

by constantly learning and adjusting to the changing behavior 

of a network, hence enabling quick reactions and mitigation 

strategies. It is said that by the Berkeley AI Research team at 

the University of California, Generative artificial intelligence 

models exhibit very high accuracy and recall in revealing 

abnormalities and have been proved to have outpaced most 

traditional anomaly detection techniques in certain cases [32]. 

The generative method is more adapted to deal with the high-

dimensional, noisy, and dynamic character of artificial 

intelligence-based detection, being the most accurate. Figure. 

8 shows the accuracy of anomaly detection techniques. 

 

 
 

Figure 8. Precision of different anomaly detection techniques 

 

4.1.5 Ethical hacking and penetration testing 

Ethical Hacking or the 'white hat' method of hacking 

operations to find and assess the security of computer systems 

using hacking practices. This process may also be assisted by 

the production of fresh attack scenarios through the behaviour 

mimicry of the assailants that are possible with GPT models. 

This would indeed allow business firms to locate weaknesses 

before the harmful actors ever do [33]. Besides that, synthetic 

data by GPTs which resemble user behaviour could be 

rendered and generate more thorough and realistic test 

scenarios whose purpose is to evaluate the effectiveness of 

security checks without putting genuine user information at 

risk. IEEE Transactions on safe and dependable data 

processing published a study advocating that GPT models are 

more effective in generating payload compared to human 

testers. It would not be extremely costly and accessible for 

companies of various sizes because penetration testing would 

be partly automated and scored at the same time [33]. A simple 

and orderly comparison of the GPT applications in 

cybersecurity is shown in Table 2. 
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Table 2. Comparison of GPTs application in cybersecurity 

 
Application Function Key Advantage Implications Refs. 

Detection of threat 
Predicts cyber threats-based AI 

models. 

Attack surface 

reduction with fast 

response time. 

70% threats Gartner predicts by AI-

based GPTs by end of 2025. 
[25, 26] 

Security patches 
Generate security patches with 

code analyzer. 

Response to 

vulnerabilities. 

AI-generated patches blend seamlessly 

as studied by MIT. 
[27, 28] 

Malware detection 

Identifies malware trends and 

phishing using artificial 

intelligence algorithms. 

Detection systems 

enhancement. 

Google's PhishGAN generates synthetic 

phishing emails for training. 
[30, 29] 

AI-driven anomaly 

detection 

Detects anomalies in network 

behaviour. 

Attacks detect with no 

depend on signatures. 

UC Berkeley research shows AI models 

outperform traditional detection. 
[31, 32] 

 

Ethical hacking & penetration testing tests security defences 

and simulates assaults. 

Automates penetration testing for cost efficiency. IEEE 

study shows AI-generated attacks evade detection better than 

human-created ones [33, 34].  

 

4.2 The role of GPT models in cybersecurity  

 

The role of GPT models in cybersecurity for risk assessment 

and vulnerability analysis tasks 

 

4.2.1 Role of GPT models in risk assessment 

The second focus of the study was on the contribution of 

GPT in vulnerability analysis and risk assessment. GPT model 

develops and serves as a powerful tool in cybersecurity, 

especially in risk assessment [35]. Most current studies state 

that GPT models are best at grasping context and semantic 

relevance of data, highly critical for detecting any risks 

appropriately [36]. This was, for instance, when reports on 

cybersecurity were analyzed by GPT-based models per 

learning lessons, then thorough analyses of risk were also 

made, including the likelihood to harvest cyber with its 

potential influence. Processing and bringing together 

information through the model's natural language 

comprehension capacity leads to better advice for security 

experts about the hazardous environment.  

Furthermore, GPT models can develop cyber threats and 

update real-time risk assessments through continual learning 

from fresh data [37]. Unlike static rules identity procedures 

inherent in traditional risk assessment units, GPT models 

adjust their predictions dynamically based on the latest father's 

intelligence. For instance, the GPT-based model combined 

with the Security Information and Event Management (SIEM) 

system displays the ability to detect a new attack pattern before 

the organization suffers severe losses. In a rapidly evolving 

threat scenario, this ongoing learning feature is extremely 

useful to proactive and adaptive protection requirements of 

cyber security.  

However, some experts claim that although GPT models are 

effective in identifying and assessing risks, they should not 

rely on making important decisions. GPT models, such as 

other AI-operated devices, may be subject to prejudice present 

in their training data, causing false positivity or negativity in 

risk assessment [26-28]. Therefore, the security team should 

use the GPT model as a growth tool instead of replacing expert 

human analysis. According to the authors’ analysis from 

previous literature, Figures 9 and 10 display the percentage 

improvement in security-related tasks, with a 30% 

enhancement in fraud detection and a 40% improvement in 

vulnerability identification. 

 

 
 

Figure 9. Improvement in security tasks using GPT models 

 

 
 

Figure 10. Incident response time reduction with security 

flaws 

 

4.2.2 Vulnerability analysis of GPT application models  

Through vulnerability assessment, the models of GPT have 

become exceptionally proficient in automating the detection 

and prioritization of security loopholes in software and 

systems. This process has untilted quite tedious and error-

prone human intervention: code reviews and static and 

dynamic analysis tools. A huge merit of GPT models was to 

derive knowledge from massive codebases and their 

accompanying documentation into patterns indicative of 
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vulnerabilities, such as SQL injections, cross-site scripting 

(XSS), and buffer overflows. For example, Sun et al. [38] 

conducted a study where they used a fine-tuned GPT model in 

scanning open-source software repositories for security 

vulnerabilities. Their findings indicated that the model was 

able to predict 85% of existing vulnerabilities, which was 

much better than what was achieved by conventional static 

analysis tools. The model proposed some remedial actions that 

were subsequently confirmed by security analysts, indicating 

that it serves not only in fault detection but also in fault 

removal. Most literature available now suggests that such 

GPT-based models can be fine-tuned further to suit the 

specific coding languages and frameworks that are used in a 

certain environment, therefore improving their potential 

effectiveness at detection [39]. For instance, a GPT model that 

is fine-tuned to JavaScript-specific security vulnerabilities 

would perform better than generic vulnerability scanners when 

identifying vulnerabilities in Node.js applications. 

Also, Sai et al. [26] argued that extensive use of such models 

in vulnerability analysis can go a long way to significantly 

diminish the time and effort given to this crucial exercise. 

Security teams would be free to automate the initial stage of 

vulnerability detection and spend more time addressing 

complex and advanced threats that require human 

intervention. This may also affect the overall security posture 

of organizations because it can reduce possible response times 

against exploits. However, others warn that organizations 

should not be overly dependent on the GPT models for 

vulnerability analysis. According to Dalalah and Dalalah [40], 

such a challenge is false positives wherein the model 

mistakenly identifies innocent code as vulnerable, thus 

requiring wasteful remediation. Additionally, Espinha Gasiba 

et al. [39] concluded that, although GPT models can readily 

recognize well-documented vulnerabilities, they lack 

significant ability to detect zero-day exploits that require high-

level contextualization beyond what may have been learned in 

patterns. While they bring immense advantages concerning 

automation, scale, and elasticity, their productivity is 

dependent on sustaining improvement, human oversight, and 

integration into current security standards. Table 3 presents a 

summary of the application area, the role of GPT models, and 

case examples. 

 

Table 3. Summary of case studies 

 
Application 

Area 
Role of GPT Models Case Example 

Risk 

Assessment 

- Analyzing system logs, network 

traffic, and user behaviour to 

identify threats. 

- Providing real-time risk 

assessment by learning from new 

threat intelligence. 

- JPMorgan Chase incorporated a GPT-based model into its anti-fraud system. The 

AI model was analyzing network traffic continuously, correlating threat 

intelligence data, and generating alerts for very potential cyber-attacks. 

- Palo Alto Networks cloud security product incorporated GPT into its SIEM 

solution. The AI model was constantly analyzing network traffic, correlating 

threat intelligence data, and generating alerts for potential cyberattacks. 

Vulnerability 

Analysis 

Automating the identification and 

prioritization of security 

vulnerabilities. 

Mozilla, an open-source development group, employed a GPT-based vulnerability 

scanner to scan thousands of lines of code. The AI model detected several XSS 

and SQL injection vulnerabilities and suggested remediations. 

Vulnerability 

Analysis 

Generating potential fixes for 

detected vulnerabilities and 

assisting in secure coding. 

Microsoft company used GPT-based code review tools to improve security in their 

development cycle. The AI model suggested security best practices, found 

misconfigurations, and created secure code proposals. 

 

4.3 Case study on GPTs-driven phishing detection and 

prevention 

 

The third research objectives of this study were to evaluate 

the case study on GPTs-driven phishing detection and 

Prevention. Fishing attacks are still one of the broadest 

Cybersecurity threats, which are aimed at individuals and 

organizations through misleading e-post messages, links and 

fraud sites. Traditional security measures, such as spam filters 

and rule-based detection systems, are often unable to remain 

with a developed strategy for cybercriminals. The subsection 

below presents a comprehensive examination of AI-driven 

solutions in cybersecurity, focusing on their applications in 

phishing detection, malware analysis, compliance auditing, 

threat mitigation, password security, and intrusion detection. 

This emphasizes that Microsoft Copilot, IBM Watson, 

Darktras, Kilence AI, Google Chronicle, Crowdastric, Crude 

Falcon Insight, Passgun and Vectra AI utilize AI 

Technologies, especially (NLP), (ML), and (LLMs), tools to 

enhance cybersecurity resilience. 

 

4.3.1 Microsoft Copilot for Security: AI-driven phishing 

detection 

According to reference [41], Microsoft Copilot for Security 

integrates AI models like GPT-4 to analyze email threats and 

identify phishing attempts through large-scale language 

models (LLMs) and machine learning algorithms to identify 

anomalies, ascertain sender credibility, and mark potential 

phishing threats. Arsal et al. [42] found that AI-driven security 

software like Microsoft Copilot reduces phishing attacks by 

45% in enterprise environments, showing that GPTs models 

are capable of recognizing subtle patterns of language in 

phishing emails that rule-based filters will miss. Similarly, 

Phish.AI, a highly advanced phishing detection platform built 

on NLP and DL, enhances security by analyzing email content, 

URLs, and web page structures to detect phishing indicators. 

NLP-driven AI-based phishing detection software works 

better than traditional heuristics-based methods with an 

accuracy rate of over 95%. Tanti [43] found that employing 

email security solutions (e.g., Microsoft Defender, Google AI-

driven spam protection) GPT-driven NLP models to filter 

email content for malicious text, tone, and sender behaviour to 

detect phishing emails can reduce phishing-led data breaches 

by 60%. Most of the earlier research emphasizes that AI-

driven phishing detection tools provide higher accuracy, 

scalability, and flexibility compared to rule-based systems 

since GPTs models better process linguistic, behavioral, and 

contextual features, process large volumes of emails in real-

time, and continuously improve their detection capability with 

changing phishing strategies over time [32]. 

 

4.3.2 IBM Watson for cybersecurity and Darktrace: Threat 

intelligence and analysis 

According to reference [18], IBM Watson for cybersecurity 
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significantly enhances threat intelligence by using NLP and 

ML-based analysis of unstructured security information, 

identifying attack patterns, and providing actionable insights, 

with a time saving of 40% in threat investigation. The study 

highlights that Watson's ability to analyze vast amounts of 

security reports and internet sources enhances the accuracy of 

threat detection. Similarly, Darktrace too utilizes unsupervised 

machine learning in detecting anomalies and potential cyber-

attacks on an organization's network and improves 

personalization in any evolving digital environment as more is 

learned. Reference [44] documented that companies using 

Darktrace saw a 30% reduction in average time to detect and 

contain insider threats, validating the efficacy of the platform 

in detecting advanced persistent threats. The majority of 

existing research emphasizes that AI-driven threat intelligence 

solutions have improved speed, accuracy, and responsiveness 

compared to traditional security solutions since AI models 

analyze enormous security data sets in real-time, proactively 

scan for threats before their occurrence, and continuously 

refine detection capabilities to counter emerging attack vectors 

[45]. In work [46], it was discovered that IBM Watson had 

reduced false-positive security alerts within a multinational 

bank, hence dramatically improving operational efficiency, 

while Permana et al. [47] noted that Darktrace successfully 

blocked multiple ransomware attacks in a hospital network by 

automatically isolating infected devices [37]. The findings are 

in support of the argument that AI-based cybersecurity 

software systems enhance situational awareness, reduce 

response times, and overall cybersecurity resilience. 

 

4.3.3 GPT-4 in VirusTotal and Cylance AI: Malware detection 

and analysis 

According to Al-Sinani and Mitchell [48], detection of 

malware by artificial intelligence-driven tools which benefit 

from incorporated technologies like GPT-4 in VirusTotal 

improved threat categorization precision by 38% compared 

with the traditional process, while the analysis time required 

for the malware dropped by 50% and thus fast-tracked 

mitigation of security ties. In similar terms, reference [49] 

reported that attachment of GPT-4 into malware investigation 

systems decreased false-positive detections by 35%, thus 

improving identification of stealthy attacks such as fileless 

malware and advanced persistent threats (APTs). BlackBerry-

created Cylance AI continues to demonstrate the capability of 

AI in predictive malware detection by employing machine 

learning to detect and prevent malware from running. Okazaki 

et al. [50] found that controlled testing of Cylance AI 

demonstrated its ability to detect unknown or zero-day 

malware, performing significantly better than conventional 

antivirus software with an average detection rate of 85%. 

Arjunan et al. observed that a bank employing Cylance AI 

reduced successful ransomware attacks by 70%, in line with 

the opinion that AI-based solutions enhance malware 

protection [51]. As stated earlier, most of the existing research 

indicates that malware detection tools employing AI are more 

effective than traditional signature-based solutions, 

particularly against zero-day attacks, polymorphic malware, 

and fileless attacks. GPT-based cybersecurity products 

provide predictive protection by pre-empting and blocking 

attacks before they are executed, continuously improving 

agility through learning from new malware trends and 

reducing false positives, ultimately enhancing operational 

efficiency and resilience in security. 

 

4.3.4 Google Chronicle and IBM QRadar: Security policy 

compliance and auditing 

According to reference [52], Google Chronicle significantly 

enhances compliance auditing by employing AI based GPT 

models to reduce audit time by 40% compared to manual 

audits, improving precision in detecting non-compliant 

behaviour and security misconfigurations. Similarly, IBM 

QRadar Advisor with Watson uses AI and NLP to analyze 

security data, determine policy violations, and enhance 

compliance alignment, with Manoharan and Sarker [18] 

discovering this platform to increase compliance alignment 

and reduce audit time from three weeks to five days. Khan et 

al. [11] reported that Google Chronicle helped a global health 

organization detect attempted unauthorized data access that 

would have caused a HIPAA compliance breach, highlighting 

AI's role in regulatory compliance strengthening. Likewise, 

Henriques [53] reported that QRadar Advisor helped a bank 

detect suspicious access patterns that violated SOX 

compliance regulations, reducing regulatory penalties and 

improving internal audits. Most recent studies emphasize that 

AI-driven security compliance software outperforms 

traditional manual auditing methods by policy enforcement 

automation, speeding up compliance audits, and improving 

threat detection for compliance issues. AI offers improved 

real-time monitoring, neutralizes security threats, and meets 

strict regulatory environments, thereby becoming an integral 

part of modern security compliance measures. 

 

4.3.5 CrowdStrike falcon insight and GPT chatbots: Incident 

response and threat mitigation  

According to Zhang et al. [54], GPT-4-based security 

chatbots reduced the time it took to respond to incidents by 

automating alert analysis, providing real-time remediation 

advice, and improving team collaboration. Similarly, Bink 

[55] found that a GPT-4-powered chatbot helped a large online 

retailer respond to a credential-stuffing attack by analyzing the 

patterns of the attack, providing instant suggestions for 

containment steps, and blocking compromised IPs. AI-

powered security tools enhance the response to incidents 

through accelerated detection, improved precision, and ease of 

analyst workloads. According to most literature available 

today, AI-driven incident response solutions facilitate faster 

resolution via auto-detect and auto-mitigation threat 

capability, fewer false positives in terms of security alerting 

done through context knowledge, and improvement of the 

security team's efficiency in routine workload through 

automation [56]. Organizations that use AI-driven EDR and 

security chatbots have faster threat containment, reduced 

attack impact, and streamlined security workflows, further 

validating the application of AI in modern cybersecurity 

procedures. 

 

4.3.6 PassGAN: AI-powered password strength analysis and 

prediction 

Classic static complexity regulations and periodic password 

replacement are conventional password security practices that 

are rendered useless against the backdrop of recent cyber-

attacks. Most recent research lauds AI-based security practices 

as more effective solutions by actively identifying weak 

passwords, enhancing authentication without users' 

reluctance, and preventing credential-based attacks in real-

time. AI-powered solutions like PassGAN detect password 

vulnerabilities that are most likely to be exploited by attackers 

in advance, enabling organizations to enact stronger 
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authentication policies [47]. AI-operated certification Prasad 

as Okta AI password improves safety by reducing addiction 

and inclusion of behavioural information and adaptive 

authentication, the user increases security without disturbing 

experience. 

 

4.3.7 Vectra AI: AI-powered intrusion detection system (IDS). 

According to Al-Sinani and Mitchell [48], Vectra AI 

reduced intrusion detection from 65% in comparison with a 

traditional signature-based IDS suspension, evaluating the 

effectiveness of AI-powered behavioral analytics in 

identifying new and emerging cyber threats such as fileless 

malware and supply chain attacks. Similarly, Nurmi et al. 

found that Vectra AI successfully detected a lateral movement 

attack at a global technology company by identifying 

anomalous activity in a privileged user account that had 

slipped past traditional firewalls and antivirus, possibly 

preventing a data breach [57]. Traditional IDS products based 

on static rule-based detection are not good at discovering zero-

day threats, suffer from high false positives, and attack 

automated threat correlation, which slows down response. 

Most of the existing literature supports AI-based IDS solutions 

like Vectra AI as superior alternatives, with more in-depth 

threat detection through behavioural analysis, fewer false 

positives through the capability to distinguish between normal 

and suspicious behaviour, and faster incident response times 

through automated threat prioritization and response 

suggestions [58]. With more advanced cyber threats, AI-

powered intrusion detection tools provide organizations with 

proactive security to detect and eliminate threats in advance 

before they propagate. Table 4 below shows a stark contrast of 

GPT-based tools in cybersecurity across different case study, 

showing their functions, effectiveness, and findings. 

 

Table 4. Contrast of GPT-based tools in cybersecurity across different case study 
 

Area of Application AI/GPT Models Functionality Effectiveness Key Findings 

Phishing Detection 

Microsoft Copilot 

for Security, 

Phish.AI 

-Analyzes email content and 

sender behavior. 

-Detects anomalies and 

linguistic cues. 

-Flags potential phishing 

threats. 

-Reduces phishing 

incidents by 45% in 

enterprises. 

-Achieves over 95% 

accuracy in detection. 

-AI models outperform rule-

based systems in detecting 

subtle cues. 

-Reduces phishing-related 

breaches by 60%. 

Threat Intelligence 
IBM Watson, 

Darktrace 

-Processes unstructured security 

data. 

-Identifies attack patterns. 

-Provides actionable insights. 

-Reduces investigation 

time by 40%. 

-Detects advanced 

persistent threats. 

-Reduces insider threat 

response time by 30%. 

-IBM Watson reduced false 

positives by 60%. 

-Darktrace autonomously 

isolates threats and 

ransomware attacks. 

Malware Detection 
GPT-4 (VirusTotal), 

Cylance AI 

-Enhances malware 

classification. 

-Detects zero-day malware and 

fileless threats. 

-Predicts and blocks malware. 

-Improves detection 

rates by 38%. 

-Reduces malware 

analysis time by 50%. 

-Detects ransomware 

infections by 70%. 

-AI tools outperform 

traditional signature-based 

methods. 

-Cylance AI excels in 

predictive malware 

detection. 

Compliance Auditing 
Google Chronicle, 

IBM QRadar 

-Automates policy enforcement. 

-Detects non-compliance 

activities. 

-Reduces audit time. 

-Reduces audit time by 

60%. 

-Improves compliance 

adherence by 35%. 

-Google Chronicle detected 

HIPAA violations. 

-QRadar reduced SOX-

related fines and improved 

internal audits. 

Incident Response 

GPT-4-based 

Chatbots, 

CrowdStrike Falcon 

-Automates alert analysis. 

-Provides remediation advice. 

-Improves team collaboration. 

-Reduces response time 

by 40%. 

-Enhances analyst 

efficiency and threat 

mitigation capabilities. 

-AI facilitates faster 

containment of attacks. 

-Chatbots automate 

repetitive tasks. 

-Improving response speed. 

Password Security PassGAN, Okta AI 

-Detects weak passwords. 

-Implements adaptive 

authentication. 

-Prevents credential-based 

attacks. 

-Identifies 

vulnerabilities in 

advance. 

-Increases 

authentication security 

without disrupting 

users. 

-AI strengthens 

authentication policies and 

prevents sophisticated 

password attacks. 

Intrusion Detection Vectra AI 

-Detects novel threats like 

fileless malware. 

-Analyzes user behaviour. 

-Automates threat prioritization. 

-Reduces detection time 

by 65%. 

-Improves accuracy by 

reducing false positives. 

-Detects zero-day threats. 

-Identifies anomalies in 

privileged user accounts 

-Preventing potential 

breaches. 

 

4.4 The constraints and obstacles of the GPTs paradigm in 

cybersecurity 

 

The fourth objective of this study was to investigate the 

limitations and challenges of the GPTs model in cybersecurity 

and its remedies. While GPT models can do a lot to assist 

cybersecurity, there are limitations and challenges to be 

considered. One of the biggest concerns is the possibility of 

the models being used by adversaries to launch more 

sophisticated social engineering attacks or to generate useful 

disinformation [59]. Furthermore, the dynamic nature of cyber 

threats means that GPT models will need to be updated and 
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fine-tuned regularly to be useful. Another challenge is that the 

model draws on high-quality training data, as faults or biases 

in the data can lead to erroneous judgments or suggestions 

[60]. Equally crucial is safeguarding the models themselves 

from assaults as a weak AI system could be exploited to 

undermine an organization's defences. While Figure 11. 

indicates the severity of various GPT issues in cybersecurity, 

scored on a scale of 1 to 10, this subsection discusses the top 

ten obstacles and constraints of GPT models in cybersecurity. 

 

 
 

Figure 11. The severity of different GPT challenges in 

cybersecurity 

 

4.4.1 Complexity and understanding of cyber threats 

The greatest challenge for the GPTs in cybersecurity is their 

interpretation and understanding of cyber threats' dynamic and 

changing factors. As discussed in the research work [61], since 

GPTs are strong concerning NLP, they would not be eligible 

to understand the subtlety in cybersecurity vocabulary as well 

as their past usage. Cyber-attacks not only are linguistically 

sophisticated but also technically sophisticated, tending to 

require domain knowledge to identify and act on them. The 

technical side of cybersecurity issues could mean that the 

misinterpretation of data by GPTs results in less effective 

detection and response processes. 

 

4.4.2 Data privacy and security 

The use of GPTs for cybersecurity raises very valid 

concerns about data security and privacy. GPTs are trained on 

vast datasets, which may contain sensitive and confidential 

data. If the model gets breached or if the training data were not 

properly anonymized, the model will leak sensitive data. 

Further, as per researchers [62], the models can be utilized by 

attackers in reverse-engineering the training data and hence 

causing privacy violations. Using GPTs in cybersecurity 

solutions should thus be done with care so as not to make them 

a liability in themselves. 

 

4.4.3 Over-reliance on historical data 

GPTs depend a lot on the history to answer and predict. 

Nevertheless, in the ever-evolving field of cybersecurity, 

where new vulnerabilities and threats are discovered daily, 

depending on history might not be the best approach every 

time. New zero-day threats can bypass the knowledge base of 

these models and render defence mechanisms ineffective. 

Machine learning algorithms are susceptible to adversarial 

attacks, taking advantage of their dependence on historical 

data that results in bad reactions to newly encountered and 

creative attacks, as cited by Sufi [63]. 

 

4.4.4 Moral concerns and prejudices 

Experts such as Ray [64] have been concerned that AI 

systems, to which GPTs are a member, will inherit and amplify 

bias of societal views when learning and training on data. This 

can result in disproportionate targeting of specific groups or 

threat activities with bias. Additionally, the ethical application 

of GPTs in cybersecurity has dimensions such as transparency, 

accountability, and misuse. For instance, employing 

misleading language to mislead users or phishing with 

automated attacks is a serious problem that must be addressed. 

 

4.4.5 Explainability gap 

The "black box" nature of GPTs may make it difficult for 

cybersecurity, where transparency and explainability are a top 

priority. According to studies conducted by Kaur et al. [65], 

the lack of explainability of how a model arrived at a certain 

decision can undermine trust in AI security systems. The 

limitation can make explanations provided by security 

analysts for the model's decision insufficient, hence decreasing 

trust in its decisions. The intricacy of GPTs' decisions also 

makes it harder to debug and enhance them. 

 

4.4.6 Performance and scalability 

GPTs are highly computationally expensive in training and 

deployment, and it may be that this will be their achilleas’ heel 

for being applied in real-world cybersecurity contexts that 

have limited resources. Model sizes and training data 

requirements may be beyond the means of smaller or less 

experienced organizations, or organizations less experienced 

with top-of-the-line hardware, as experimented on by Yenduri 

et al. [66]. Also, the time it takes to train such models can be 

prohibitive, which is not possible in settings that demand real-

time threat analysis and response. 

 

4.4.7 Adversarial Attacks and Misinformation: 

GPTs are used to generate potent misinformation and 

adversarial inputs. Adversaries can, for instance, utilize GPTs 

to make more credible phishing emails or develop fake news 

reports that invoke fear and confusion. Blauth et al. [67] 

suggest that adversaries are now using AI to outsource their 

social engineering attack capabilities. This will also be a 

challenge for cybersecurity experts to eliminate the real threats 

from misleading content generated by GPT. 

 

4.4.8 Integration of existing systems 

Integrating GPT within current cybersecurity models 

appears problematic because of the heterogeneity of the tools 

in cybersecurity and their interoperability requirements. A 

work by Blauth et al. [67] acknowledges challenges in 

integrating AI models into legacy systems that are not 

necessarily designed to be integrated easily with the latest AI 

technologies. The integration calls for sufficient consideration 

of system architecture, data flow, and security protocols to 

properly leverage the advantage of the GPTs without 

undermining the current security procedures. 

 

4.4.9 Human-AI collaboration 

While GPTs are potentially very powerful additions to 

human cybersecurity analysts, they prove difficult to work 

with to significant extents. AI-human collaboration underlies 
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successful cybersecurity, but Manoharan and Sarker [18] 

noted that the higher-level abstraction and self-directed style 

of GPTs can induce a lack of transparency about what model 

recommendations mean, with attendant omissions or mistakes. 

Requiring human analysts to have to train fine-tune models to 

interact with them is still problematic. 

 

4.4.10 Ongoing learning and adjustment 

Cybersecurity is a constantly evolving domain in which 

threats are always evolving. GPTs must possess the capability 

to keep learning and evolving to be useful and pertinent. 

However, research by Pleshakova et al. [68] indicates that 

even integrating fresh information into such models becomes 

expensive and impracticable. The value of GPTs to 

cybersecurity operations is lost if they cannot evolve to keep 

pace with the evolving threat landscape, leading to continuous 

and substantial retraining. While GPTs have been of immense 

potential to transform the field of Cybersecurity, they also 

come with a sequence of shortcomings and vulnerabilities that 

should be tackled with utter care. It is only through continued 

innovation and research that the models can be perfected and 

integrated into existing systems, further augmented by the 

increasingly changing and dynamic nature of cyberattacks. 

Also, the ethical consequences and abusable potential must be 

on priority list in describing the usage of GPTs in 

Cybersecurity. 

  

4.4.11 limitation GPT models  

GPT models have displayed a high range of natural 

language understanding, content generation, customer 

support, code help, and data analyses. This comprises routines 

automate tasks, text mining to derive insights from huge 

textual datasets and accelerate human judgment-making [69]. 

For instance, cybersecurity GPT models are employed to 

integrate threat figures from logs or to summarize security 

incidents in a report. In an education setting, they could 

maintain individual tutoring situations, or in other situations, 

they could also generate metadata and grade open response 

questions. 

Despite so many levels of excellence or success, the 

demerits of GPT models cannot be ignored. For instance, GPT 

models may have their own set of notable limitations. The 

major problem with GPT models is their dependence upon the 

quality and scope of the training data, which might result in 

biased or inaccurate output if the training data is skewed [70]. 

Lacking in understanding and decision-making power, the 

GPT model can sound very confident even producing incorrect 

results, and it would entail oversight by human intelligence 

[71]. Also, it flounders with more abstract and noble concepts 

specific to domain, complex mathematical reason, or topics for 

real-time, up-to-date learning, and customization unless 

exclusively fine-tuned or connected with real-time data feeds 

[72].  

 

 

5. DISCUSSION  

 

GPT models have been discussed in the context of their 

applications in cybersecurity and their potential utility in risk 

assessment, their powers in phishing identification, and threats 

posed by them. Findings indicate that there are promises and 

limitations to security with GPT-based products; hence their 

rising relevance in modern security designs. 

 

5.1 Applications for GPT models in cybersecurity 

 

The study verifies that GPT models have greatly improved 

several cybersecurity areas, including threat detection, 

anomaly detection, and automatic security patching. Valuable 

tools for cybersecurity experts are GPTs, which can handle 

large volumes of unstructured data and identify complex threat 

patterns [26, 27]. By lowering false positives and accelerating 

threat mitigation, AI-driven solutions such as Darktrace and 

Splunk Phantom have shown better anomaly detection and 

automated incident response features [21].  

AI-powered models like Google's PhishGAN and Microsoft 

Copilot for Security have increased detection accuracy in 

phishing and malware detection, exceeding conventional 

heuristics-based approaches [45]. By finding fraudulent 

language patterns and harmful URLs, these AI-driven 

strategies lower security occurrences related to phishing. 

Likewise, by simulating hostile attacks, GPT-based models 

improve ethical hacking and penetration testing, thereby 

helping cybersecurity teams to proactively find weaknesses 

[33]. Though, even if GPTs have shown encouraging results 

in cybersecurity activities, they use calls for close monitoring. 

Ongoing improvement and integration of these models with 

conventional security systems is emphasised by the changing 

character of cyber threats, the possibility of hostile attacks, and 

bias in AI-generated outputs [54]. 

 

5.2 Role of GPT in risk assessment and vulnerability 

analysis 

 

To forecast security risks in real time, GPT models analyse 

system data, network traffic, and threat intelligence [35]. This 

plays a critical role in risk assessment. In addition to enhancing 

cybersecurity teams' decision-making processes, their natural 

language processing capabilities enable them to interpret 

security reports and generate risk assessments. The research 

revealed that organisations that implemented AI-driven risk 

assessment tools, including Palo Alto Networks' AI-powered 

SIEM system, demonstrated a 40% decrease in incident 

response time [46].  

To enhance the automation of security assessments, GPT 

models identify potential weaknesses in software code and 

recommend security patches for vulnerability analysis. AI-

powered tools, such as Microsoft's GPT-driven vulnerability 

analysers, outperform conventional static code analysis tools 

in the detection of SQL injections, buffer overflows, and other 

exploits. Complementary security measures are necessary to 

identify novel threats, as GPT models continue to encounter 

challenges with zero-day vulnerabilities, despite these 

advantages. The results of these studies suggest that, although 

GPTs improve risk assessment and vulnerability analysis, they 

should be incorporated into traditional cybersecurity practices 

rather than used as independent solutions. 

 

5.3 Case study on GPT-driven phishing detection and 

prevention 

 

The case study on AI-phishing detection affirms the 

relevance of technologies founded on GPT in averting cyber 

attacks through email. Phish and Security Microsoft Copilot 

artificial intelligence showed notable increases in phishing 

email detection, hence lowering successful phishing on 

business networks. These artificial intelligence systems 

examine email content, identify unusual linguistic patterns, 
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and flag possibly harmful emails with high accuracy [42]. 

Similarly, IBM Watson and Darktrace have established strong 

real-time threat intelligence capabilities to allow companies to 

reduce investigation times and detect insider threats before 

they grow in severity. AI-powered cybersecurity technologies, 

such as VirusTotal's integration of GPT-4, have also improved 

the accuracy of malware classification, reducing false 

positives by 35%. The research has also established that AI-

based systems for phishing detection and malware analysis 

outperform traditional signature-based security systems in 

flexibility. Adversarial techniques can be used to compromise 

AI-based detections though; hence, continuous updating and 

fortification of such systems against novel forms of cyber 

threats are necessary.  

 

5.4 Limitations and challenges of GPT in cybersecurity 

and potential solutions 

 

Despite the progress of GPT-based Cybersecurity 

equipment, some challenges have stopped them from being 

almost adopted. The study identified ten major challenges, 

including undesirable attacks, privacy problems, AI bias, lack 

of clarity and integration difficulties. The GPT model of GPT 

model improves openness and explanatory problems, where 

security analysts are unable to determine how AI is concluded. 

In addition, AI-operated Cybersecurity equipment must 

continuously learn and update to remain effective against new 

threats. The calculation costs for the GPT model and its 

resource-intensive nature are a scalability problem for small 

and medium-sized businesses. To address these challenges, the 

study suggests several mitigation strategies: 

(1) Increase clarity: to develop a clear AI model to improve 

openness and confidence among security analysts. 

(2) Hybrid AI human system: GPT model to integrate with 

human decisions to reduce prejudice and improve the accuracy 

of Cybersecurity applications. 

(3) Continuous learning contour: Use real-time AI updates 

to increase GPT-operated Cybersecurity equipment to increase 

adaptability to new dangers. 

(4) Strong regulatory measures: Establishment of a moral 

AI management structure to prevent abuse and ensure 

responsible distribution of GPT in Cybersecurity. 

(5) These solutions can help organizations benefit from the 

benefits of GPT-driven security solutions and reduce the risk. 

 

 

6. CONCLUSION  

 

This study mainly presents various aspects of using GPT 

models in cybersecurity, how they help detect threats, evaluate 

risks, stop phishing, and assess vulnerabilities. The findings 

indicate the transformative potential of AI-based cybersecurity 

solutions and point toward overcoming current limitations. 

While GPT models significantly enhance the effectiveness of 

cybersecurity, their limitations, such as adversarial attacks, 

explainability, and integration problems, need a balanced 

approach to their adoption. With the help of hybrid AI-human 

security systems, ongoing learning mechanisms, and 

explainable AI principles, organizations can maximize the 

benefits of GPT-based cybersecurity and minimize associated 

risks. As cyber threats deepen, further effort will be needed to 

incorporate GPT models within blockchain-based security 

systems, zero-trust solutions, and advancements in quantum 

computing.  

Not only does this study exemplify areas in which the GPT 

models will enhance cybersecurity in threat detection, risk 

assessment, phishing prevention, and vulnerability analysis, 

but it is also limited. GPT models exhibit weaknesses to the 

onslaught of attacks; therefore, reliability to be questioned 

regarding these models in an adversarial environment. The 

inferable nature of these models limits the explainability of 

them to instill trust in their application and to understand, if 

not fully, at least attach some meaning to their decisions. 

Additionally, the barriers of integration into legacy 

cybersecurity infrastructures and risk of feeding biases in 

training datasets limit their adoption in real-world use. Hence, 

human oversight would need to be intertwined with the 

dimensioning that GPT models serve as complementing 

components of larger security ecosystems, not stand-alone 

solutions. 

The primary goal of future research should be to fill these 

gaps by developing strong countermeasures against 

adversarial manipulations, enhancing explainable AI 

approaches to improve transparency, and designing adaptive 

learning mechanisms to keep pace with increasingly 

sophisticated cyber threats. Furthermore, GPT models can also 

be collated with new security paradigms such as blockchain-

enabled frameworks, zero-trust architectures, and quantum-

resistant cryptographic solutions to strengthen their resilience 

and applicability to address specific challenges. Finally, 

regulatory and ethical frameworks should be developed to 

bring balance between innovation and accountability in the 

deployment of AI-powered cybersecurity solutions. Through 

this, the future study will be able to make GPT models more 

reliable, transparent, and sustainable tools for securing digital 

infrastructures. 
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