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Abstract 

The rise in complexity of software systems and the rise in sophistication of cyber threats have led to cybersecurity 
becoming a key issue in software engineering. The conventional security systems are usually unable to capture and 
react to the current attacks in real time, especially in a large-scale and dynamic environment. The development of 
Artificial Intelligence (AI) has become a revolutionary solution due to its ability to detect threats intelligently, evaluate 
vulnerabilities automatically, perform predictive analytics, detect anomalies, and implement adaptive defense 
mechanisms. This paper will discuss AI-driven cybersecurity in the software engineering field, where machine learning, 
deep learning, natural language processing, and reinforcement learning can be applied throughout the software 
development lifecycle to provide increased security. The study assesses the efficacy of AI-powered technologies in 
secure coding, threat modeling, penetration testing, reviewing code, malware detection, and responding to an incident. 
It also examines issues like adversarial attacks, data privacy issues, bias in algorithms, explainability, and integration 
issues in current development pipelines. Based on a systematic review and comparative framework, the paper shows 
that AI-based cybersecurity can greatly enhance the ability to proactively defend against threats, decrease reaction time, 
and increase resilience in the face of new threats. The results highlight the importance of ethical governance, human 
control, and ongoing updates of models to maximize the advantages of AI in safe software engineering activities. The 
work can be regarded as a valuable roadmap to researchers and developers, as well as organizations aiming to deploy 
intelligent cybersecurity approaches to the contemporary software environment. 

Keywords: Artificial Intelligence; Cybersecurity; Software Engineering; Machine Learning; Secure Development; 
Threat Detection; DevSecOps; Vulnerability Assessment 

1. Introduction

The software systems are the mainstays of the critical sectors of healthcare, finance, education, transportation, 
manufacturing, and government operations. With the growing reliance of societies on digital platforms, cyber threats 
have increased in size and complexity. Contemporary attacks like ransomware, phishing, insider threats, supply chain 
compromise, and zero-day exploitation exploit vulnerabilities in software design, coding, deployment, and maintenance. 
This fact has rendered cybersecurity a priority requirement in software engineering as opposed to an add-on 
requirement. The conventional software development usually concentrates mostly on the functionality, speed, and user 
experience, and security is considered a secondary test stage. Nevertheless, such a reactive model is not adequate 
anymore in an environment where one vulnerability will cause data breaches, financial loss, reputational damage, and 
disruption of vital services. 

AI has become a revolutionary measure to reinforce cybersecurity in the software engineering field. In contrast to fixed 
rule-based applications, AI systems can learn based on historical and real-time data, detect suspicious patterns, identify 
anomalies, predict possible attacks, and automate the response process. These features enable organizations to react 
more quickly to the emerging threats and minimize reliance on manual monitoring procedures. Machine learning, deep 
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learning, natural language processing, and reinforcement learning are all types of AI technology that are being used in 
secure code creation, vulnerability scanning, malware detection, threat intelligence, penetration testing, and incident 
response. 

Although such opportunities are present, most organizations continue to utilize manual security reviews and traditional 
tools, which, in most cases, are too slow, costly, and limited in identifying unknown attacks. Security teams can also be 
overwhelmed by high false-positive rates and delayed remediation efforts. The necessity to integrate smart 
cybersecurity controls into the software development life cycle with DevSecOps and continuous security measures is 
thus increasing. 

This paper looks at the ways AI-assisted cybersecurity can enhance threat detection, vulnerability management, safe 
development, and the overall resilience of the system. It assesses the best AI methods to use in software security work, 
outlines the implementation obstacles of AI, including privacy, bias, explainability, and integration obstacles, and 
suggests a realistic implementation framework. The researchers consider the study important to developers, 
cybersecurity experts, researchers, organizations, and policymakers, who are willing to create secure, reliable, and 
future-ready software systems based on proactive and intelligent defense strategies. 

2. Literature Review 

2.1. Concept of Cybersecurity in Software Engineering 

In software engineering, cybersecurity is the deliberate implementation of security concepts across the entire software 
development cycle, from requirements definition to software maintenance lifecycle. It ensures that software systems 
are not just designed to perform the functional tasks but to resist attacks, hold sensitive information, and be dependable 
even in unfavorable circumstances. There is a heavy interrelation between applications and cloud services, mobile 
devices, application programming interfaces, databases, and third-party components in the current environment. Such 
interconnection implies that a vulnerability in one of the software layers may jeopardize the whole system. This is the 
reason why cybersecurity is a quality attribute of software, and it is as significant as usability, performance, and 
reliability. 

Secure software engineering aims at ensuring confidentiality, integrity, and availability as its main goal. Confidentiality 
does not allow information to be given out without authorization, integrity makes sure that information is not distorted, 
and availability makes sure that the services are readily available when required. These basic goals are supplemented 
by authentication, authorization, accountability, privacy protection, resilience, and non-repudiation, which are all 
aspects of contemporary security practice. This is enforced by the use of secure architecture, encryption, access control, 
audit logging, input validation, patch management, and constant monitoring. Security should be done early since it is a 
lot more expensive to address vulnerabilities introduced during or after the design or coding of the system. As a result, 
secure development lifecycle models and DevSecOps trends where security testing is considered as part of continuous 
development processes have become popular among organizations. 

2.2. Evolution of AI in Cybersecurity 

The application of Artificial Intelligence in cybersecurity has evolved from basic automation to automated and adaptive 
defense systems. The initial cybersecurity systems relied primarily on manually crafted rules, familiar attack signatures, 
and knowledge systems. The previously known threats worked well with these tools, but they failed to deal with new 
variants of malware, stealth attacks, and the evolving behavior of attackers. With the growth of digital environments 
and the volume of data, modern security operations cannot be performed using traditional methods. 
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Figure 1 Evolution Timeline of Ai in Cybersecurity 

This situation was changed with the introduction of machine learning, which enables systems to learn from past events 
and apply this information to new data. AI models will be able to identify suspicious activity by deviations from normal 
activity rather than depending only on predefined signatures. This proved useful, especially when it comes to enterprise 
networks that produce huge amounts of logs, user activities, and traffic streams. Later advances in deep learning 
allowed for the analysis of complex and unstructured data like executable files, images, memory artifacts, and long 
events. Natural language processing was an expansion of AI into textual security intelligence, and reinforcement 
learning added adaptive response capabilities. 

This development is a significant change in the cybersecurity approach. Security operations have ceased to be reactive 
once compromised. Prediction, prioritization, autonomous triage, and continuous improvement are currently 
supported by AI. Yet, there are new responsibilities in the evolution, such as model governance, bias management, 
privacy protection, and decision-making transparency. 

2.3. Machine Learning for Threat Detection 

Machine learning is now among the most feasible and commonly used AI approaches in cybersecurity since it is able to 
crunch large amounts of data in a relatively short period of time and find patterns that might not be easily spotted by 
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humans when manually examined. Supervised learning is a method of training models on benign and malicious activity 
using labeled examples. After training, they can categorize future occurrences, which include phishing emails, 
fraudulent activities, malware activities, spam campaigns, credential misuse, and suspicious network access activities. 

 

Figure 2 Machine Learning for Threat Detection 

Popular algorithms are decision trees, random forests, support vector machine learning, logistic regression, gradient 
boosting, and neural networks. These techniques are practical as they can merge several indicators into a single risk 
forecast as opposed to the use of a single rule. As an example, an email might look perfectly fine on the surface, but a 
model will identify the minor combinations of sender anomalies, language, and links embedded in the email that signify 
phishing. 

Unsupervised learning is also significant in the case of limited labeled data or in the case of unknown threats. Clustering 
and anomaly detection algorithms detect anomalies in network traffic, user behavior, login patterns, or system 
performance. This makes them effective in insider threats and zero-day attacks. Semi-supervised methods can also use 
a combination of both labeled and unlabeled data to enhance the quality of detection. 

Scalability is a big advantage of machine learning. Every day, security teams are often bombarded with a plethora of 
alerts, and AI assists in prioritizing the most significant ones. Nonetheless, the quality of data, balanced sets, appropriate 
feature engineering, and retraining continuously are required to achieve performance. Bad data will either give a false 
positive or negative, which will decrease trust in the system. 

2.4. Deep Learning in Malware and Intrusion Detection 

Deep learning: A more sophisticated branch of machine learning, deep learning involves multiple neural network layers 
that learn the complex representations of raw data automatically. It has also gained importance in the field of 
cybersecurity since most attack indicators lie in large and unstructured datasets that are difficult to understand using 
traditional approaches. 

The use of CONNs is popular in malware classification. In the case of malware binaries, malware can be converted to 
image-like patterns or be analyzed as structured byte sequences, which enables CNNs to detect relationships that are 
related to particular malware families. This allows new variants that could get around signature-based scanners to be 
classified more quickly. LSTM and RNN can be applied to sequential security data (command history, user session 
history, packet stream) to identify temporal dependencies. They work especially well with identifying the suspicious 
sequences of actions that show either privilege elevation or lateral movement. 

Transformer architectures have recently been in the limelight as they are able to work efficiently with long sequences 
and capture the relationships between multiple events. This renders them appropriate in identifying persistent 
advanced threats, where attackers take time in traversing systems. The endpoint detection, fraud analytics, and user 
behavior analytics can also be enhanced by deep learning. 
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Although deep learning has a high predictive accuracy, it poses practical challenges. Such models can be very 
computationally intensive and heavy on data. They may also act as black boxes, making it hard to know the reason why 
an alert was raised. Explainability is necessary in security environments where response measures can have an adverse 
impact on business operations. Thus, deep learning is often used with interpretable models and human inspection in 
numerous organizations. 

2.5. Natural Language Processing in Security 

Natural Language Processing is no longer a matter of concern since a considerable percentage of cybersecurity 
intelligence is in the form of text. Threat reports, vulnerability advisories, incident tickets, phishing messages, 
compliance documents, chat discussions, and even code comments contain valuable information that can be 
automatically analyzed. 

Phishing detection is one of its significant applications. The NLP models are able to detect deceptive language, urgency 
tactics, impersonation, anomalies in grammar, and suspicious intent in emails or messages. This will minimize 
successful social engineering attacks, which are one of the most prevalent breach vectors. NLP can also be useful in 
processing threat intelligence. Named entity recognition can identify malware names, attacker groups, software 
versions, domains, hashes, and IP addresses in large amounts of reports. This is a transformation of unstructured 
intelligence into machine-readable signals that can be used by security platforms directly. 

Another important use case is vulnerability management. NLP systems can analyze advisories, bug reports, and security 
bulletins to detect newly disclosed weaknesses in the software stack of an organization. Software engineering NLP may 
be used to analyze requirement documents to identify ambiguous security expectations or missing controls early in 
development. Language models are also used by AI coding assistants to provide explanations of vulnerabilities, propose 
secure coding patterns, and enhance the quality of documentation. 

The power of NLP is to transform large amounts of text into actionable knowledge. With cyber intelligence increasing 
at a pace that exceeds the capabilities of human beings to trawl through it, automated language understanding is an 
important need. 

2.6. Reinforcement Learning for Adaptive Defense 

The difference between reinforcement learning and other AI techniques lies in the fact that reinforcement learning can 
learn by trial, feedback, and optimization, as opposed to being presented with fixed examples. An agent acts in an 
environment, performs actions, is rewarded or punished, and learns over time how to be as successful as possible in the 
long run. This is very applicable in cybersecurity, where, in response to the varying attacker behavior, defenders need 
to act dynamically. 

Automated incident response is one of the applications that can be promising. The reinforcement learning system will 
be able to decide on blocking traffic, isolating a compromised endpoint, requesting extra authentication, throttling 
suspicious activity, or further monitoring, depending on the prevailing threat environment. The system can, over time, 
become learned on the actions that yield the most optimal balance between security and operational continuity. 

Adaptive access control also makes use of reinforcement learning. Rather than predetermined permissions, systems are 
able to adjust the degree of trust depending on the location of the user, the posture of a device, previous behavior, and 
current risk indications. Simulations of network defense RL agents can be trained against simulated attacks, learning to 
be deceptive, contained, and recovered. This renders the strategy useful in a cyber range and red-team versus blue-
team training setting. 

But the reinforcement learning should be implemented cautiously. The ineffective reward systems can tempt unsafe 
behavior, including overblocking to block legitimate users. The real-world environment is also not as simple as 
simulations, and thus, the policies learned in a test might not be transferred flawlessly. On these grounds, reinforcement 
learning is best applied in conjunction with stringent guardrails, explanatory constraints, and human supervision. It is 
a significant step towards independent yet responsible cyber defense systems. 

 



World Journal of Advanced Research and Reviews, 2025, 27(03), 2012-2025 

2017 

3. Methodology 

3.1. Research Design 

A qualitative systematic review with a comparative analytical design was used in this study to investigate how Artificial 
Intelligence is increasingly playing an important role in cybersecurity in the field of software engineering. The chosen 
methodology was suitable since the topic covers various fields, such as computer science and software engineering, 
information security, data science, and organizational governance. The study tried to conduct a review of evidence 
based on peer-reviewed academic literature, industry practice manuals, technical standards, and case studies, as 
opposed to a single dataset or a single experimental setting. This broadened the scope and made the study encompass 
the theoretical and the practical realities of AI-based cybersecurity. 

Table 1 Recent AI Models for Cyber-Attack Detection: Methods, Accuracy, and Datasets 

Year Attack Type Method Used Accuracy/Result Dataset 

2020 Cyber-attack 
detection 

DBN, DT, SVM DBN: 97.5%, DT: 99.96%, 
SVM: 95.11 

NSL-KDD, DARPA 

2022 DoS/DDoS in IoT RF classifier  99.81% Bot-IoT 

2022 IoT cyber-attacks MFO-RELM model Acc: 99.79%, 
Prec/Recall/F-score: 98.84% 

N-BaIoT 

2022 General cyber-attacks RF, J48, NB, MLP 99.76% NSL-KDD 

2023 DDoS in SDN Binary grey wolf + ML 99.13% CSE-CIC-IDS2018 

2023 Intrusion detection FFO + PNN 98.99% KDD-CUP 99 

2023 Cloud attacks SVM, LR, RF, DT, NB, 
XGBoost, KNN 

>99% detection Private cloud dataset 

2023 IoT cyber-attacks ADA Boost, LSVM, Auto 
Encoder, QSVM, MLP 

ADA Boost: 98.3% UNSW-NB15 

2023 DDoS/MiTC in Cloud DT, SVM, NB, KNN DT: 99.96% Simulated datasets 

2023 Malware detection ML + TFIDF feature 
selection 

RF: 97.68% UNSW-NB15 

2023 Network intrusion 
recovery (SDN) 

MLBNIR (LR, DT, SVM, RF) Recovery time ↓ 90% InSDN 

2023 DDoS in SDN MTD + probabilistic 
models, NN, trees 

Detection within 3s Kaggle 

2024 Botnet attacks Traffic analysis + ML 99.8% filtered, 100% 
accuracy 

Live botnet dataset 

2024 Insider threats Hybrid ML + statistical 
criteria 

98.48% CERT r4.2 

2024 Android intrusive 
apps 

CTMF framework 378,480 apps detected, 77.9% 
accuracy 

Google Play data 

2024 Network intrusion 
detection 

GSAFS-OQNN model Acc: 99.79%, Spec: 99.88% UNSW-NB15 

2024 DDoS attacks Evolutionary optimization 
+ ML (XGB-GA) 

99.99% KDD Cup 99, 
CIC-IDS2017 

2024 IDS enhancement LR, SVM, DT, RF RF F1 score: 97.8% UNSW-NB15 

2024 Phishing attacks LR, RF 92% accuracy Kaggle phishing 
dataset 
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A systematic review method was employed to achieve the identification, screening, and selection of literature, making 
it more organized and transparent. A systematic review of the literature, as compared to a conventional narrative 
review, reduces selection bias due to sets of previously determined inclusion and exclusion criteria. This enhances the 
validity of the results and offers a repeatable procedure for researchers in the future. The comparative analytical aspect 
was then used to determine the differences between AI methods, cybersecurity operations, the environment in which 
it is implemented, and reported outcomes. Comparatively, the study was able to identify which techniques appear to be 
most effective in specific situations and the significant areas of weakness. 

Five main objectives informed the methodology. First, it tried to trace the most important AI technologies currently 
utilized in cybersecurity and software engineering. Second, it talked about the integration of these technologies in the 
entire software development lifecycle. Third, it assessed their advantages that they supported in areas of threat 
detection, vulnerability management, automation, and resilience. Fourth, it talked about technical barriers, ethical 
barriers, and organizational barriers that affected adoption. Fifth, it created a viable model to follow by organizations 
aiming at deploying AI-enabled cybersecurity solutions. 

 

Figure 3 Al Methods in Recent Cyber-Attack Detection Research 

3.2. Data Sources 

Many authoritative sources covering both academic and professional knowledge areas were used to gather data to 
achieve depth, relevance, and quality. Academic databases were given priority since they have peer-reviewed studies 
that meet research standards. The inclusion of industry and standards sources was due to the dynamism in 
cybersecurity, with numerous hands-on innovations initially published in technical reports, white papers, or 
governance structures before being cataloged in scholarly publications. 

The key sources of data were IEEE Xplore, ACM Digital Library, SpringerLink, Scopus, Web of Science, and Google 
Scholar. These sources have been chosen since they index a large scope of journals, conference proceedings, books, and 
technical papers within the fields of artificial intelligence, cybersecurity, and software engineering. Other sources were 
reports by cybersecurity companies and government agencies, standards bodies, and professional organizations that 
either publish operational guidance or threat intelligence. 
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The application of more than one database served to minimize the publication bias and enhanced the coverage in 
disciplines. As an illustration, IEEE Xplore and ACM tended to find engineering-oriented research, whereas Scopus and 
Web of Science appeared to have more interdisciplinary and high-impact journal articles. Google Scholar was employed 
to find supplementary materials, citation networks, and grey literature that are pertinent to new trends. 

Table 2 Data Sources and Their Relevance 

Source Primary Contribution 

IEEE Xplore Engineering, AI systems, security architectures 

ACM Digital Library Software engineering, secure development, DevSecOps 

SpringerLink Academic journals, applied AI, cybersecurity studies 

Scopus Broad indexing and citation tracking 

Web of Science High-quality multidisciplinary research 

Google Scholar Supplementary studies and grey literature 

White Papers Industry trends, implementation practices 

Standards Documents Governance, compliance, security frameworks 

3.3. Inclusion and Exclusion Criteria 

It was ensured that only pertinent and credible materials informed the study by the formulation of clear inclusion 
criteria. The main inclusion criteria were that they must have been published in the past decade. This time limit was 
required since AI and cybersecurity are changing fast, and older articles might not represent existing technologies, 
threats, and software development patterns. Nevertheless, the groundbreaking previous works were viewed selectively, 
where they offered a theoretical background. 

The studies were incorporated when they revolved around one or more of the following aspects: AI systems in 
cybersecurity, secure software engineering, AI-assisted vulnerability detection, intelligent threat detection, automated 
incident response, automation of DevSecOps security, AI governance of security systems, or empirical assessment of AI-
based security systems. Both empirical and conceptual research were welcome, as long as they provided methodological 
rigor or practical relevance. 

Only the publications that were in English were taken into consideration to be consistent in the interpretation and 
analysis. Peer-reviewed journal articles, conference papers, books, standards publications, and valid professional 
reports were permitted. Duplicate studies across databases were removed during screening. 

Research was filtered out of the list that was not relevant to software engineering or cybersecurity, only discussed non-
security AI uses, had inadequate methodological description, or made obsolete technical assumptions that were not up 
to date. Unsubstantiated opinion pieces, marketing content, and content whose author cannot be verified were also 
eliminated. 

3.4. Search Strategy and Data Collection Procedure 

A structured search strategy was used to collect data, which aimed to find high-quality and relevant literature in the 
most efficient way. Databases were searched using a set of well-chosen keywords and search strings. The key search 
terms used were: AI cybersecurity, AI-driven cybersecurity, software engineering security, machine learning threat 
detection, deep learning malware detection, secure DevSecOps, automated vulnerability management, reinforcement 
learning cyber defense, and intelligent incident response. 

Refinement of searches was done using Boolean operators like AND, OR, and quotation marks. To make it more precise, 
e.g., combinations like Artificial Intelligence AND Cybersecurity AND Software engineering or Machine Learning AND 
Intrusion Detection AND DevSecops were utilized. The publication year, language, document type, and subject area 
search filters were then used. 

The screening was done in three phases. The initial step was title screening, during which the obviously useless 
materials were eliminated. The second step was the abstract review in order to identify studies that fulfilled the 
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inclusion criteria. The third step entailed full text evaluation, where the methodological quality, findings, and relevance 
were examined in detail. 

To maintain transparency, a literature screening log was kept, and reasons why literature was excluded were recorded. 
Reference lists of the most relevant studies were also analyzed in order to identify other sources that were not found in 
the first search of the database. This snowballing method enhanced completeness and assisted in tracing the influential 
works in the sphere. 

Table 3 Literature Selection Process 

Stage Activity Outcome 

Stage 1 Database search using keywords Initial pool of records identified 

Stage 2 Title screening Irrelevant studies removed 

Stage 3 Abstract review Potentially eligible studies retained 

Stage 4 Full-text assessment Final studies selected 

Stage 5 Reference snowballing Additional relevant studies added 

3.5. Quality Assessment 

Since the study was a synthesis of various types of publications, it was imperative to evaluate quality. All the chosen 
sources were rated based on four factors: relevancy to the research purpose, clarity of the methodology, the credibility 
of the source of the publication, and the practicality of the AI-based cybersecurity contribution. Empirical studies were 
evaluated based on the presence of clear sampling methods, appropriate analysis methods, and findings transparency. 
Conceptual studies were evaluated in terms of logical consistency, argument richness, and novelty. Technical credibility, 
support of evidence, and institutional reputation were assessed using industry reports. 

This filtering exercise to remove falsehoods meant that the end conclusions were based on evidence and not speculative 
arguments. It also aided in the differentiation of mature results and speculative trends. 

3.6. Data Extraction Procedure 

After the last selection, important information from each study was copied into a systematic review sheet. The fields 
extracted included author, year, country or region, purpose of the study, AI method employed, field of application of 
cybersecurity, software engineering phase, methodology, important findings, limitations, and recommendations. The 
extraction process was standardized to achieve a high level of consistency and allow cross-study comparison. 

The extraction matrix also categorized the studies according to the detection, prevention, response, governance, or 
lifecycle integration. This categorization further supported thematic synthesis and the building of structures. 

3.7. Data Analysis Technique 

Three analytical methods, which are complementary, were used to interpret the evidence collected. The initial one was 
thematic analysis. This entailed finding corresponding ideas, patterns, and findings in studies. Detecting threats smartly, 
secure-code automation, risk prioritization, adversarial AI risk, human-AI collaboration, privacy, and DevSecOps 
integration were the most popular. 

The second technique was comparative evaluation. In this study, different AI methods were compared based on their 
strengths, weaknesses, scalability, explainability, cost of computation, and applicability to other cybersecurity 
operations. To provide an example, machine learning models tended to be more successful in classification tasks, while 
deep learning was more successful with unstructured data, and reinforcement learning showed promise in adaptive 
response systems. 

Framework synthesis was the third technique. The thematic and comparative phases provided insights that were 
incorporated into an implementation framework of AI-driven cybersecurity in software engineering. The data 
collection, AI modeling, workflow integration, governance controls, and continuous improvement processes are 
interconnected in this framework. 
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4. Results 

4.1. AI Across the Software Development Lifecycle 

The review results show that Artificial Intelligence can bring a quantifiable value throughout the software development 
lifecycle, and not just to isolated security operations. AI can help in the discovery of risks earlier, incessant observation, 
and speedy remediation, turning cybersecurity into a more active component of software engineering practice. Among 
the most significant ones, it is possible to mention the fact that AI transforms security operations into late verification, 
instead of constant assurance during the development. 

At the requirements phase, AI tools are used to analyze user stories, requirement documents, and system specifications 
to highlight any missing security controls, ambiguous statements, privacy concerns, and compliance gaps. This is 
significant since the vulnerabilities brought in at the requirements collection phase tend to carry over to the subsequent 
stages and cost more to fix upon implementation. Early requirements assist teams in the establishment of secure 
expectations prior to the commencement of code. 

During the system design phase, AI aids in threat modeling, which helps to identify attack surfaces, trust boundaries, 
vulnerable architecture patterns, and data flows that are at risk. Rather than using all-manual workshops, AI may 
quickly compare and contrast design alternatives and suggest more robust security measures like segmentation, 
encryption, and authentication layers. 

Assistants based on AI used during the coding process assist developers in revealing insecure functions, weak input 
validation, and uncovered credentials, dependency vulnerabilities, and frequent coding mistakes that can be associated 
with security breaches. These tools have instant feedback within development environments, which minimizes the 
number of defects that get to production systems. 

AI enhances fuzzing, automated penetration testing, static analysis, and dynamic analysis in testing. Smart testing 
devices create more believable attack situations, give priority to risky modules, and minimize duplicated manual tasks. 
This enhances the depth of testing and reduces the number of releases. 

In the time of deployment, AI will be used to oversee infrastructure, user actions, network traffic, and application logs. 
Such suspicious activity as abuse of privileges, data access attempts, or suspicious data transfer can be easily identified. 
Predictive models are used in maintenance to detect the occurrence of risks, obsolete components, patch priorities, and 
trends of attack in the future. 

Table 4 AI Applications Across the Software Development Lifecycle 

SDLC Phase AI Security Contribution Expected Benefit 

Requirements Detect missing controls and policy gaps Early risk reduction 

Design Automated threat modeling Stronger architecture 

Coding Secure code recommendations Fewer vulnerabilities 

Testing Intelligent penetration testing Better defect discovery 

Deployment Real-time threat monitoring Faster detection 

Maintenance Predictive risk analysis Improved resilience 

4.2. Improved Threat Detection Accuracy 

One of the key findings of the studies reviewed is that AI-driven systems are generally better at detection in comparison 
with many of their traditional signature-based counterparts. Conventional instruments are very dependent on 
established regulations and common danger signals of compromise. Despite being efficient in combating threats that 
were already recognized, they are easily compromised when the malware signatures are modified, when the attackers 
use stealth attacks, or when they use zero-day attacks. To address this weakness, AI systems acquire behavioral patterns 
and do not purely work based on fixed signatures. 
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Deep learning and machine learning models have been discovered to be effective in detecting phishing attacks, malicious 
traffic, ransomware activity, insider attacks, and account takeovers. These systems identify smaller anomalies such as 
abnormal connections to systems, data transfers, suspicious process paths, and fragmented communications. The same 
results were also observed in other studies using balanced and high-quality datasets to train the models. Lowering the 
false positives is important because they minimize the fatigue of the analysts and allow the security teams to focus on 
actual threats. 

The review also discovered that AI models can be constantly improved with the introduction of new data. This dynamic 
learning has enabled the organizations to gain an advantage over the new attacks. However, training data are clean, 
retraining is done often, and validation is done carefully, and this will improve accuracy. 

Table 5 Comparison of Traditional Tools and AI-Based Detection 

Metric Traditional Tools AI-Based Systems 

Known Threat Detection Strong Strong 

Zero-Day Detection Limited High 

Behavioral Analysis Low High 

False Positives Often Higher Lower with quality data 

Continuous Learning Minimal Strong 

4.3. Faster Incident Response 

The review concluded that AI could positively affect the incident response speed by decreasing the time it takes between 
detection, investigation, and containment. Traditional setup also means alerts are frequently looked at by hand, and 
therefore can slow action during peak periods of attack. AI-based security operations platforms are used to automate 
the triage process, clustering similar notifications, scoring the severity, and suggesting follow-up actions. 

As an illustration, upon suspicious activity being detected, an AI system can automatically isolate an infected endpoint, 
block a malicious IP address, revoke compromised credentials, or enable multi-factor authentication. Such automated 
activities aid in containing threats before the attacks can propagate laterally or steal valuable information. Even minor 
decreases in response time can avert huge losses in operation in case of ransomware. 

The other notable outcome is that AI has the potential to assist analysts and not to substitute them. AI can enable human 
specialists to make strategic inquiries and complicated choices by automating routine tasks like correlating logs and 
prioritizing alerts. This new model is more efficient in its operations and enhances the security results. 

4.4. Better Vulnerability Prioritization 

The outcomes also show that AI can improve vulnerability management to ensure that organizations focus on 
remediating vulnerabilities in a smarter manner. There are thousands of threats in applications, endpoints, servers, and 
cloud environments in most businesses. The traditional prioritization tends to be based on the severity scores, such as 
the CVSS ratings. Although helpful, generic scores are not necessarily indicative of actual business risk. 

The AI models add more weight to the prioritization by considering a variety of variables, such as the probability of 
exploit, asset criticality, internet exposure, threat intelligence indicators, patch availability, past attack history, and 
operational impact. As a result, security teams will be in a position to focus on the most exploitable and harmful 
vulnerabilities in their specific context. 

This context-specific solution will reduce time and resources wasted on minor issues, thus accelerating the procedure 
of correcting critical vulnerabilities. A decrease in the number of patch cycles and better allocation of security resources 
have also been noted in some of the reviewed studies as a result of the introduction of AI-based risk scoring systems. 
This proves that AI is also beneficial in detection as well as in decision support. 

4.5. Enhanced Developer Productivity 

The review has continuously revealed that AI enhances the productivity of the developers and also enhances the quality 
of security. Tight deadlines, complex structures, and changing dependencies often pose challenges to secure 
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development. Workload pressures may push developers to either inadvertently add bugs or slow down security 
patches. AI coding assistants contribute to resolving this issue by providing security guidance as part of the development 
processes. 

These tools are able to propose less risky code options, identify insecure libraries, identify the presence of secrets, 
propose more resilient authentication logic, and describe vulnerabilities in real time. Due to the feedback provided 
during the coding as opposed to after release, developers do not spend as much time reworking the finished features. 
This minimizes technical debt and helps accelerate the delivery cycles. 

Another benefit is skill development. Developers guided by AI constantly get better informed on the concepts of secure 
coding. This comes in particularly handy with less security-savvy teams. The review thus indicates that AI is not merely 
an automation tool but also a learning partner, which increases the engineering maturity in general. 

5. Discussion 

This research paper supports the claims that AI-based cybersecurity is radically changing software engineering, as it is 
modifying the security-related practices towards a reactionary model of security to a proactive, resilient model of 
security. Security measures, as implemented in traditional settings, are usually added after the software has been code-
written or the threat has already become manifest. This slow reaction exposes vulnerabilities, data breaches, and 
disruption of operations. In comparison, AI allows uninterrupted tracking, analysis, and protection during the software 
development cycle. Security is thus seen as a continuous and unified process and not a periodical activity that is 
undertaken at the time of testing or post-deployment. AI enables software systems to be more resilient and receptive 
to changing risks through the anticipation of threats before they become serious by real-time pattern recognition and 
predictive analytics. 

The benefits of AI are more apparent in comparison with conventional methods of security. Traditional cybersecurity 
tools are mainly based on pre-determined signatures, static rules, and the manual skills of analysts. Although these 
techniques are still effective in identifying known threats, they are not as effective with zero-day exploits, advanced 
malware variants, and dynamically evolving attack patterns. These restrictions are removed by AI systems, which learn 
via massive datasets, identify hidden anomalies, and can improve their detection abilities with time. This educational 
ability allows the prompt detection of suspicious activity and offers a degree of scalability that can not be easily 
accomplished by manual systems in contemporary and large-volume online contexts. 

The economic advantages of implementing AI in software engineering are enormous. The earlier detection and 
automated response features can better protect against cyberattacks by minimizing the time between compromise and 
containment and offering organizations greater strength in addressing these attacks. Quicker security processes are 
also faster and more reliable, as the vulnerabilities can be recognized in the process of developing the software, as 
opposed to after it has been deployed. Moreover, AI-based solutions assist companies in fulfilling the requirements 
related to regulations and compliance by ensuring that there is a consistent monitoring and audit trail. A higher level of 
security performance also enhances confidence and trust in digital products by the user, which is becoming more and 
more critical in the competitive markets where reputation and reliability are the direct drivers of adoption. 

Although these advantages are present, a number of challenges and risks need to be taken into account. Good quality of 
training data and representative training data are required in AI systems, and low-quality training data can lower the 
accuracy or cause detrimental bias in decision-making. Another significant issue is adversarial attacks, in which 
malicious individuals use inputs to mislead AI models. Explainability is another problem, because certain more 
sophisticated models are black boxes, and their decisions are hard to understand by humans. When sensitive user or 
operational data are utilized to train and monitor, privacy issues can be brought into play. Moreover, its implementation 
into the existing development pipelines may be technologically challenging, and numerous organizations lack the 
number of professionals who have knowledge of AI and cybersecurity. 

6. Conclusion 

Intelligent and automated protection mechanisms implemented throughout the software development lifecycle are 
greatly transforming AI-driven cybersecurity, which is significantly changing the field of software engineering. Instead 
of considering security as a last-stage operation, AI can help to implement protection at the very first stage of the 
planning and design process, until the process of coding, testing, deployment, and maintenance. The transition enables 
organizations to detect vulnerable spots earlier, react more quickly to an incident, and create a more resilient system 



World Journal of Advanced Research and Reviews, 2025, 27(03), 2012-2025 

2024 

against more advanced cyber threats. With the constantly increasing scale and complexity of software systems, the fact 
that AI can process big data, identify patterns that could be hard to notice, and adjust to new attack strategies is 
becoming a valuable asset. 

The ability of AI to transform security operations into proactive prevention as opposed to reactive defense is one of the 
key advantages of AI in cybersecurity. Traditional methods are usually based on manual reviews, fixed rules, and 
signature-based tools, which might not identify new or fast-changing threats. Conversely, AI systems can constantly 
improve on updated information, identify abnormalities on the fly, and contribute to automated reactions, minimizing 
the consequences of attacks. These features enhance operational effectiveness, reduce downtimes, and aid in keeping 
trust in digital services and products. 

Although these are the advantages, there are a number of challenges that are still critical. Algorithms' bias, the inability 
to explain the results, privacy, and sensitivity to manipulation by adversaries are just some of the issues that can inhibit 
the usefulness of AI systems unless properly addressed. Effective implementation thus involves good governance 
systems, open decision-making mechanisms, frequent updates on the model, and effective human control. Cybersecurity 
professionals are needed to make sense of results, make strategic decisions, and ensure intelligent technologies are used 
ethically. 

Companies that effectively incorporate AI in secure software engineering methods will be in a better position to develop 
reliable, scalable, and future-based systems. The future of software engineering does not just lie in providing innovative 
applications, but also keeping those applications secure, reliable, and adaptable amid an ever-changing threat 
environment. 
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