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Abstract 

The inclusion of Artificial Intelligence (AI) into the DevSecOps pipelines has revolutionized the way 

organizations think of the implementation of security and compliance in the Continuous Delivery pipelines. 

The results on the performance, accuracy, and flexibility have been measurable in the dynamic software 

environments wherein the teams have utilized AI-enhanced static analysis, vulnerability scanning, real-time 

threat detection, and automated compliance validation. This paper critically reviews the current state of 

practice in using AI for the support of DevSecOps tools and methodologies, evaluates empirical performance, 

and identifies the building blocks of the core architecture and operations of these emerging weapons in the 

fight against software insecurity. The end of the paper outlines future research directions to overcome the 

remaining model explainability, data privacy, standardization, and regulatory compliance challenges. The 

findings indicate that AI plays a major role in expanding and transforming the existing DevSecOps practices 

and the way security can be used in software engineering workflows. 

Keywords: Artificial Intelligence; Compliance Verification; Continuous Delivery; DevSecOps; Machine 

Learning in Software Engineering. 

 

1. Introduction  

More complex than ever software systems, and 

demands toward faster delivery and scale, have them 

turning towards the integrated DevSecOps practices 

of development, security, and operations. 

DevSecOps was defined as an extension of DevOps, 

embodying security controls and compliance 

mechanisms in the development pipeline, in order to 

automate security through the entire development 

pipeline without sacrificing speed [1]. With the rising 

number of organizations following the cloud native 

architecture, micro services, and continuous 

integration/continuous delivery (CI/CD), traditional 

and separate security practices are failing to counter 

the new risk threats and the compliance challenges 

[2]. Artificial Intelligence (AI) is an emerging 

transformative force that can improve DevSecOps 

practices such as automating vulnerability detection, 

optimizing threat modeling, aiding in predictive 

analytics, and enforcing policy in the dynamic and 

distributed environment [3]. For example, AI-driven 

tools are capable of processing massive volumes of 

code, network logs, and runtime behaviors that 

humans cannot process and do so in real time to 

detect and mitigate security risks [4]. As cyberattacks 

get sophisticated, it is becoming important to have the 

benefits of proactive and intelligent ways of detecting 

security issues with AI (in Continuous Delivery 

pipelines) [5]. This topic assumes importance in light 

of the exponential growth of attacks of a cyber nature 

targeted at the software supply chains. Nowadays, 

there is an increase in attacks on the software supply 

chain, as shown by a report of the European Union 

Agency for Cybersecurity (ENISA), the attacks rose 

by 430% in 2020 alone [6]. What these incidents 

show is the need for a rapid change in security 

practice to a more integrated, continuous, and 

intelligent one. Additionally, compliance 

requirements like the General Data Protection 

Regulation (GDPR) and the Health Insurance 

Portability and Accountability Act (HIPPA) impose 

strict compliance requirements from the entire 

spectrum of the software lifecycle, which has to be 

upheld at all costs [7]. Although the DevSecOps 

powered by AI has gained increasing interest, there 

are still many challenges and gaps. According to the 

current research, most of their efforts are dedicated to 

discrete uses of AI, like static code analysis or 

anomaly detection, as opposed to end-to-end 
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integrations encompassing the whole CI/CD pipeline 

[8]. Finally, there is a significant lack of standardized 

frameworks and methodologies that could be used to 

benchmark whether AI Models in the DevSecOps 

Context are efficient and trustworthy [9]. 

Furthermore, AI model explainability, bias, security 

vulnerabilities, along with other issues within the AI 

systems itself, make things even more complex [10]. 

Furthermore, as CI/CD environments are dynamic 

and codebases along with threat landscapes keep 

changing regularly, the AI models have to adapt by 

continuously learning from these changing dynamics, 

something that is still unexplored in existing research 

[11]. The aim of this review is to provide a critical 

appraisal of AI-driven DevSecOps, with regard to 

what it offers, what it changes, and what its 

limitations are at this time. It tries to illustrate how 

one can leverage AI to help with security and 

compliance in continuous delivery pipelines, and 

how to appropriately tackle the theoretical and 

practical points when deploying these systems. In the 

subsequent sections of this review, the foundations of 

DevSecOps, the integration of AI tools, problems and 

challenges, existing solutions, and future research 

directions in advancing DevSecOps into a more 

secure, compliant, and resilient software delivery 

practice will be explored, shown in Table 1. 

2. Literature Review 

 

Table 1 Summary of Key Research Studies on AI-Driven DevSecOps 

Focus Findings (Key Results and Conclusions) Reference 

Integration of automated security 

practices in DevSecOps pipelines 

Demonstrated increased vulnerability detection accuracy and 

reduced manual intervention by 30% in CI/CD workflows 
[12] 

Use of AI for threat intelligence in 

DevSecOps 

Improved detection of novel threats with a 25% higher 

precision than rule-based systems 
[13] 

Application of ML in continuous 

integration security 

Introduced behavior-based anomaly detection system, 

reducing false positives in security alerts 
[14] 

DevSecOps automation in 

containerized microservices 

Implemented a policy-aware orchestration system that 

improved security compliance checks across dynamic 

deployments 

[15] 

AI-supported vulnerability 

classification and prioritization 

Showed faster identification and risk assessment of code-

level vulnerabilities using NLP and supervised learning 

models 

[16] 

AI-enhanced security assurance in 

continuous delivery 

Integrated ML models for runtime monitoring, achieving 

90% detection rates for configuration drifts 
[17] 

Automation of compliance 

verification 

Proposed an agent-based system that reduced audit 

preparation time by 60% in regulated environments 
[18] 

Deep learning models in source 

code analysis 

Achieved higher vulnerability recall rates than traditional 

static code analysis tools 
[19] 

Lifelong learning in AI models for 

DevSecOps 

Developed models that adapted to evolving threats without 

full retraining, significantly reducing downtime and 

maintenance costs 

[20] 

Governance and compliance 

enforcement in DevSecOps 

Enhanced regulatory compliance through real-time policy 

enforcement mechanisms integrated into cloud-native 

delivery pipelines 

[21] 
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3. Proposed Theoretical Model and Block 

Diagram for AI-Driven DevSecOps 

3.1.Theoretical Model Overview 

An effective AI-driven DevSecOps model integrates 

automation, intelligence, and policy enforcement 

across every phase of the CI/CD pipeline. The 

theoretical architecture consists of five 

interconnected layers: 

 Source Code and Artifact Management 

 CI/CD Pipeline with AI-Augmented Security 

Gates 

 Runtime Monitoring and Incident Response 

 Compliance Enforcement Layer 

 Feedback and Adaptive Learning Mechanism 

Each layer interacts with AI-driven components that 

perform static/dynamic code analysis, behavioral 

monitoring, anomaly detection, policy validation, 

and threat intelligence correlation, shown in Figure 1. 

 

 
Figure 1 AI-Driven DevSecOps Framework 

 

3.2. Discussion of Theoretical Components 

3.2.1. AI-Enabled Static Code Analysis 

Firstly, it finds the security issues detected using 

machine learning models, and passes to a stage where 

it acquires a suggestion for remediation in the code 

repository prior to the build of code. Since these tools 

[22] can get contextual semantics, they may find 

vulnerabilities outside of traditional linters. 

3.2.2. CI/CD Integration with AI-Augmented 

Security Gates 

AI is used for prioritizing security tests to reduce the 

time taken to conduct them during the build and 

integration stages, and also helps identify risky 

components. Reinforcement learning agents are tools 

that can dynamically select and run appropriate 

security tests to improve the pipelines’ efficiency and 

depth of inspection [23]. 

3.2.3. AI-Based Vulnerability Scanning and 

Risk Scoring 

Memory corruption, such as buffer overflows and 

misconfigurations, is detected using AI during 

analysis on the build or deploy stage. Scanners based 

on NLP obtained vulnerability patterns in the 

documentation and in the traces to assign the risks’ 

exploitability [24]. 

3.2.4. AI-Driven Deployment Anomaly 

Detection 

At deployment, AI engines flag unusual 

configuration drifts and potentially harmful 

interactions between containers, particularly in 

orchestrated environments like Kubernetes [25]. 

These systems learn baseline deployment behaviors 

and compare real-time configurations against them. 

3.2.5. Runtime Monitoring and Adaptive 

Defense 

Applications are monitored for real-time anomalies 

once they are deployed. A person cannot tell the 

difference between general use and a program 

thrashing the system. So, AI agents observe traffic, 

system calls, and resource consumption and try to 

identify those zero-day attacks as well as insider 

threats. It is possible for models to make 

improvements using decentralized data in various 

environments without compromising privacy [26]. 

3.2.6. Automated Compliance and Governance 

AI enforces compliance policies by understanding the 

text of the law and turning it into a machine-readable 

format that it can then also make sure the system 

configuration complies with the law. For instance, 

GDPR and PCI DSS clauses automatically converted 

into logical policies are validated by compliance as 

code systems [27]. 

3.2.7. Feedback Loop and Continual Learning 

The entire architecture supports continuous learning. 

Feedback from runtime environments, threat 

intelligence feeds, and user interaction logs is used to 

retrain ML models. Concept drift detection 

mechanisms ensure that AI systems adapt to evolving 
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threat landscapes [28]. 

4. Experimental Results, Graphs, and Tables 

4.1. Overview of Experimental Design 

Empirical assessments of AI-driven DevSecOps 

practices have already been done in several peer-

reviewed studies. These experiments were done for 

other metrics, such as accuracy to detect vulnerable 

applications, precision of threat detection, ease with 

which to verify compliance, efficiency of patch 

prioritization, and stability of deployment. 

Performance data was collected from a controlled 

testing environment (e.g, CI/CD simulators, 

container orchestrator/platform, and compliance 

systems), shown in Table 2. 

 

 

Table 2 Performance Comparison of AI vs Traditional DevSecOps Techniques 

Security Technique 

Evaluated 
Metric 

AI-Based 

Approach 

Traditional 

Tool 

Improvement 

(%) 
Reference 

Static Code Analysis 
Detection Accuracy 

(%) 
94.5 81.2 16.4 [29] 

Runtime Threat 

Monitoring 

Threat Detection 

Precision (%) 
91.0 68.5 32.7 [30] 

Compliance 

Verification 

Verification Time 

(seconds) 
12.6 32.4 61.1 (reduction) [31] 

Vulnerability 

Prioritization 
Time to Patch (hours) 1.4 3.9 64.1 (reduction) [32] 

Deployment Stability 
Post-deploy Incidents 

(per month) 
1.2 3.6 66.7 (reduction) [33] 

 

 
Figure 2 Detection Accuracy in Static Code 

Analysis 

 

AI-based static analysis improved detection accuracy 

by over 16% in experiments using Java and Python 

codebases, attributed to the use of graph neural 

networks for code representation [29], Figure 2. 

 
Figure 3 Threat Detection Precision in Runtime 

Monitoring 

 

AI-driven threat monitoring in containerized 

microservice environments demonstrated a 32.7% 

improvement in precision, reducing false alerts and 

improving triage time [30], Figure 3. 
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Figure 4 Compliance Verification Time 

Reduction 

 

AI significantly decreased compliance verification 

times, with logic-rule-based interpreters optimizing 

audits for PCI-DSS and GDPR frameworks [31], 

Figure 4. 

4.2. Key Findings 

 More Vulnerability Detection Accuracy: It 

has been shown that static analyzers with AI 

powers detect a higher number of security 

bugs, especially in object-oriented and 

dynamic languages, with the help of deep 

code understanding [29]. 

 Also, Machine learning algorithms trained on 

syscall patterns and network traffic logs 

provide better than existing rule-based 

techniques in threat detection from run time 

[30]. 

 Legal framework interpretation and system 

policy validation by AI agents reduced 

manual review effort by more than 60% [31]. 

 AI-enhanced prioritization models help to cut 

down the average response time by 64.1% 

based on exploitability and asset criticality by 

ranking the vulnerabilities [32]. 

 Anomaly detection models deployed in 

container orchestration drastically decreased 

the incident rate and accordingly decreased 

post-deployment failure cases [33]. 

5. Future Research Directions 

Given widespread adoption of AI-driven 

DevSecOps, several core avenues have to be paid 

attention to to help push the state-of-the-art research 

in this domain, particularly in the context of cloud-

native and enterprise-grade software systems. In the 

context of code analysis, anomaly detection, and 

vulnerability prioritization, the current AI in 

DevSecOps is implemented as black box models. 

Such a lack of transparency results in them being 

unaccepted in safety-critical or regulated 

environments. To justify automated decisions and 

support audit in high regulatory compliance 

environments, e.g., HIPAA, PCI DSS, and GDPR, 

XAI is critically needed [34]. All this can be partly 

integrated with XAI mechanisms into DevSecOps 

tools for increasing trust, reliability, and human 

oversight. Data privacy and compliance are the top 

concerns in environments being deployed in a multi-

cloud and hybrid infrastructure in DevSecOps 

environments. The centralized model training may go 

against regulatory frameworks like GDPR and 

CCPA. Federated learning and differential privacy 

can be regarded as the foundational models for AI-

driven DevSecOps, avoiding raw data centralization 

to provide the predictive accuracy as suggested to be 

explored in future studies [35]. The lack of 

standardized benchmarks prevents the comparison of 

most of the AI-driven DevSecOps tools. Efforts into 

research should focus on the development of realistic 

and diverse datasets containing labeled 

vulnerabilities, security events, deployment logs, and 

compliance violations. These are datasets for 

different environments (i.e. monolithic, 

microservice, serverless) which would be the 

baselines for performance evaluation [36]. Although 

there is technical innovation around securing 

development pipelines with AI, few ethical or legal 

frameworks exist to guide AI as part of a secure 

development pipeline. To propose governance 

structures that specify what is accountable, when 

decisions are to be made, and what happens if these 

go wrong for AI-based systems in DevSecOps, 

interdisciplinary research combining research on 

software engineering, law, and ethics is necessary 

[37]. There will be a need to research hybrid models 

that combine automatic detection of threats and 

compliance checking with human validation and 

intervention. The automation should not be full, but 
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intelligent systems should enable human operators to 

make decisions in cooperation with decision 

augmentation and provide real-time 

recommendations coupled with prioritization 

interfaces. Such systems would decrease the alert 

fatigue, but keep expert oversight within the 

DevSecOps pipeline [38]. 

Conclusion 

Continuous delivery workflows can get security and 

compliance embedded into them by the 

transformative catalyst that Artificial Intelligence has 

become. There are measurable improvements in 

detection accuracy, operational efficiency, and 

response times when AI is incorporated into 

DevSecOps pipelines [39] through the findings of 

multiple studies conducted. Such improvements have 

been seen in a wide variety of operational domains, 

including static code analysis, runtime threat 

monitoring, deployment risk mitigation, and 

compliance verification. These results are made 

possible thanks to the automated feature extraction, 

behavior modelling, and correlation of security 

signals by AI systems. There are, however, several 

critical concerns regarding the explainability of AI 

models, the reliability of decisions in adversarial 

settings, and how hard it will be to deploy AI 

solutions across the diverse, heterogeneous 

toolchains. Many of the ML-powered tools, 

especially the ones based on deep learning, are 

opaque tools [40] which pose challenges during 

compliance audit, decision traceability, as well as in 

terms of liability in regulated environments. Evolving 

threats of adversarial attacks, along with data drift, 

also need to be investigated in a deeper fashion. 

Moreover, standard metrics must be operationalized 

for validation, a strategy for ongoing retraining, and 

the feedback loops need to be integrated for system 

performance and trustworthiness as time passes [41]. 

Finally, while AI-driven DevSecOps solutions are 

shown to be efficient and adaptive, they work if 

future research is towards improving explainability, 

facilitating privacy preservation, standardizing, and 

integrating into a human-centric design. AI and 

DevSecOps will be effective only when governance, 

transparency, and strategic deployment in an 

enterprise ecosystem are taken into consideration, in 

addition to higher sophistication in algorithms. 
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