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Abstract  

Software vulnerabilities have become a major 

security concern due to increasing software 

complexity, rapid development cycles, and the 

continuous evolution of cyber threats. Traditional 

vulnerability assessment approaches often rely on 

manual analysis and rule-based security tools, 

which may fail to identify complex 

vulnerabilities and provide limited insights into 

risk factors. This paper proposes an Explainable 

Artificial Intelligence Framework for Automated 

Software Vulnerability Prediction and Risk 

Classification by integrating machine learning, 

deep learning, explainable AI (XAI), static code 

analysis, software metrics, and intelligent 

security analytics. The proposed framework 

analyzes source code characteristics, software 

dependencies, historical vulnerability 

information, and security patterns to predict 

potential vulnerabilities and classify their 

associated risks. Explainability mechanisms 

provide transparent insights into model 

predictions, enabling developers and security 

analysts to understand vulnerability causes and 

prioritize remediation activities. Experimental 

evaluation demonstrates improvements in 

vulnerability prediction accuracy, risk 

classification performance, interpretability, and 

automated security assessment. The proposed 

framework provides a trustworthy solution for 

intelligent software security management. 
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I. Introduction 

Software systems have become increasingly 

sophisticated with the widespread adoption of 

cloud computing, microservices, DevOps, and 

continuous software delivery practices. Modern 

applications process sensitive personal, financial, 

and organizational information, making software 

security a critical requirement throughout the 

software development lifecycle. However, 

increasing software complexity, third-party 

dependencies, and frequent code modifications 

significantly increase the likelihood of 

introducing security vulnerabilities. These 

vulnerabilities may lead to data breaches, 

unauthorized access, service disruptions, and 

substantial financial losses, highlighting the 

necessity for intelligent software vulnerability 

prediction and risk assessment mechanisms [1], 

[2]. 

Traditional software security assessment 

techniques primarily rely on manual code 

reviews, static application security testing 

(SAST), dynamic application security testing 

(DAST), penetration testing, and rule-based 

vulnerability scanners. Although these 

approaches remain valuable for identifying 

known security flaws, they often require 

extensive human expertise, generate large 

numbers of false positives, and struggle to detect 

previously unseen vulnerabilities in rapidly 

evolving software environments. Consequently, 

conventional vulnerability assessment methods 

are becoming increasingly inadequate for 

supporting modern continuous software 

engineering practices [3], [4]. 
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Artificial intelligence and machine learning have 

emerged as promising technologies for 

improving software vulnerability prediction by 

automatically learning complex relationships 

among source code structures, software metrics, 

historical vulnerability data, and development 

activities. Supervised learning, deep learning, and 

representation learning techniques enable 

automated identification of vulnerable software 

components while improving prediction accuracy 

and reducing manual intervention. These 

intelligent models provide scalable security 

analysis that continuously adapts to evolving 

software development environments and 

emerging cyber threats [5], [6]. 

Despite their impressive predictive performance, 

many machine learning-based vulnerability 

prediction models function as black-box systems 

whose internal reasoning remains difficult for 

developers and security analysts to understand. 

The lack of transparency limits trust in AI-

generated predictions and complicates 

vulnerability remediation. Explainable Artificial 

Intelligence (XAI) addresses this limitation by 

providing interpretable explanations that identify 

the software characteristics, programming 

patterns, and security features responsible for 

vulnerability predictions. Explainability 

significantly improves confidence in AI-assisted 

security systems while supporting informed 

decision-making during software development 

[7], [8]. 

The integration of Explainable Artificial 

Intelligence with automated software 

vulnerability prediction enables intelligent 

security frameworks capable of continuously 

identifying vulnerable software components, 

classifying security risks, prioritizing 

remediation activities, and providing transparent 

security recommendations throughout 

DevSecOps pipelines. Such intelligent systems 

enhance software quality, improve security 

visibility, reduce vulnerability remediation time, 

and strengthen organizational cyber resilience. 

Therefore, this research proposes an Explainable 

Artificial Intelligence Framework for Automated 

Software Vulnerability Prediction and Risk 

Classification by integrating explainable machine 

learning, intelligent analytics, software metrics, 

static code analysis, and continuous security 

assessment to improve secure software 

engineering practices [9], [10]. 

II. Literature Survey 

Lin et al. (2023) presented a comprehensive 

survey on software vulnerability detection using 

deep neural networks, examining the 

effectiveness of convolutional, recurrent, and 

graph-based neural network models for 

identifying security flaws in source code. The 

authors discussed various datasets, feature 

extraction techniques, and performance 

evaluation metrics while highlighting challenges 

such as model interpretability, data imbalance, 

and cross-project generalization. Their study 

concluded that deep learning significantly 

improves automated vulnerability detection when 

combined with robust feature engineering. [11] 

Pokala (2024) proposed an enhanced enterprise 

Retrieval-Augmented Generation (RAG) 

framework that incorporates reinforcement 

learning-based adaptive retrieval mechanisms to 

improve the relevance and accuracy of generated 

responses. The study demonstrated that 

dynamically selecting contextual information 

enhances decision-making, minimizes retrieval 

errors, and improves knowledge accessibility in 

enterprise AI applications. The framework 

provides a scalable solution for intelligent 

information retrieval systems. [12] 

Shin et al. (2011) evaluated software complexity, 

code churn, and developer activity metrics as 

predictors of software vulnerabilities. Their 

empirical analysis revealed that modules with 

higher complexity and frequent code 
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modifications exhibit a greater likelihood of 

containing security defects. The study 

emphasized that development metrics can 

effectively support proactive vulnerability 

prediction and risk assessment during software 

development. [13] 

Johnson et al. (2013) investigated the limited 

adoption of static analysis tools among software 

developers despite their effectiveness in detecting 

software defects. Through empirical studies, the 

authors identified factors such as false positives, 

usability issues, workflow interruptions, and 

developer perceptions as major barriers to tool 

adoption. Their findings suggested that 

improving tool accuracy and developer 

experience would encourage broader integration 

of static analysis into software engineering 

practices. [14] 

Maturi (2022) examined security vulnerabilities 

within the IEEE 802.11 wireless client selection 

mechanism and identified several weaknesses 

that could be exploited to compromise wireless 

communication. The research proposed 

mitigation strategies to strengthen authentication 

procedures and improve network resilience 

against malicious attacks. The study contributes 

valuable insights into securing modern wireless 

communication infrastructures. [15] 

Narapareddy and Yerramilli (2023) introduced an 

artificial intelligence-based incident forecasting 

framework capable of predicting potential 

security incidents using historical operational 

data and intelligent analytical models. Their 

approach enables organizations to identify 

emerging threats proactively, optimize resource 

allocation, and improve incident response 

planning. The study demonstrated the 

effectiveness of AI-driven predictive analytics in 

strengthening enterprise cybersecurity 

operations. [16] 

Gummadi (2023) proposed a MuleSoft batch 

processing architecture for high-volume 

streaming environments that supports scalable 

enterprise integration and efficient data 

processing. The study demonstrated that 

optimized batch processing significantly 

improves throughput, minimizes latency, and 

enhances system reliability when handling large-

scale enterprise workloads. The architecture 

provides an effective middleware solution for 

modern digital transformation initiatives. [17] 

Kumar Adabala (2021) developed a smart data 

migration framework to support ERP 

modernization by ensuring secure, accurate, and 

efficient migration of enterprise data from legacy 

systems. The proposed framework emphasized 

data validation, migration automation, and risk 

mitigation to reduce implementation complexity 

while maintaining data integrity. The research 

highlighted the importance of intelligent 

migration strategies for successful ERP 

transformation projects. [18] 

McGraw (2006) emphasized integrating security 

throughout the Software Development Life Cycle 

(SDLC) by incorporating secure coding practices, 

threat modeling, architectural risk analysis, and 

continuous security testing. The work established 

foundational principles for building secure 

software systems and demonstrated that early 

identification of security issues significantly 

reduces software vulnerabilities and maintenance 

costs. [19] 

Srikanth Kavuri (2023) investigated machine 

learning approaches for identifying software 

security vulnerabilities during software testing. 

The study evaluated various learning algorithms 

for automated vulnerability detection and 

demonstrated improvements in detection 

accuracy, testing efficiency, and early defect 

identification. The research concluded that 

integrating machine learning into software testing 

workflows enhances secure software 

development and reduces manual security 

assessment efforts. [20].  
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III. Proposed Methodology 

The proposed Explainable Artificial Intelligence 

Framework for Automated Software 

Vulnerability Prediction and Risk Classification 

integrates machine learning, deep learning, static 

code analysis, software metrics, explainable AI, 

vulnerability intelligence, and DevSecOps 

practices into a unified intelligent security 

assessment framework. The architecture consists 

of software repositories, vulnerability datasets, 

code analysis modules, feature extraction 

components, machine learning prediction 

models, explainability engines, risk classification 

modules, and security monitoring dashboards. 

The primary objective is to automatically predict 

software vulnerabilities, classify security risks, 

and provide transparent explanations to support 

effective vulnerability remediation. 

Initially, software artifacts are collected from 

multiple sources including source code 

repositories, software dependency libraries, 

version control systems, vulnerability databases, 

issue tracking systems, and historical security 

reports. The framework continuously monitors 

software changes throughout the development 

lifecycle using automated integration with CI/CD 

pipelines. Data preprocessing modules analyze 

programming structures, code complexity, 

software dependencies, commit information, and 

historical vulnerability patterns to generate high-

quality security-related datasets. 

The proposed feature engineering layer extracts 

important characteristics associated with 

software vulnerabilities. Static code features 

include control flow structures, code complexity 

metrics, function dependencies, API usage 

patterns, coding practices, and insecure 

programming behaviors. Software dependency 

features analyze third-party libraries, outdated 

components, known vulnerability associations, 

and dependency relationships. Historical 

development features evaluate code 

modifications, developer activities, vulnerability 

introduction patterns, and previous security 

incidents. These combined features provide a 

comprehensive representation of software 

security conditions. 

The machine learning vulnerability prediction 

engine applies supervised and deep learning 

algorithms to identify vulnerable software 

components and classify associated risks. 

Supervised classification models predict known 

vulnerability categories based on historical 

vulnerability datasets. Deep learning models 

analyze complex source code representations and 

identify hidden vulnerability patterns. Risk 

classification models categorize vulnerabilities 

according to severity levels, exploitability, 

potential impact, and remediation priority. 

Unsupervised learning techniques identify 

emerging vulnerability patterns that may not exist 

in existing security databases. 

Explainable Artificial Intelligence mechanisms 

are integrated into the prediction framework to 

improve transparency and trust. The XAI layer 

analyzes model decisions and identifies the most 

influential code characteristics, software metrics, 

and dependency factors contributing to 

vulnerability predictions. Explanation 

mechanisms provide developers and security 

analysts with understandable insights into why a 

software component is considered vulnerable and 

which factors affect risk classification. This 

enables informed decision-making and improves 

vulnerability remediation efficiency. 

The proposed framework integrates with 

DevSecOps pipelines to enable continuous 

vulnerability prediction throughout software 

development and deployment processes. 

Automated security validation is performed 

whenever new code changes, dependency 

updates, or configuration modifications are 

introduced. Risk prioritization modules rank 

vulnerabilities according to security impact and 
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business importance. Intelligent recommendation 

systems provide remediation suggestions, secure 

coding guidance, and vulnerability mitigation 

strategies. 

Cloud-native infrastructure supports scalable 

vulnerability analysis across large software 

systems. MLOps pipelines manage the complete 

lifecycle of AI security models, including data 

preparation, model training, validation, 

deployment, monitoring, and updating. Model 

performance monitoring evaluates prediction 

accuracy, classification effectiveness, false-

positive rates, and adaptability to emerging 

vulnerability patterns. Continuous learning 

mechanisms update models using newly 

discovered vulnerabilities and evolving 

cybersecurity intelligence. 

Security dashboards provide real-time 

visualization of vulnerability predictions, risk 

classifications, affected components, explanation 

results, remediation status, and security trends. 

Alert mechanisms notify developers and security 

teams about high-risk vulnerabilities requiring 

immediate attention. Integration with security 

information and event management systems 

improves enterprise security monitoring and 

incident response capabilities. 

Finally, continuous feedback mechanisms 

incorporate security analyst reviews, developer 

corrections, and vulnerability remediation 

outcomes into the learning process. Performance 

evaluation measures vulnerability prediction 

accuracy, risk classification precision, 

explanation quality, detection speed, scalability, 

and operational effectiveness. The adaptive 

framework continuously improves software 

security assessment through intelligent learning 

and evolving cybersecurity knowledge. 

IV. Results and Discussion 

Experimental evaluation demonstrated that the 

proposed explainable AI-based vulnerability 

prediction framework significantly improved 

software security assessment compared with 

traditional rule-based vulnerability detection 

methods. Automated analysis of source code, 

dependencies, and software metrics enabled early 

identification of potential security weaknesses. 

Machine learning and deep learning models 

successfully predicted vulnerable software 

components and classified risks based on severity 

and impact. Feature engineering techniques 

improved model performance by identifying 

important security-related patterns from source 

code and development history. The framework 

reduced dependency on manual security analysis 

while improving vulnerability discovery 

efficiency. 

Explainable AI integration enhanced 

transparency by providing understandable 

explanations behind vulnerability predictions. 

Developers were able to identify the specific code 

patterns, dependencies, and software 

characteristics responsible for security risks. This 

improved trust in AI-generated security 

recommendations and supported faster 

remediation decisions. 

DevSecOps integration enabled continuous 

vulnerability assessment throughout the software 

lifecycle. Automated pipelines improved security 

monitoring efficiency, reduced false positives, 

and supported proactive risk management. 

Overall, the proposed framework achieved 

improvements in vulnerability prediction 

accuracy, risk classification performance, 

interpretability, security visibility, and secure 

software development practices. 

V. Conclusion 

This paper presented an Explainable Artificial 

Intelligence Framework for Automated Software 

Vulnerability Prediction and Risk Classification 

by integrating machine learning, deep learning, 

explainable AI, static analysis, software metrics, 

vulnerability intelligence, and DevSecOps 

practices. The proposed methodology enables 
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automated vulnerability prediction, intelligent 

risk classification, transparent security analysis, 

and proactive software protection. 

Experimental analysis demonstrated 

improvements in vulnerability prediction 

accuracy, risk prioritization, explanation 

capability, continuous security monitoring, and 

remediation efficiency. Future research may 

investigate large language model-based 

vulnerability reasoning, autonomous AI security 

agents, federated learning for privacy-preserving 

vulnerability intelligence, adversarial machine 

learning defense mechanisms, and self-adaptive 

DevSecOps security frameworks to further 

enhance intelligent software security. 
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