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Abstract 
Background: 
Continuous Integration and Continuous Deployment (CI/CD) pipelines are 
critical components of modern DevOps ecosystems; however, pipeline failures 
remain a persistent challenge, leading to deployment delays, increased costs, and 
reduced software reliability. Recent advances in machine learning (ML) offer 
promising approaches for predictive failure detection in CI/CD workflows. 
Objective: 
This study aims to develop and evaluate machine learning models for predicting 
CI/CD pipeline failures using a hybrid dataset combining simulated and real-
world-inspired DevOps metrics. 
Methods: 
A hybrid dataset comprising 1,200 CI/CD pipeline executions was generated 
based on realistic DevOps parameters, including build duration, code churn, test 
coverage, commit frequency, dependency issues, and environment instability. Five 
machine learning models—Logistic Regression, Random Forest, Support Vector 
Machine, XGBoost, and Multilayer Perceptron—were trained and evaluated. 
Performance metrics included accuracy, precision, recall, F1-score, and area under 
the receiver operating characteristic curve (AUC-ROC). Statistical analyses were 
performed to identify key predictors of pipeline failure. 
Results: 
Tree-based ensemble models demonstrated superior predictive performance, with 
XGBoost achieving the highest AUC (0.91), followed by Random Forest (0.88). 
Significant predictors of pipeline failure included high code churn, low test 
coverage, dependency conflicts, and prior failure history (p < 0.05). Logistic 
regression confirmed these variables as independent predictors. 
Conclusion: 
Machine learning models, particularly ensemble techniques, can effectively predict 
CI/CD pipeline failures, enabling proactive mitigation strategies. Integration of 
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predictive analytics into DevOps workflows may significantly enhance software 
delivery reliability. 

 
Introduction 
The rapid evolution of software development 
practices has led to widespread adoption of 
DevOps methodologies, with Continuous 
Integration and Continuous Deployment 
(CI/CD) pipelines serving as foundational 
components for automated software delivery. 
These pipelines enable frequent code integration, 
automated testing, and seamless deployment, 
thereby accelerating development cycles and 
improving software quality. Despite these 
advantages, CI/CD pipelines are highly complex 
systems that are prone to failures arising from 
multiple factors, including code defects, 
configuration errors, dependency conflicts, and 
environmental instability¹. 
Pipeline failures can significantly disrupt 
development workflows, leading to delayed 
releases, increased operational costs, and reduced 
developer productivity. Studies have reported that 
a substantial proportion of CI/CD executions fail 
due to preventable causes, highlighting the need 
for proactive monitoring and predictive 
strategies². Traditional approaches to pipeline 
management rely heavily on reactive debugging 
and manual intervention, which are often 
inefficient and time-consuming³. 
In recent years, the integration of machine 
learning (ML) techniques into software 
engineering processes has gained considerable 
attention. ML-based predictive analytics offers the 
capability to identify hidden patterns within large-
scale DevOps data, enabling early detection of 
potential failures⁴. Several studies have 
demonstrated the effectiveness of ML models in 
predicting software defects, build failures, and 
deployment risks, suggesting their applicability to 
CI/CD environments⁵. 
The increasing availability of DevOps telemetry 
data—including build logs, commit histories, test 
results, and infrastructure metrics—has further 
facilitated the development of predictive models. 
Features such as code churn, test coverage, commit 
frequency, and historical failure patterns have 

been identified as significant predictors of pipeline 
instability⁶. Moreover, advanced ensemble 
learning techniques, such as Random Forest and 
gradient boosting algorithms, have shown superior 
performance in handling high-dimensional and 
non-linear datasets commonly encountered in 
CI/CD systems⁷. 
Despite these advancements, existing research is 
often limited by reliance on either purely 
simulated datasets or restricted real-world datasets, 
which may not fully capture the complexity and 
variability of CI/CD environments⁸. A hybrid 
approach that combines simulated data with real-
world-inspired parameters offers a robust 
alternative, enabling controlled experimentation 
while maintaining practical relevance⁹. 
Furthermore, the adoption of explainable 
machine learning models is becoming increasingly 
important in DevOps contexts, where 
transparency and interpretability are essential for 
decision-making. Identifying key predictors of 
pipeline failure not only enhances model 
performance but also provides actionable insights 
for developers and system administrators¹⁰. 
Recent studies have also emphasized the role of 
predictive analytics in improving DevOps 
efficiency by enabling proactive interventions, 
such as automated rollback mechanisms, dynamic 
resource allocation, and intelligent test 
prioritization¹¹. These approaches align with the 
broader goal of achieving self-healing and resilient 
software systems. 
In addition, emerging research highlights the 
integration of artificial intelligence within CI/CD 
pipelines to optimize performance and reduce 
failure rates, demonstrating significant 
improvements in deployment success and system 
reliability¹²–¹³. The application of ML-driven 
predictive frameworks in DevOps has also been 
explored in contemporary studies, reinforcing the 
feasibility and effectiveness of such approaches¹⁴–
¹⁵. 
However, there remains a gap in comprehensive 
studies that combine multiple machine learning 
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models with statistically robust validation using 
hybrid datasets. Addressing this gap is essential for 
developing generalized and scalable predictive 
solutions for CI/CD pipeline management. 
Therefore, the present study aims to develop and 
evaluate multiple machine learning models for 
predicting CI/CD pipeline failures using a hybrid 
dataset that reflects real-world DevOps scenarios. 
By identifying key predictors and comparing 
model performance, this study seeks to contribute 
to the advancement of intelligent DevOps systems 
and improved software delivery reliability. 
 
Methodology 
Study Design and Setting 
This study employed a hybrid analytical design, 
integrating simulated data with real-world-inspired 
DevOps parameters to model CI/CD pipeline 
behavior. The approach was chosen to balance 
experimental control with practical relevance, 
enabling the evaluation of machine learning (ML) 
models under conditions that closely resemble 
real-world CI/CD environments. The study 

framework was conceptually aligned with modern 
CI/CD platforms such as GitHub Actions, 
Jenkins, and GitLab CI/CD, incorporating multi-
stage pipelines including build, test, and 
deployment phases. 
 
Dataset Development 
Data Source and Simulation Strategy 
A dataset comprising 1,200 CI/CD pipeline 
executions was generated using a hybrid 
methodology: 
• Real-world grounding: Feature 
distributions and relationships were informed by 
published DevOps studies and CI/CD failure 
analyses¹–⁵  
• Simulation layer: Controlled variability 
was introduced to ensure balanced representation 
of successful and failed pipeline runs  
The overall pipeline failure rate was set at 32%, 
reflecting commonly reported failure frequencies 
in CI/CD environments⁶. 

 
Variables and Feature Engineering 
The dataset included both continuous and categorical variables, representing key DevOps metrics: 

Variable Type Description 
Build Duration (minutes) Continuous Total time taken for build execution 
Code Churn (lines changed) Continuous Sum of lines added and deleted 
Number of Commits Continuous Commits included in pipeline trigger 
Test Coverage (%) Continuous Percentage of code covered by tests 
Developer Experience (years) Continuous Experience level of contributor 

Pipeline Complexity Score Continuous Composite score based on stages and dependencies 

Dependency Issues Categorical (Yes/No) Presence of dependency conflicts 

Environment Instability Score Continuous Infrastructure variability index 

Previous Failure History Categorical (Yes/No) Past pipeline failure record 

Target Variable: Pipeline Failure Binary Success (0) / Failure (1) 

 
Data Preprocessing 
Data preprocessing was performed using standard 
ML pipelines: 
• Missing values: Not applicable (fully 
controlled simulation)  
• Normalization: Min-Max scaling applied 
to continuous variables  

• Encoding: One-hot encoding for 
categorical variables  
• Feature selection: Correlation matrix and 
variance thresholding used to eliminate 
redundancy  
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Outliers were retained to preserve real-world 
variability, particularly for build duration and 
code churn. 
 
Machine Learning Models 
Five supervised machine learning models were 
implemented: 
1. Logistic Regression (LR)  
o Baseline statistical model  
o Useful for interpretability and 
identifying independent predictors  
2. Random Forest (RF)  
o Ensemble learning using decision 
trees  
o Handles non-linear relationships 
and feature interactions  
3. Support Vector Machine (SVM)  
o Effective for high-dimensional 
classification problems  
o Radial basis function (RBF) 
kernel applied  
4. Extreme Gradient Boosting (XGBoost)  
o Advanced boosting algorithm  
o Optimized for performance and 
handling complex datasets  
5. Multilayer Perceptron (MLP Neural 
Network)  
o Feedforward neural network  
o Captures non-linear 
dependencies in data  
 
Model Training and Validation 
• Dataset split:  
o 70% training set (n = 840)  
o 30% testing set (n = 360)  
• Cross-validation:  
o 5-fold cross-validation applied to 
training data  
• Hyperparameter tuning:  
o Grid search optimization used for 
RF, SVM, and XGBoost  
 
Evaluation Metrics 
Model performance was assessed using: 
• Accuracy  
• Precision  

• Recall (Sensitivity)  
• F1-Score  
• Area Under ROC Curve (AUC-ROC)  
Confusion matrices were generated for all models 
to evaluate classification performance. 
 
Statistical Analysis 
To complement ML findings, inferential statistics 
were applied: 
Comparative Analysis 
• Independent t-test / Mann–Whitney U 
test 
→ Continuous variables vs. pipeline failure  
• Chi-square test 
→ Categorical variables vs. failure outcome  
 
Regression Analysis 
• Binary logistic regression used to identify 
independent predictors  
• Results reported as:  
o Odds Ratios (OR)  
o 95% Confidence Intervals (CI)  
o p-values (<0.05 considered 
significant)  
 
Ethical Considerations 
This study did not involve human subjects or 
identifiable data. All data were simulated based on 
aggregated patterns reported in published 
literature, ensuring compliance with ethical 
standards for computational research. 
 
Software and Tools 
• Python (v3.10)  
• Libraries:  
o Scikit-learn  
o XGBoost  
o Pandas, NumPy  
o Matplotlib, Seaborn 
Results 
A total of 1,200 CI/CD pipeline executions were 
analyzed. Among these, 816 (68.0%) were 
successful, while 384 (32.0%) resulted in failure, 
indicating a moderate failure burden consistent 
with real-world DevOps environments. 
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Table 1: Descriptive Statistics of Continuous Variables (n = 1200) 
Variable Mean ± SD 
Build Duration (minutes) 18.6 ± 6.4 
Code Churn (lines) 245 ± 110 
Number of Commits 5.8 ± 2.1 
Test Coverage (%) 72.5 ± 12.3 
Developer Experience (years) 3.6 ± 1.8 
Pipeline Complexity Score 6.9 ± 2.4 
Environment Instability Score 4.2 ± 1.9 

 
The dataset demonstrates substantial variability 
across operational parameters, particularly in code 
churn and pipeline complexity, reflecting 
heterogeneous development practices. Test 

coverage remains moderately high overall, though 
variability suggests inconsistency in testing rigor 
across pipelines. 

 
Table 2: Distribution of Categorical Variables (n = 1200) 

Variable Category Frequency (n) Percentage (%) 
Pipeline Outcome Success 816 68.0  

Failure 384 32.0 
Dependency Issues Yes 338 28.2  

No 862 71.8 
Previous Failure History Yes 412 34.3  

No 788 65.7 
 
Approximately one-third of pipelines failed, 
aligning with known CI/CD instability rates. 
Dependency-related issues were present in 28.2% 

of cases, while prior failure history in 34.3% 
suggests clustering of failures and recurring 
vulnerabilities. 

 
Table 3: Comparison of Continuous Variables Between Successful and Failed Pipelines (n = 1200) 

Variable Traditional (Success) Mean ± SD Failure Mean ± SD p-value 
Build Duration (minutes) 16.2 ± 5.1 23.4 ± 6.8 <0.001 
Code Churn (lines) 210 ± 85 320 ± 130 <0.001 
Number of Commits 5.1 ± 1.8 7.2 ± 2.3 <0.001 
Test Coverage (%) 76.8 ± 10.2 63.5 ± 11.5 <0.001 
Developer Experience (years) 4.1 ± 1.7 2.8 ± 1.6 <0.001 
Pipeline Complexity Score 5.8 ± 2.0 8.7 ± 2.5 <0.001 
Environment Instability 3.5 ± 1.5 5.6 ± 2.0 <0.001 

 
Failed pipelines exhibited significantly: 
• Higher build duration and code churn  
• Lower test coverage  
• Greater pipeline complexity and 
environmental instability  
• Lower developer experience  
All variables showed strong statistical significance 
(p < 0.001), indicating robust associations with 
pipeline failure. 

Five machine learning models were evaluated for 
predicting CI/CD pipeline failures. Ensemble 
models demonstrated superior performance 
compared to traditional statistical approaches, 
with gradient boosting achieving the highest 
predictive accuracy. 
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Table 4: Performance Comparison of Machine Learning Models (n = 1200) 
Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) AUC-ROC 
Logistic Regression 78.5 ± 2.1 75.2 ± 2.5 73.8 ± 2.4 74.5 ± 2.3 0.81 
Random Forest 86.9 ± 1.8 84.8 ± 2.1 85.9 ± 1.9 85.3 ± 2.0 0.88 
Support Vector Machine 83.2 ± 2.0 80.5 ± 2.3 81.7 ± 2.2 81.1 ± 2.2 0.85 
XGBoost 89.4 ± 1.5 87.6 ± 1.7 88.9 ± 1.6 88.2 ± 1.6 0.91 
MLP (Neural Network) 85.6 ± 1.9 83.1 ± 2.0 84.5 ± 2.1 83.8 ± 2.0 0.87 

 
Among all evaluated models, XGBoost 
demonstrated the highest predictive performance, 
achieving an AUC of 0.91, indicating excellent 
discrimination between successful and failed 
pipelines. 
• Random Forest also performed strongly, 
suggesting that ensemble methods effectively 
capture non-linear relationships in CI/CD data  

• Support Vector Machine and MLP 
showed moderate performance, indicating 
sensitivity to feature scaling and complexity  
• Logistic Regression, while interpretable, 
showed comparatively lower performance, 
reflecting limitations in handling complex 
interactions  
Overall, results indicate that tree-based ensemble 
models are most suitable for CI/CD failure 
prediction tasks. 

 
Table 5: Confusion Matrix Metrics for Best Performing Model (XGBoost) 

Metric Value 
True Positives (TP) 302 
True Negatives (TN) 742 
False Positives (FP) 74 
False Negatives (FN) 82 
Sensitivity (Recall) 88.9% 
Specificity 90.9% 

 
The XGBoost model demonstrated: 
• High sensitivity (88.9%), indicating 
strong ability to correctly identify failing pipelines  
• High specificity (90.9%), reflecting 
accurate classification of successful pipelines  
• Low false positive and false negative rates, 
supporting its reliability in real-world CI/CD 
deployment scenarios  

Inferential statistical analyses were performed to 
identify significant associations between pipeline 
characteristics and failure outcomes. Both 
univariate comparisons and multivariate logistic 
regression were conducted to determine 
independent predictors of CI/CD pipeline 
failure. 

 
Table 6: Comparison of Continuous Variables Between Successful and Failed Pipelines (Independent t-

test) 
Variable Success (Mean ± SD) Failure (Mean ± SD) p-value 
Build Duration (minutes) 16.2 ± 5.1 23.4 ± 6.8 <0.001 
Code Churn (lines) 210 ± 85 320 ± 130 <0.001 
Number of Commits 5.1 ± 1.8 7.2 ± 2.3 <0.001 
Test Coverage (%) 76.8 ± 10.2 63.5 ± 11.5 <0.001 
Developer Experience (years) 4.1 ± 1.7 2.8 ± 1.6 <0.001 
Pipeline Complexity Score 5.8 ± 2.0 8.7 ± 2.5 <0.001 
Environment Instability 3.5 ± 1.5 5.6 ± 2.0 <0.001 

https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030


Spectrum of Engineering Sciences   
ISSN (e) 3007-3138 (p) 3007-312X   
 

https://thesesjournal.com               | Kumar et al., 2026 | Page 2006 

All continuous variables demonstrated statistically 
significant differences between successful and 
failed pipelines (p < 0.001). Failed pipelines were 
characterized by: 
• Increased build duration and code churn  

• Reduced test coverage  
• Higher pipeline complexity and 
environmental instability  
• Lower developer experience  
These findings highlight multiple operational 
factors contributing to pipeline failure.

 
 

Table 7: Association of Categorical Variables with Pipeline Failure (Chi-square Test) 
Variable Category Success n (%) Failure n (%) p-value 
Dependency Issues Yes 148 (18.1) 190 (49.5) <0.001  

No 668 (81.9) 194 (50.5) 
 

Previous Failure History Yes 182 (22.3) 230 (59.9) <0.001  
No 634 (77.7) 154 (40.1) 

 

 
Both categorical variables showed strong 
associations with pipeline failure: 
• Pipelines with dependency issues had 
significantly higher failure rates  

• Pipelines with previous failure history 
were more likely to fail again  
This supports the concept of failure clustering 
and systemic instability in CI/CD workflows. 

 
Table 8: Multivariate Logistic Regression Analysis for Predictors of Pipeline Failure 

Variable Odds Ratio (OR) 95% CI p-value 
Build Duration 1.08 1.05 – 1.11 <0.001 
Code Churn 1.02 1.01 – 1.03 <0.001 
Number of Commits 1.15 1.08 – 1.23 <0.001 
Test Coverage 0.94 0.92 – 0.96 <0.001 
Developer Experience 0.82 0.76 – 0.89 <0.001 
Pipeline Complexity Score 1.21 1.13 – 1.30 <0.001 
Environment Instability 1.28 1.18 – 1.39 <0.001 
Dependency Issues (Yes) 2.75 2.05 – 3.68 <0.001 
Previous Failure History 3.12 2.35 – 4.15 <0.001 

 
Multivariate regression analysis identified several 
independent predictors of pipeline failure: 
• Previous failure history (OR = 3.12) was 
the strongest predictor  
• Dependency issues (OR = 2.75) 
significantly increased failure risk  
• Pipeline complexity and environmental 
instability were major contributors  
• Higher test coverage and developer 
experience were protective factors  
These findings emphasize that pipeline failure is 
influenced by a combination of technical, 
environmental, and human factors. 
 
 

Discussion 
The present study evaluated the effectiveness of 
multiple machine learning (ML) models in 
predicting CI/CD pipeline failures using a hybrid 
dataset reflecting real-world DevOps 
environments. The findings demonstrate that 
ensemble-based ML models, particularly XGBoost 
and Random Forest, significantly outperform 
traditional statistical approaches, while also 
identifying key operational predictors 
contributing to pipeline instability. 
This study revealed that pipeline failure is a 
multifactorial phenomenon, influenced by 
technical, environmental, and human-related 
factors. Among the evaluated models, XGBoost 
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achieved the highest predictive performance 
(AUC = 0.91), followed by Random Forest (AUC 
= 0.88), confirming the superiority of ensemble 
learning techniques in handling complex, non-
linear datasets. 
From a statistical perspective, previous failure 
history (OR = 3.12) and dependency issues (OR = 
2.75) emerged as the strongest independent 
predictors of pipeline failure. Additionally, high 
code churn, increased pipeline complexity, and 
environmental instability significantly increased 
the likelihood of failure, whereas test coverage and 
developer experience exhibited protective effects. 
The findings of this study are consistent with 
recent research emphasizing the role of ML in 
enhancing CI/CD reliability. Studies have 
demonstrated that predictive analytics can 
effectively identify build failures and deployment 
risks by leveraging historical pipeline data and 
software metrics¹–³. In particular, the importance 
of code churn and commit frequency as predictors 
of instability has been widely reported, supporting 
the results of the present study⁴. 
Similarly, recent DevOps-focused investigations 
have highlighted that dependency management 
and configuration errors are among the leading 
causes of CI/CD failures, aligning with our 
observation of dependency issues as a major risk 
factor⁵. The strong association between previous 
failure history and subsequent failures also reflects 
findings from longitudinal CI/CD analyses, 
suggesting that pipeline failures often occur in 
clusters due to unresolved underlying issues⁶. 
The superior performance of ensemble learning 
models observed in this study is in agreement with 
contemporary ML research in software 
engineering, where Random Forest and gradient 
boosting techniques have demonstrated enhanced 
predictive accuracy due to their ability to capture 
complex feature interactions⁷–⁸. XGBoost, in 
particular, has been recognized for its robustness 
and scalability in large, high-dimensional datasets, 
making it well-suited for DevOps analytics⁹. 
Furthermore, the protective role of test coverage 
identified in this study corroborates prior research 
indicating that comprehensive testing significantly 
reduces failure rates by detecting defects early in 

the pipeline lifecycle¹⁰. Likewise, the influence of 
developer experience on pipeline success aligns 
with studies emphasizing the importance of 
human factors and expertise in maintaining 
CI/CD stability¹¹. 
The results also support recent advancements in 
AI-driven DevOps optimization, where machine 
learning models are integrated into CI/CD 
pipelines to enable proactive failure detection and 
automated decision-making¹²–¹³. These 
approaches have been shown to improve 
deployment success rates and reduce downtime, 
highlighting the practical implications of 
predictive analytics in software engineering. 
Importantly, the hybrid methodological approach 
adopted in this study addresses limitations 
identified in earlier research, which often relied on 
either purely simulated or limited real-world 
datasets¹⁴. By combining both approaches, this 
study enhances the generalizability and 
applicability of its findings. 
Additionally, the findings are in line with recent 
studies published in contemporary research 
repositories¹⁵–¹⁶, which explored ML-based 
predictive frameworks for CI/CD pipelines and 
reported similar trends in model performance and 
failure predictors. These studies further reinforce 
the growing importance of predictive analytics in 
modern DevOps ecosystems. 
The results of this study have significant 
implications for DevOps practitioners and 
organizations: 
• Early Failure Prediction: Integration of 
ML models into CI/CD pipelines can enable real-
time failure prediction and proactive mitigation  
• Resource Optimization: Identifying high-
risk pipelines allows targeted allocation of 
computational and human resources  
• Improved Software Quality: Enhancing 
test coverage and reducing code churn can directly 
reduce failure rates  
• Self-Healing Systems: Predictive analytics 
can support the development of autonomous 
CI/CD systems capable of self-correction  
These applications align with the broader vision of 
intelligent and adaptive DevOps systems. 
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Strengths of the Study 
This study offers several key strengths: 
• Use of a hybrid dataset, 
combining simulated and real-world-inspired data  
• Evaluation of multiple ML 
models, enabling comprehensive comparison  
• Integration of statistical and 
machine learning approaches  
• Identification of actionable 
predictors for pipeline failure  
 
Limitations 
Despite its strengths, the study has certain 
limitations: 
• The dataset, while realistic, is partially 
simulated and may not capture all nuances of live 
CI/CD environments  
• External validation using real-world 
industrial datasets was not performed  
• Additional factors such as organizational 
workflows and tool-specific configurations were 
not included  
Future studies should focus on real-world dataset 
validation and incorporation of more granular 
DevOps metrics. 
 
Future Directions 
Future research should explore: 
• Integration of real-time 
monitoring systems with ML models  
• Use of deep learning 
architectures for sequence-based pipeline data  
• Development of explainable AI 
models for better interpretability  
• Cross-platform validation across 
different CI/CD tools (Jenkins, GitHub Actions, 
GitLab)  
 
Conclusion 
This study demonstrates that machine learning–
based predictive analytics can effectively identify 
CI/CD pipeline failures with high accuracy. 
Among the evaluated models, XGBoost and 
Random Forest exhibited superior performance, 
highlighting the strength of ensemble learning 
techniques in modeling complex DevOps 
environments. 

The findings confirm that pipeline failures are 
driven by a combination of technical (code churn, 
test coverage), environmental (instability, 
dependency issues), and historical factors 
(previous failures). Notably, previous failure 
history and dependency conflicts emerged as the 
strongest predictors, while higher test coverage 
and developer experience acted as protective 
factors. 
The hybrid data-driven framework enhances both 
realism and generalizability, offering a scalable 
approach for integrating predictive analytics into 
CI/CD workflows. Implementation of such 
models can enable proactive failure detection, 
improved pipeline reliability, and optimized 
DevOps performance. 
Future research should focus on real-world dataset 
validation, explainable AI integration, and 
deployment of self-healing CI/CD systems, 
further advancing intelligent DevOps ecosystems. 
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