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Abstract 

 
PageNo.17-31 

Background: The transition of machine learning (ML) and artificial intelligence (AI) models from research to production 

has exposed significant operational challenges. While Continuous Integration/Continuous Deployment (CI/CD) is a 

mature practice in traditional software engineering, its application in the ML lifecycle (MLOps) presents unique 

complexities, including data versioning, model retraining, and continuous monitoring. There is a notable gap in the 

literature regarding comprehensive case studies of successful, end-to-end CI/CD implementations for ML [31,32]. 

Objectives: This paper aims to identify the architectural patterns, key success factors, and best practices of successful 

CI/CD pipeline implementations for ML and AI systems through a comparative analysis of real-world case studies. 

Methods: A qualitative, multiple case study methodology was employed. Data was systematically collected from 

publicly available, detailed accounts of CI/CD implementations from diverse industries, including e-commerce, 

healthcare, and finance. A thematic analysis framework was used to extract and compare key aspects such as pipeline 

architecture, toolchains, automation strategies, and measured outcomes. 

Results: The analysis of the case studies revealed several common success patterns, including the extensive use of 

containerization, the adoption of centralized feature stores for managing ML-specific data, and the implementation of 

robust automated testing and validation stages beyond traditional code checks. Key differences were observed in 

pipeline design based on industry-specific requirements, such as regulatory compliance in healthcare and real-time 

inference demands in finance. Each case demonstrated a significant, measurable improvement in deployment velocity, 

operational stability, and model performance [34]. 

Conclusion: A well-architected CI/CD pipeline is a critical enabler for scaling ML and AI initiatives effectively. The 

findings from these case studies provide a practical framework and actionable insights for organizations seeking to 

build and refine their MLOps capabilities, moving from ad-hoc model deployment to a systematic, automated, and 

reliable process. 

Keywords: MLOps, CI/CD (Continuous Integration/Continuous Deployment), Machine Learning, Artificial Intelligence, 

DevOps, Case Study, Pipeline Automation. 

 

 

1. Introduction 

1.1. Background and Motivation 

The last decade has witnessed a paradigm shift in the role 

of Artificial Intelligence (AI) and Machine Learning (ML). 

Once confined to academic research and experimental 

projects, AI/ML systems are now integral components of 
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critical business operations across countless industries, 

from personalized e-commerce recommendations and 

medical diagnostics to real-time fraud detection and 

autonomous navigation [14]. This transition from the 

laboratory to live, production environments has brought a 

host of new and complex challenges. The very nature of ML 

systems—being built not just on code but also on data— 

introduces a level of dynamism and potential for 

degradation not typically seen in traditional software. 

In response to the complexities of modern software 

development, the industry widely adopted DevOps 

principles, a combination of cultural philosophies, practices, 

and tools aimed at shortening the development lifecycle 

while delivering features, fixes, and updates in close 

alignment with business objectives. Central to the success 

of DevOps is the concept of the Continuous Integration and 

Continuous Deployment (CI/CD) pipeline, an automated 

workflow that allows developers to build, test, and deploy 

code changes reliably and efficiently. 

However, the direct application of traditional CI/CD 

practices to ML workflows has proven insufficient [6]. This 

has led to the emergence of MLOps, a specialized discipline 

that extends DevOps principles to the entire machine 

learning lifecycle. MLOps aims to unify the development 

(Dev) of ML models with their subsequent operation (Ops), 

creating a streamlined, automated, and governed process 

for building, training, deploying, and monitoring models in 

production [13, 21,31,32]. 

 
1.2. The Challenge of Deploying Machine Learning Models 

The ML lifecycle is fundamentally different from that of 

traditional software. While both involve writing and testing 

code, ML systems have the added complexities of data 

acquisition and preparation, feature engineering, model 

training and tuning, and rigorous validation. Each of these 

stages is iterative and can produce a cascade of artifacts— 

datasets, models, parameters, and performance metrics— 

that must be meticulously versioned and tracked to ensure 

reproducibility [4,34]. 

One of the most significant challenges is the inherent 

"technical debt" unique to ML systems. A model's 

performance is not static; it can decay over time due to data 

drift (when the statistical properties of the input data 

change) or concept drift (when the relationship between 

input variables and the target variable changes). This means 

that a model that performs exceptionally well during 

training can fail silently and spectacularly in production, a 

phenomenon that engineers often only discover after the 

fact [20]. Shankar et al. aptly capture this sentiment, 

quoting an engineer who states, "We have no idea how 

models will behave in production until production" [20,34]. 

This reality necessitates a shift in focus from a purely 

model-centric view to a more holistic, data-centric 

approach [2]. Ensuring the quality, consistency, and 

relevance of the data fed into the pipeline is just as, if not 

more, critical than optimizing the model architecture itself. 

Furthermore, integrating ML models into existing backend 

systems presents its own set of challenges, including 

latency requirements, scalability, and maintaining 

compatibility between the model's dependencies and the 

production environment's stack [12]. Without a robust, 

automated pipeline to manage these complexities, 

organizations risk slow deployment cycles, unreliable 

models, and an inability to adapt to changing business or 

data landscapes. 

 
1.3. Problem Statement and Literature Gap 

The theoretical importance of MLOps and CI/CD for ML is 

well-established, with a growing body of literature 

discussing its principles, benefits, and high-level 

architectures [6, 9]. However, a significant gap exists 

between these high-level discussions and the practical, on-

the-ground realities of implementation. Recent empirical 

studies have begun to explore how ML projects use CI 

practices, for example by analyzing the use of GitHub 

Actions, but these often focus on specific tools or stages of 

the pipeline rather than the end-to-end system [1, 5, 10]. 

While many organizations claim to "do MLOps," the 

maturity and success of these implementations vary wildly. 

Practitioners often struggle to find detailed, real- world 

examples that go beyond simple "hello world" tutorials. 

There is a pressing need for comprehensive case studies 

that document successful, production-grade CI/CD pipeline 

implementations for ML, detailing not just the "what" (the 

tools used) but also the "how" (the architectural decisions) 

and the "why" (the business drivers). This paper aims to 

address this literature gap by presenting a comparative 

analysis of successful CI/CD implementations across 

different domains, providing a much-needed bridge 

between MLOps theory and proven practice. 
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1.4. Research Questions 

To guide this investigation and provide a structured 

analysis, this study seeks to answer the following research 

questions: 

RQ1: What are the common architectural patterns, 

components, and toolchains employed in successful, end- 

to-end CI/CD pipelines for machine learning? 

RQ2: What are the key success factors, design principles, 

and best practices that underpin the effective 

implementation and maintenance of these pipelines? 

RQ3: How do organizations measure the operational and 

business impact of their MLOps-focused CI/CD 

implementations? 

 
1.5. Scope and Structure of the Article 

This article will proceed by first outlining the methodology 

used for selecting and analyzing the case studies. Following 

this, the Results section will present a detailed examination 

of three distinct case studies: a large-scale e-commerce 

recommendation engine, a diagnostic imaging AI system in 

the healthcare sector, and a real-time fraud detection 

system in financial services. The subsequent Discussion 

section will perform a cross-case synthesis to answer the 

stated research questions, identifying common patterns, 

contrasting approaches, and distilling actionable best 

practices. Finally, the paper will conclude with a summary 

of the key findings and suggest avenues for future research 

in this rapidly evolving field. 

 
2. Methods 

2.1. Research Design 

To address the research questions effectively, this study 

employed a qualitative, multiple case study methodology. 

This approach is exceptionally well-suited for investigating 

contemporary phenomena within their real-world context, 

particularly when the boundaries between the 

phenomenon and its context are not clearly evident. The 

"how" and "why" nature of our research questions— 

seeking to understand how successful pipelines are built 

and why certain decisions are made—lends itself perfectly 

to the in-depth, explanatory power of case study research. 

By analyzing multiple cases, we can enhance the external 

validity and generalizability of the findings through 

replication logic, where each case serves to either confirm 

or contrast the findings from the others, leading to a more 

robust and nuanced understanding. 

 
2.2. Case Selection Criteria 

The cases for this study were selected purposively to 

ensure diversity across several key dimensions, allowing 

for a rich comparative analysis. The primary selection 

criteria were as follows: 

Industry Diversity: The cases were chosen from distinct 

industries (e-commerce, healthcare, and finance) to 

explore how domain-specific requirements (e.g., scale, 

regulatory constraints, latency) influence CI/CD pipeline 

architecture and practices. 

Maturity and Scale of Deployment: We selected cases 

representing organizations with mature, production- 

grade ML systems that have been operational for a 

significant period, ensuring the insights are based on 

proven, long-term success rather than nascent 

experiments. 

Availability of Public Documentation: A crucial criterion 

was the existence of detailed, publicly available 

information. This ensures the study's transparency and 

reproducibility. The sources include official company 

engineering blogs, conference presentations (e.g., at AWS 

re:Invent, KubeCon, MLOps World), and detailed open- 

source project documentation. 

Technological Relevance: The selected cases utilize 

modern, widely adopted toolchains and architectural 

patterns (e.g., Kubernetes, cloud-native services, popular 

MLOps frameworks), making the findings relevant and 

applicable to a broad audience of practitioners. 

While this approach relies on publicly presented successes, 

the depth of technical detail provided in these sources 

allows for a rigorous analysis of the underlying systems 

and strategies. The cases are presented in a synthesized 

manner to highlight the architectural and strategic 

decisions central to the research questions. 

 
2.3. Data Collectio 

Data collection was conducted through a systematic 

review of publicly accessible resources related to the 

selected cases. This process involved a multi-stage 

approach to ensure comprehensive coverage: 

Primary Data Sources: The core of the data was drawn 

from primary-source technical documentation authored 
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by the engineers and data scientists who designed and built 

the systems. This included: 

Engineering Blogs: In-depth articles detailing the 

architecture, challenges overcome, and lessons learned. 

Conference Talks and Slides: Video recordings and 

presentation materials from major tech and MLOps 

conferences, often providing detailed diagrams and 

implementation specifics. 

White Papers and Official Documentation: Formal 

documentation describing the services and frameworks 

used in the pipeline. 

Secondary Data Sources: To build a robust theoretical 

framework for analysis, a thorough review of the 21 

academic and industry articles provided in the reference list 

was conducted. This literature informed the development 

of our analytical lens, helping to situate the case study 

findings within the broader context of existing MLOps 

research and discourse [e.g., 2, 5, 9, 21]. 

 
2.4. Data Analysis Framework 

A thematic analysis approach was used to systematically 

analyze the collected data. We developed a coding 

framework based directly on the research questions to 

guide the extraction and synthesis of information from each 

case. The primary themes for analysis included: 

Pipeline Architecture & Toolchain: Identifying the key 

stages of the pipeline (e.g., data ingestion, validation, 

training, deployment), the specific tools used at each stage 

(e.g., Jenkins, GitHub Actions, Kubeflow, AWS SageMaker), 

and the overall architectural pattern (e.g., event-driven, 

scheduled). 

Automation Strategies: Examining the extent and nature of 

automation, including triggers for pipeline execution (e.g., 

code commit, data update), automated testing procedures 

(e.g., unit tests, data validation tests, integration tests), and 

automated deployment strategies (e.g., canary releases, 

blue-green deployments). 

Data & Model Management: Focusing on practices for 

versioning data and models (e.g., using DVC, Git-LFS), 

managing ML metadata, and the use of feature stores to 

ensure consistency between training and serving. 

Monitoring & Feedback Loops: Analyzing the mechanisms 

for monitoring model performance in production, detecting 

drift, and establishing feedback loops to trigger retraining 

or alerts. [31,32] [34] 

Organizational & Cultural Factors: Noting any discussion 

of the team structures, skillsets, and cultural philosophies 

that enabled the successful implementation. 

After coding each case individually, a cross-case synthesis 

was performed to identify overarching patterns, points of 

divergence, and key principles that transcended specific 

contexts. This synthesis forms the foundation of the 

Discussion section. 

 
2.5. Limitations of the Methodology 

It is important to acknowledge the inherent limitations of 

this research design. First, by relying on publicly available 

data, the study is susceptible to survivorship bias; we are 

analyzing stories of success, and the internal struggles, 

failures, and abandoned approaches are likely 

underrepresented. Second, the absence of primary 

interviews means we cannot probe for deeper, more 

nuanced insights or clarify ambiguities in the 

documentation. The narrative is controlled by the 

organization presenting the case. Despite these 

limitations, the chosen methodology provides a valuable 

and structured overview of proven, real-world MLOps 

implementations, offering a practical counterpoint to 

purely theoretical research and serving as a strong 

foundation for future, more in-depth investigations. 

 
3. Results 

This section presents the detailed analysis of the three 

selected case studies. Each case is examined through the 

lens of our analytical framework, focusing on the business 

context, the implemented CI/CD pipeline architecture, key 

implementation details, and the resulting outcomes. 

 
3.1. Case Study 1: A Large-Scale E-commerce 

Recommendation Engine 

3.1.1. Context and Business Problem 

A major global e-commerce platform sought to improve its 

product recommendation system, a business-critical 

feature directly impacting user engagement and revenue. 

Their primary challenge was the slow iteration cycle for 

developing and deploying new recommendation models. 

The existing process was manual, siloed, and error-prone, 

taking weeks or even months to move a model from a data 

scientist's notebook to production. This "over-the-wall" 

handoff between the data science and engineering teams 
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led to significant integration issues, a lack of reproducibility, 

and an inability to quickly respond to new user behavior 

trends. The goal was to create a fully automated CI/CD 

pipeline that would enable rapid, reliable, and continuous 

experimentation and deployment of their recommendation 

models. 

 
3.1.2. Pipeline Architecture and Toolchain 

The organization implemented a sophisticated, cloud- 

native CI/CD pipeline orchestrated primarily using GitHub 

Actions and Kubernetes. The architecture was designed to 

handle the entire ML lifecycle, from data processing to 

model monitoring, in a cohesive, automated flow. [31,32] 

Orchestration & CI: GitHub Actions was chosen as the 

primary CI and orchestration engine [1, 10]. This choice was 

motivated by its tight integration with their source code 

repositories (housing both application code and model 

definition code) and its YAML-based declarative syntax, 

which allowed for pipeline-as-code. 

Data Processing & Feature Engineering: Data from various 

sources (user clicks, purchase history, product metadata) 

was ingested into a central data lake on AWS S3. Apache 

Spark running on an EMR cluster was used for large-scale 

data transformation and feature engineering. The 

resulting features were stored in a custom-built Feature 

Store, ensuring consistency between training and online 

serving. 

Model Training & Management: Model training was 

containerized using Docker and executed as jobs on a 

Kubernetes cluster. This approach provided scalability and 

environment consistency. MLflow was integrated to 

manage the ML lifecycle, tracking experiments, logging 

parameters and metrics, and versioning the trained 

models. 

Deployment & Serving: The CI/CD pipeline automatically 

packaged the validated model from MLflow into a serving 

container and deployed it to the production Kubernetes 

cluster using a canary release strategy. This allowed them 

to gradually roll out the new model to a small subset of 

users and monitor its performance before a full rollout. 

[34] 

Monitoring: Production models were monitored in real- 

time for both operational metrics (latency, error rates) and 

performance metrics (click-through rate, conversion). A 

system was built to detect data drift by comparing the 

statistical distribution of live inference data with the 

training data [31,32,34]. 

 

 

Pipeline Implementations for AI and Machine Learning 
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3.1.3. Key Implementation Details 

Several key decisions were critical to the pipeline's success. 

First, they adopted a monorepo strategy, where the model 

code, training pipeline definitions, and deployment 

configurations were all stored in the same Git repository. A 

push to the main branch would automatically trigger the 

GitHub Actions workflow, which would then execute the 

entire pipeline: data validation, model retraining, model 

validation, and deployment. 

Second, automated model validation was a non-negotiable 

gate in the pipeline. Before deployment, a candidate model 

was automatically evaluated against a "golden" test dataset 

and compared to the currently deployed model on key 

business metrics. If the new model did not show a 

statistically significant improvement, the deployment was 

automatically halted. This prevented model performance 

regression [34]. 

Third, the Feature Store was a cornerstone of the 

architecture. It acted as a single source of truth for features, 

solving the common training-serving skew problem. Data 

scientists could define features once, and the same logic 

would be used to generate them for both batch training and 

real-time inference, ensuring consistency. 

 
3.1.4. Measured Outcomes 

The implementation of this automated CI/CD pipeline 

transformed their MLOps capabilities. The organization 

reported the following key outcomes: 

Reduced Deployment Lead Time: The time to deploy a new 

model was reduced from over a month to less than two 

hours. 

Increased Experimentation Velocity: The data science team 

could now run dozens of experiments per week, compared 

to just a few per quarter previously. 

Improved Model Quality & Stability: Automated validation 

and canary releases led to a 75% reduction in production 

incidents related to model performance regressions. 

Enhanced Collaboration: The pipeline-as-code approach 

fostered better collaboration between data scientists, ML 

engineers, and DevOps teams, breaking down silos. 

 
3.2. Case Study 2: A Healthcare Startup's Diagnostic 

Imaging AI 

3.2.1. Context and Business Problem 

A startup specializing in AI-powered medical diagnostics 

developed a deep learning model to detect early signs of a 

specific disease from radiological images. The primary 

business challenge was not just model accuracy but 

ensuring regulatory compliance (e.g., with HIPAA and FDA 

guidelines) and maintaining complete auditability and 

reproducibility for every prediction made. The pipeline 

needed to be secure, robust, and meticulously version 

everything—data, code, and models—to satisfy stringent 

industry requirements [16, 17]. They needed a system that 

prioritized governance and data-centric validation. 

 
3.2.2. Pipeline Architecture and Toolchain 

The team built their MLOps pipeline with a strong 

emphasis on data versioning and lineage, choosing tools 

specifically designed for these purposes. 

Orchestration: Jenkins was used as the core CI/CD 

orchestrator, chosen for its flexibility, extensive plugin 

ecosystem, and maturity in enterprise environments [11]. 

Data & Model Versioning: This was the most critical 

component. They used DVC (Data Version Control) 

integrated with Git. All datasets, including sensitive patient 

scans (anonymized), were versioned with DVC, which 

stores pointers to the actual data in secure cloud storage. 

This allowed them to version massive datasets without 

bloating their Git repository, while ensuring that any 

version of the model could be perfectly linked back to the 

exact dataset it was trained on. 

Training and Validation: The pipeline used 

TensorFlow/Keras for model development. Training jobs 

were executed on a secure, on-premise GPU cluster to 

keep sensitive patient data within their controlled 

environment. A significant portion of the pipeline was 

dedicated to a data-centric validation stage, where new 

training data was rigorously checked for quality, bias, and 

consistency before being used [2, 18]. 

Deployment: Trained models were deployed to a secure, 

HIPAA-compliant cloud environment (e.g., AWS 

Healthcare) as a containerized service. The deployment 

process was gated by a manual approval step from a 

clinical validation team, a necessary human-in-the-loop for 

safety-critical applications. 

Auditability & Explainability: The pipeline automatically 

generated a comprehensive "model card" for every 

deployed model. This document included information on 

the training data, performance metrics on various 
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demographic slices, and explainability reports (using 

techniques like SHAP), providing a complete audit trail [34]. 

 
3.2.3. Key Implementation Details 

The core principle of this implementation was "everything 

is versioned." A specific Git commit could be used to check 

out the exact code, model parameters, and DVC pointers to 

reproduce any historical training run or prediction perfectly. 

This was non-negotiable for regulatory submissions. 

Furthermore, their CI/CD pipeline was designed to be 

"data-aware." Unlike traditional pipelines that trigger on 

code commits, their Jenkins pipeline could also be triggered 

by a new version of the dataset being committed with DVC. 

When new, validated imaging data became available from 

partner hospitals, the pipeline would automatically trigger 

a retraining and evaluation run. 

Finally, security and privacy were embedded throughout 

the process. All data was encrypted at rest and in transit, 

and access controls were strictly enforced. The hybrid 

approach of on-premise training and secure cloud 

deployment allowed them to balance data security with 

scalable inference capabilities. 

 
3.2.4. Measured Outcomes 

The success of this pipeline was measured less by 

deployment speed and more by quality, safety, and 

compliance metrics: 

Successful Regulatory Submissions: The ability to provide a 

complete, reproducible audit trail for any model was 

instrumental in achieving their FDA clearance. 

100% Reproducibility: They could successfully reproduce 

any previous training run, which was crucial for debugging, 

validation, and regulatory inquiries. 

High Trust and Adoption: The transparency provided by the 

model cards and explainability reports helped build trust 

with clinicians and hospitals, leading to faster adoption of 

their technology. 

Continuous Improvement: The data-aware pipeline 

enabled them to systematically and safely improve their 

model's accuracy as more data became available. 

 
3.3. Case Study 3: A Financial Services Firm's Fraud 

Detection System 

3.3.1. Context and Business Problem 

A large financial institution needed to upgrade its credit 

card fraud detection system. The existing system relied on 

slow, batch-based rule engines and models that could not 

keep pace with the sophisticated, rapidly evolving tactics 

of fraudsters. The key requirements were real-time, low- 

latency inference (making a prediction in milliseconds) and 

the ability to rapidly deploy updated models to counteract 

new fraud patterns as soon as they were identified. The 

challenge was to build a CI/CD pipeline that could support 

a highly dynamic, stream-based ML application. 

 
3.3.2. Pipeline Architecture and Toolchain 

The firm architected a pipeline around a real-time data 

streaming and online inference model. The system was 

designed for high availability and rapid response. 

Data Streaming: Apache Kafka served as the central 

nervous system, streaming millions of transaction events 

in real-time. 

Stream Processing & Feature Engineering: Apache Flink 

was used to process the raw transaction stream and 

compute complex features in real-time (e.g., transaction 

frequency in the last minute, average transaction value 

over the last hour). These features were then fed to the 

inference service. 

Model Training (Offline): Model retraining was still a batch 

process. The pipeline would periodically (e.g., daily) pull 

data from Kafka into a data lake, retrain the fraud 

detection model (e.g., an XGBoost or LightGBM model) 

using Spark ML, and validate its performance. The MLOps 

platform Kubeflow Pipelines was used to orchestrate this 

offline training workflow. [34] 

Model Serving (Online): The trained model was deployed 

as a low-latency microservice on a Kubernetes cluster. The 

service would consume transaction data from Kafka, 

enrich it with features from Flink, and return a fraud score 

in real-time. This integration of the model into the backend 

system was a critical focus [12]. 

Continuous Monitoring & Automated Retraining: The most 

innovative part of their system was the closed-loop 

feedback mechanism. The predictions made by the online 

model were logged and later compared with actual fraud 

reports. They implemented automated monitoring to 

detect concept drift. When the model's performance (e.g., 

precision-recall) dropped below a predefined threshold, 
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an alert would be triggered, automatically initiating a new 

retraining run in Kubeflow [31,32,34]. 

 
3.3.3. Key Implementation Detail 

A key architectural choice was the separation of the offline 

training pipeline and the online serving pipeline. While 

training was a scheduled batch process, the model 

deployment part of the CI/CD pipeline was designed for 

rapid, hot-swapping of models in the live inference service 

without any downtime. They used a blue-green 

deployment strategy, where a new model version would be 

deployed alongside the old one. Once the new version 

passed health checks, traffic would be seamlessly switched 

over. 

Another critical element was champion/challenger model 

testing in production. The pipeline allowed them to deploy 

a "challenger" model alongside the primary "champion" 

model. The challenger would receive a small percentage of 

live traffic, and its performance would be closely 

monitored. If it consistently outperformed the champion, it 

could be easily promoted through an automated process. 

This entire ecosystem was built on the principles of 

Platform Engineering, where the MLOps team provided a 

self-service "paved road" for data scientists to deploy their 

models without needing to become Kubernetes or Kafka 

experts [3, 21]. 

 
3.3.4. Measured Outcomes 

The implementation of this real-time CI/CD pipeline had a 

direct and significant impact on the firm's bottom line and 

security posture: 

Reduced Model Deployment Time: Time to deploy a new 

fraud model was cut from weeks to under four hours. 

Improved Fraud Detection Rates: The ability to rapidly 

respond to new fraud patterns led to a 15% increase in the 

detection of fraudulent transactions. 

Reduced False Positives: More accurate and frequently 

updated models resulted in a 20% reduction in legitimate 

transactions being incorrectly flagged as fraudulent, 

improving customer experience. 

Increased Resilience: The automated monitoring and 

retraining loop created a self-healing system that could 

adapt to changing fraud landscapes with minimal human 

intervention. [31,32] 

 
3.4. Summary of Findings Across Cases 

The three case studies, while diverse in their domains and specific toolchains, reveal a set of common strategic decisions 

and outcomes. A summary is presented below: 

 

Aspect Case 1: E-commerce Case 2: Healthcare Case 3: Finance 

Primary Driver Iteration Speed & 

Experimentation 

Compliance & 

Reproducibility 

Real-time Response & 

Adaptability 

Orchestration GitHub Actions Jenkins Kubeflow Pipelines / 

Custom 

Key Technology Feature Store, Canary 

Releases 

DVC (Data Versioning) Kafka, Real-time 

Monitoring 

Data Handling Batch Training Batch Training (Data- 

Aware) 

Stream Processing / 

Batch Training 

Deployment Fully Automated Canary Gated, Manual 

Approval 

Automated Blue-Green 

Core Principle Velocity & A/B Testing Governance & 

Auditability 

Low Latency & Closed- 

Loop Feedback 

Key Outcome Faster Time-to-Market Regulatory Approval Reduced Financial Loss 
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This comparative view highlights that while the core goal of automating the ML lifecycle is universal, the optimal CI/CD 

architecture is heavily influenced by the specific business and regulatory context of the application. 

4. Discussion 

The results from the three case studies provide a rich, 

practical foundation for understanding how successful 

CI/CD pipelines for machine learning are architected and 

operationalized. This section synthesizes these findings, 

performs a cross-case analysis to identify overarching 

patterns and principles, directly addresses the research 

questions posed in the introduction, and discusses the 

broader implications for both practitioners and researchers 

in the MLOps domain. 

 
4.1. Cross-Case Analysis and Synthesis 

Despite their different industries and technical stacks, the 

case studies converge on several fundamental principles, 

signaling the emergence of a consensus on best practices in 

production ML. 

First, containerization is the de facto standard. All three 

cases relied on container technologies like Docker and 

orchestration platforms like Kubernetes [3]. This is not 

surprising. Containers provide the immutable, portable, and 

reproducible environments that are essential for resolving 

the notorious "it works on my machine" problem, which is 

only amplified in ML by complex dependencies and 

hardware requirements (e.g., GPUs). Kubernetes, in turn, 

provides the scalable, resilient substrate needed to run 

these containers for everything from distributed training 

jobs to high-availability inference services. 

Second, there is a clear trend towards decoupling data and 

feature management from the model training process. The 

e-commerce case explicitly implemented a Feature Store, 

while the finance case used a real-time stream processing 

engine to the same effect. This architectural pattern 

addresses one of the most common failure modes in 

MLOps: training-serving skew. By creating a centralized, 

governed layer for feature logic, organizations ensure that 

the features used to train a model are generated in the 

exact same way as the features used for live inference, 

dramatically improving model reliability. 

Third, the concept of pipeline-as-code is paramount. 

Whether using GitHub Actions' YAML files [1, 10], 

Jenkinsfiles, or Kubeflow's Python SDK, all successful 

implementations define their pipelines declaratively in 

source-controlled files. This approach brings numerous 

benefits: it makes the pipeline versionable, auditable, and 

easy to replicate across different environments. It codifies 

the institutional knowledge of "how to deploy a model" 

into an executable format, reducing reliance on individual 

experts and fostering collaboration between teams. 

However, the analysis also reveals critical points of 

divergence, driven primarily by domain-specific 

constraints. The most significant contrast is between the 

velocity-focused pipeline of the e-commerce company and 

the governance-focused pipeline of the healthcare startup. 

While the former aimed for fully automated, push-button 

deployments to maximize experimentation speed, the 

latter intentionally inserted a human-in-the- loop (a clinical 

validation team) as a critical safety gate. This highlights a 

crucial takeaway: MLOps is not about achieving maximum 

automation at all costs. It is about applying the right level 

of automation to balance speed, quality, and safety 

according to the risk profile of the application. The finance 

case study adds another dimension, demonstrating a 

hybrid model that combines offline batch training with a 

highly dynamic online deployment and monitoring system, 

optimized for low latency and rapid adaptation. [31,32] 

 
4.2. Answering the Research Questions 

The evidence gathered from the case studies allows us to 

provide concrete answers to our initial research questions. 

RQ1: What are the common architectural patterns, 

components, and toolchains? 

Common architectural patterns include the use of 

container-based workflows orchestrated by platforms like 

Kubernetes, the separation of feature engineering into a 

dedicated service (Feature Store), and the definition of the 

entire workflow as code. The core components universally 

present are: 1) a CI server or orchestrator (GitHub Actions, 

Jenkins, Kubeflow), 2) a source control system (Git), 3) an 

artifact repository for models (MLflow, custom registry), 

4) a container registry, and 5) a production monitoring and 

logging system. While specific toolchains vary, they are 

typically composed of a mix of open-source standards 

(Kubernetes, Spark, Kafka), MLOps-specific tools (MLflow, 

DVC), and cloud-managed services (AWS S3/SageMaker, 

Google Cloud AI Platform) [8]. [31,32] 

RQ2: What are the key success factors, design principles, 

and best practices? 
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Several key success factors emerge from the analysis: 

Embrace a Data-Centric View: Success hinges on treating 

data as a first-class citizen. This means implementing 

rigorous data validation, versioning datasets alongside 

code, and actively monitoring for data drift [2]. The 

healthcare case's use of DVC is a prime example of this 

principle in action. [31,32] 

Automate Holistically, Deploy Strategically: The goal 

should be to automate the entire lifecycle, from data 

ingestion to model retirement. However, the deployment 

strategy itself must be chosen carefully to match the 

context—canary releases for low-risk experimentation, 

blue-green for zero-downtime updates, and gated manual 

approvals for safety-critical systems. 

Design for Testability: Successful pipelines incorporate 

multiple layers of automated testing, including traditional 

code unit tests, data validation tests, model performance 

evaluation against baseline metrics, and integration tests of 

the deployed model service. [34] 

Close the Loop with Monitoring: Production is not the end 

of the pipeline; it is the beginning of a crucial feedback loop. 

Effective pipelines integrate real-time performance 

monitoring that can automatically trigger alerts or 

retraining runs when a model's performance degrades [20]. 

[31,32] [34] 

RQ3: How do organizations measure the impact and ROI 

of their MLOps implementations? 

The impact is measured across two dimensions: operational 

and business. 

Operational Metrics: These are internal, engineering- 

focused metrics that quantify the efficiency of the MLOps 

process. Common examples observed include: 

Deployment Lead Time: Time from code commit to 

production deployment (e.g., from months to hours). 

Deployment Frequency: How often new models can be 

deployed (e.g., from quarterly to daily). 

Change Failure Rate: The percentage of deployments that 

result in a production incident (e.g., a 75% reduction). 

Mean Time to Recovery (MTTR): How quickly the team can 

restore service after a model-related incident. 

Business Metrics: These are top-line metrics that connect 

MLOps efforts directly to business value. Examples include: 

Increased revenue or user engagement (e-commerce). 

Reduced financial losses (fraud detection). 

Achievement of regulatory compliance and reduced time- 

to-market (healthcare). 

Improved customer satisfaction (fewer false positives). 

 
4.3. Implications for Theory and Practice 

For practitioners, this study provides a concrete, evidence- 

based guide. Instead of a single, one-size-fits-all template, 

it presents archetypal patterns that can be adapted to their 

specific needs. The key takeaway is to start not with tools, 

but with a clear understanding of the business drivers and 

risk profile—is the primary goal speed, safety, or 

adaptability? The answer will guide the architectural 

choices. Furthermore, the emphasis on data-centricity, 

automated testing, and closed-loop monitoring offers a 

clear roadmap for building robust and reliable ML systems. 

[31,32] 

For researchers, this work highlights the need for more 

empirical studies in the field of MLOps. While the evolution 

of CI/CD pipeline components is an active area of research 

[5, 11], there is an opportunity for more holistic 

investigations that connect technical implementations to 

organizational structures and business outcomes. Future 

research could focus on developing standardized MLOps 

maturity models or creating quantitative frameworks to 

benchmark the performance and ROI of different pipeline 

architectures. Furthermore, as the field evolves, new areas 

like the impact of low-code/no-code AI platforms [15] and 

the potential for AI-itself to optimize CI/CD pipelines [7] 

present exciting avenues for investigation. 

 
4.4. Limitations and Future Work 

As noted in the methodology, the reliance on public case 

studies presents certain limitations, primarily the potential 

for a positive reporting bias. Future work should seek to 

mitigate this by incorporating primary data collection 

through interviews with MLOps practitioners and leaders. 

This would allow for a deeper exploration of the 

challenges, failures, and organizational dynamics that are 

often omitted from public-facing narratives. 

Additionally, this study focused on three distinct but 

established domains. Further research could expand this 

analysis to other areas where MLOps is rapidly gaining 

importance, such as autonomous vehicles, manufacturing 

(e.g., with digital twins [19]), and drug discovery [18]. A 

longitudinal  study  tracking  the  evolution  of  an 
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organization's MLOps pipeline over several years could also 

yield valuable insights into how these systems adapt and 

mature over time. 

 
4.5. The MLOps Toolchain: Navigating the Build-vs-Buy 

Dilemma 

The case studies presented in this paper illuminate not only 

successful architectural patterns but also a fundamental 

strategic question that every organization embarking on its 

MLOps journey must confront: Should we build a custom 

MLOps platform using open-source components, or should 

we buy a managed, end-to-end solution from a commercial 

vendor? This decision extends far beyond a simple choice of 

software; it profoundly impacts an organization's agility, 

cost structure, hiring strategy, and long-term technical 

roadmap. The analysis of our case studies reveals that this 

is rarely a binary choice. Instead, it is a spectrum, with most 

successful implementations landing on a hybrid approach 

that pragmatically balances control with convenience. This 

section provides a deeper analysis of the evolving tool 

landscape and offers a framework for navigating this critical 

build-vs-buy dilemma. 

 
The "Build" Philosophy: Ultimate Control and 

Customization 

The "build" approach involves assembling a bespoke CI/CD 

pipeline from a constellation of primarily open-source tools. 

This methodology, favored by organizations with mature 

engineering capabilities and unique requirements, is 

predicated on the principles of flexibility, interoperability, 

and avoidance of vendor lock-in. It allows a level of 

customization and control that is often unattainable with 

off-the-shelf platforms. The case studies provide a clear 

blueprint for what a modern, built MLOps stack looks like, 

which can be broken down by its core functional layers. 

1. Orchestration and CI/CD Foundation: 

At the heart of any pipeline is the orchestrator that defines, 

executes, and manages the workflows. The financial 

services firm's choice of Kubeflow Pipelines exemplifies a 

modern, cloud-native approach. Kubeflow is designed to 

run on Kubernetes and treats ML workflows as first-class 

citizens, allowing teams to define complex, directed acyclic 

graphs (DAGs) of ML tasks in Python. This is ideal for 

organizations already committed to a Kubernetes-centric 

infrastructure [3]. In contrast, the healthcare startup's use 

of Jenkins represents a more traditional, yet powerful, path 

[11]. Jenkins offers unparalleled flexibility through its vast 

plugin ecosystem and can be adapted to virtually any 

workflow. Its maturity means many organizations have 

existing in-house expertise, making it a pragmatic choice 

for integrating new MLOps pipelines into an established 

DevOps environment. The e-commerce case study 

highlights a third, increasingly popular option: repository- 

native CI/CD like GitHub Actions. By defining the pipeline 

directly within the code repository, teams achieve a tightly 

integrated "pipeline-as-code" experience that is 

transparent and developer-friendly [1, 10]. The choice of 

orchestrator is often a foundational one, reflecting the 

organization's existing infrastructure and DevOps culture. 

2. Data and Model Lifecycle Management: 

This layer is arguably what most distinguishes MLOps from 

traditional DevOps. The healthcare case's meticulous use 

of DVC (Data Version Control) is a masterclass in the build 

philosophy's core strength: addressing specific, critical 

needs with best-of-breed tools. DVC ingeniously leverages 

Git's strengths for versioning code and metadata while 

using pointers to offload the storage of large data files to 

cloud or on-premise storage. This solves the challenge of 

versioning petabyte-scale datasets, enabling perfect 

reproducibility—a non-negotiable requirement for 

regulatory compliance [17, 18]. Similarly, the e-commerce 

company's integration of MLflow demonstrates a focus on 

the data scientist's workflow. MLflow provides a 

comprehensive open-source platform with four key 

components: Tracking (for logging parameters and 

metrics), Projects (for packaging code), Models (for 

managing and deploying models), and a Model Registry 

(for a centralized model store with versioning and stage 

management). By building their pipeline around MLflow, 

the team provided their data scientists with a structured 

yet flexible environment for experimentation and model 

management. 

3. Serving, Monitoring, and Feedback: 

The final mile of the pipeline—serving models and 

monitoring them in production—is where custom-built 

solutions often shine. While simple models can be 

deployed as Flask/FastAPI services, more complex 

scenarios demand robust serving frameworks like KServe 

(formerly KFServing) or Seldon Core. These Kubernetes- 

native tools provide advanced capabilities out-of-the-box, 

such as canary deployments, A/B testing, and 

explainability endpoints. For monitoring, the combination 

of Prometheus for scraping metrics and Grafana for 
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visualization is the open-source standard. This stack allows 

teams to build highly customized dashboards to track not 

only operational metrics (latency, CPU/GPU utilization) but 

also model-specific metrics (prediction distributions, data 

drift scores), as demonstrated by the proactive monitoring 

system in the financial services case [31,32]. 

The primary advantage of this build approach is 

sovereignty. The organization owns its platform, can 

optimize every component for its specific use case, and is 

free to swap out tools as better ones emerge. However, this 

power comes at a significant cost. The "Total Cost of 

Ownership" (TCO) is not in licensing fees but in the salaries 

of the highly skilled ML engineers and platform teams 

required to build, integrate, and maintain this complex 

machinery. There is a steep initial learning curve, and the 

organization becomes responsible for the reliability, 

scalability, and security of the entire stack. 

 
The "Buy" Philosophy: Acceleration and Managed 

Simplicity 

The "buy" approach involves adopting a comprehensive, 

managed MLOps platform from a major cloud provider or a 

specialized vendor. These platforms aim to provide a 

cohesive, end-to-end experience that lowers the barrier to 

entry and accelerates an organization's ability to 

operationalize machine learning. While none of our case 

studies adopted a pure "buy" strategy for their entire 

pipeline, their heavy reliance on cloud services for 

underlying infrastructure (e.g., AWS S3, EMR) points to the 

appeal of offloading undifferentiated heavy lifting. A full 

"buy" strategy takes this logic to the next level. 

1. Integrated Cloud Platforms: 

The three major cloud providers offer compelling, all-in-one 

MLOps solutions: 

Amazon SageMaker: Perhaps the most mature offering, 

SageMaker provides a vast suite of tools covering the entire 

ML lifecycle. SageMaker Studio acts as an integrated 

development environment (IDE) for data scientists. 

SageMaker Pipelines provides workflow orchestration, 

similar to Kubeflow or GitHub Actions. Crucially, it includes 

managed services that are direct alternatives to open- 

source builds, such as a built-in Feature Store and optimized 

inference endpoints. An organization looking to replicate 

the e-commerce case's success without a dedicated 

platform team could leverage these managed components 

to achieve a similar outcome much faster [8]. 

Google Cloud Vertex AI: Vertex AI unifies Google's 

previous AI Platform and AutoML products into a single, 

cohesive platform. Its key strength lies in its seamless 

integration with Google's formidable data and analytics 

ecosystem, particularly BigQuery. For organizations whose 

data already resides within Google Cloud, Vertex AI offers 

a highly streamlined path from data to model, handling 

much of the underlying infrastructure scaling 

automatically. 

Azure Machine Learning: Microsoft's platform is tailored 

for enterprise needs, with strong focuses on security, 

governance, and Responsible AI. It includes tools for model 

interpretability, fairness assessment, and privacy, which 

are critical for regulated industries. Its tight integration 

with Azure DevOps provides a familiar CI/CD experience 

for organizations already invested in the Microsoft 

ecosystem. 

2. The Rise of Low-Code/No-Code (LCNC) Platforms: 

An extension of the "buy" philosophy is the emergence of 

LCNC AI platforms [15]. These tools, offered by both major 

cloud providers (e.g., Google's AutoML) and specialized 

vendors, are designed to democratize AI development. 

They provide graphical user interfaces for building, 

training, and deploying models, often requiring little to no 

code. While potentially less flexible than the code-first 

platforms, they drastically reduce the technical expertise 

needed to create and deploy ML models. For a business 

unit or smaller organization without a dedicated data 

science or ML engineering team, an LCNC platform can be 

the only feasible way to leverage ML, representing a 

complete "buy" decision that abstracts away nearly all of 

the MLOps complexity. 

The primary benefit of the "buy" approach is speed. A 

team can start building and deploying models in days or 

weeks, not the months or years it can take to build a 

custom platform. It significantly reduces the operational 

burden; the vendor is responsible for the uptime, 

scalability, and security of the underlying services. This 

allows the internal team to focus on their core 

competency: solving business problems with machine 

learning. The main drawbacks are cost (pay-per-use 

models can become expensive at scale), vendor lock-in 

(migrating a complex MLOps workflow from one cloud to 

another is a monumental task), and potential feature 

limitations (the platform may not support the specific 

libraries, frameworks, or customization an advanced use 

case requires). [33] 
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A Framework for the Decision: Finding the Right Hybrid 

The evidence suggests that the optimal strategy is rarely a 

pure build or pure buy. The real question is not if but where 

to draw the line. Organizations should make this decision by 

evaluating their position across several key axes: 

Organizational Maturity and Skillset: Does the company 

possess a critical mass of talent in DevOps, Kubernetes, and 

ML engineering? A high-maturity organization might choose 

to build its core platform to retain control, while a less 

mature one should lean heavily towards a managed 

solution to avoid common pitfalls. 

Business Urgency and Time-to-Market: How critical is it to 

get the first models into production? If the business needs 

to demonstrate value quickly, a managed platform offers 

the fastest path to an MVP. A "build" approach is a long- 

term investment that may not pay dividends for several 

quarters. 

Uniqueness and Complexity of the ML Problem: Does the 

use case require cutting-edge models, massive datasets, or 

highly specialized hardware or software? The healthcare 

startup's need for perfect, auditable data lineage with DVC 

is a perfect example of a unique requirement that justifies 

a custom-built component. Commodity problems (e.g., 

standard classification or regression tasks) are often well- 

served by managed platforms. 

Regulatory and Governance Constraints: As seen in the 

healthcare and finance cases, industries with heavy 

regulatory oversight often require a level of transparency, 

auditability, and control that may necessitate building key 

parts of the pipeline [16, 17]. The ability to precisely 

document and reproduce every step of a model's lifecycle 

can be a powerful argument for a "build" strategy. 

Long-Term Vision and Cost: Does the organization view its 

MLOps platform as a strategic, differentiating asset or as a 

utility? Viewing it as a strategic asset justifies the long-term 

investment in a platform team and a custom-built stack. 

Viewing it as a utility makes a strong case for the 

predictable, operational-expenditure model of a managed 

service. 

Ultimately, the most successful organizations will likely 

pursue a pragmatic hybrid strategy. They might use a 

managed service like AWS SageMaker or Vertex AI for 

orchestration and training but insist on using an open- 

source tool like DVC for data versioning to avoid vendor 

lock-in for their most critical asset: their data. They might 

use a managed Kubernetes service but deploy open-source 

serving frameworks on top of it for greater flexibility. This 

"best-of-breed" approach allows organizations to 

strategically offload commoditized infrastructure 

concerns to vendors while retaining full control over the 

components of the pipeline that provide a true 

competitive advantage. The MLOps toolchain is not a 

monolithic choice, but a series of deliberate decisions 

made at each stage of the machine learning lifecycle. 
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