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Abstract 

The burgeoning field of artificial intelligence (AI) has revolutionized various domains, 

prompting organizations to leverage machine learning (ML) models for real-world 

applications. However, the development lifecycle of ML models often diverges significantly 

from traditional software development, creating a chasm between development (Dev) and 

operations (Ops) teams. This disconnect necessitates the adoption of Machine Learning 

Operations (MLOps) practices, aiming to bridge the gap and ensure robust, efficient, and 

compliant ML deployments. However, the MLOps lifecycle itself can be complex and time-

consuming, hindering the agility and speed required in the competitive landscape. This 

research explores the potential of leveraging AI to facilitate the seamless integration of 

DevOps and MLOps practices, fostering a unified and automated workflow from model 

development to production deployment. 

The paper delves into the core challenges hindering the integration of DevOps and MLOps. 

Traditional software development benefits from well-established testing methodologies, 

facilitating early bug detection and ensuring code quality. Conversely, ML models are 

inherently data-driven, prone to biases and data quality issues that may not be readily 

apparent during development. Additionally, continuous monitoring and performance 

evaluation are crucial for maintaining model accuracy and fairness in production 

environments. Addressing these challenges requires robust and automated testing strategies 

specifically tailored to address the nuances of ML models. 

This research proposes several AI-powered techniques for enhanced automated testing within 

the integrated DevOps-MLOps pipeline. Firstly, the paper explores the application of 
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Explainable AI (XAI) for interpreting model behavior and identifying potential biases. By 

leveraging XAI techniques, such as LIME (Local Interpretable Model-Agnostic Explanations) 

or SHAP (SHapley Additive exPlanations), developers gain valuable insights into model 

decision-making processes, enabling them to detect and mitigate unfair treatment within the 

model's predictions. Furthermore, the paper explores the utilization of anomaly detection 

algorithms to identify data quality issues and potential outliers that could negatively impact 

model performance. By employing anomaly detection techniques, the pipeline can 

automatically flag data inconsistencies, allowing for corrective actions and data cleansing 

before model training. 

The research then focuses on fostering a seamless continuous delivery (CD) pipeline for ML 

models. Traditional CD pipelines are well-suited for delivering software updates with well-

defined release cycles. Conversely, ML models are susceptible to performance degradation 

over time, necessitating a more dynamic approach to deployment. This paper proposes an AI-

powered solution for intelligent model selection and deployment within the CD pipeline. By 

leveraging reinforcement learning techniques, the system can continuously evaluate the 

performance of different model versions and automatically deploy the most optimal model 

based on real-time metrics. This approach optimizes the CD process by ensuring consistent 

performance and maximizing model effectiveness. 

Finally, the paper investigates the critical role of AI in ensuring robust model governance 

within the integrated DevOps-MLOps framework. Effectively managing and governing ML 

models in production environments is essential for maintaining model compliance with 

regulations and ethical considerations. This research proposes leveraging AI for automated 

drift detection in deployed models. By employing techniques such as Kolmogorov-Smirnov 

(KS) statistic or Cumulative Distribution Function (CDF) analysis, the system can 

continuously monitor model performance and identify deviations from the expected 

distribution of input data or model outputs. Early detection of drift allows for timely 

intervention and model retraining, ensuring responsible and compliant deployments. 

The overarching objective of this research is to demonstrate the transformative potential of AI 

in facilitating a seamless DevOps-MLOps integration. By implementing AI-powered 

automated testing, intelligent continuous delivery, and automated drift detection, 

organizations can streamline the ML lifecycle, ensuring robust, efficient, and responsible 
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deployments of machine learning models in real-world applications. The paper concludes by 

discussing the potential benefits and practical considerations for implementing an AI-

powered DevOps-MLOps framework. Additionally, the research highlights key areas for 

future investigation, paving the way for further advancements in the field of AI-driven 

MLOps practices. 
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1. Introduction 

The burgeoning field of Artificial Intelligence (AI) has witnessed exponential growth in recent 

years, fundamentally reshaping various domains. From revolutionizing healthcare 

diagnostics with deep learning algorithms to optimizing logistics with predictive analytics, 

AI is transforming how we approach problem-solving and decision-making across industries. 

This transformative potential extends to the realm of software development, where the 

integration of machine learning (ML) models has become increasingly prevalent. 

Organizations are actively leveraging the power of ML to automate tasks, personalize user 

experiences, and extract valuable insights from vast and complex datasets. However, the 

development lifecycle of ML models often diverges significantly from traditional software 

development processes. 

Unlike traditional software, which relies on well-defined coding practices and established unit 

testing methodologies, ML models are inherently data-driven and susceptible to a multitude 

of challenges. These challenges include biases present within the training data, the potential 

for data quality issues that can negatively impact model performance, and the inherent "black 

box" nature of complex models, which can hinder interpretability and explainability. This 

divergence necessitates the adoption of specialized practices known as Machine Learning 

Operations (MLOps). MLOps aims to bridge the gap between development (Dev) and 
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operations (Ops) teams in the context of ML, ensuring efficient and robust deployment of 

models into production environments. 

While MLOps offers a solution for streamlining the ML lifecycle, seamless integration with 

DevOps practices remains a significant challenge. Traditional DevOps workflows prioritize 

continuous integration and delivery (CI/CD) of software updates, relying on established 

testing frameworks for early bug detection and ensuring code quality. Conversely, ML models 

require a more iterative and data-centric approach to development. Traditional testing 

methodologies may not adequately address the nuances of ML models, and the data-driven 

nature of these models necessitates ongoing monitoring and performance evaluation to 

ensure accuracy, fairness, and compliance with regulations over time. Additionally, 

maintaining compliance with regulations and ethical considerations throughout the ML 

lifecycle necessitates robust model governance practices. These challenges hinder the 

seamless integration of DevOps and MLOps, potentially leading to inefficiencies in the 

development process, compromised model performance, and potential ethical concerns. 

This research delves into the transformative potential of AI in facilitating a seamless 

integration between DevOps and MLOps practices. By leveraging the strengths of AI in 

automation, anomaly detection, and intelligent decision-making, we aim to bridge the existing 

gap and foster a unified, automated workflow from model development to production 

deployment. Specifically, this research proposes the application of AI-powered techniques 

for: 

• Enhanced Automated Testing within the CI/CD Pipeline: Traditional testing 

methodologies may not be sufficient for identifying biases or data quality issues within 

ML models. This research proposes leveraging Explainable AI (XAI) techniques to 

gain insights into model behavior and detect potential biases. Additionally, anomaly 

detection algorithms can be employed to identify data quality issues and outliers that 

could negatively impact model performance. 

• Intelligent Model Selection and Deployment Strategies for Continuous Delivery: 

Traditional CD pipelines are well-suited for delivering software updates with well-

defined release cycles. However, ML models are susceptible to performance 

degradation over time as the underlying data distribution or user behavior patterns 

evolve. This research proposes an AI-powered solution for intelligent model selection 
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and deployment within the CD pipeline. By leveraging reinforcement learning 

techniques, the system can continuously evaluate the performance of different model 

versions and automatically deploy the most optimal model based on real-time metrics. 

• Automated Drift Detection Mechanisms for Robust Model Governance: Effectively 

managing and governing ML models in production environments is essential for 

maintaining model compliance with regulations and ethical considerations. This 

research proposes leveraging AI for automated drift detection in deployed models. By 

employing techniques such as Kolmogorov-Smirnov (KS) statistic or Cumulative 

Distribution Function (CDF) analysis, the system can continuously monitor model 

performance and identify deviations from the expected distribution of input data or 

model outputs. Early detection of drift allows for timely intervention and model 

retraining, ensuring responsible and compliant deployments. 

By implementing these AI-driven solutions, we propose to streamline the ML lifecycle, 

ensuring robust, efficient, and responsible deployments of machine learning models in real-

world applications. 

 

2. Background and Related Work 

Traditional software development methodologies rely on well-established principles and 

practices to ensure the quality, functionality, and reliability of the final product. These 

methodologies typically involve a phased approach, encompassing requirements gathering, 

design, development, testing, deployment, and maintenance. Testing plays a critical role in 

this process, employing various techniques to identify and rectify bugs or errors within the 

codebase. Unit testing focuses on the functionality of individual software units, ensuring they 

perform as intended in isolation. Integration testing verifies the interaction and 

communication between different software components. Additionally, functional testing 

evaluates whether the overall software system delivers the expected functionalities and 

adheres to user requirements. These testing methodologies are well-defined and 

standardized, leveraging established frameworks and tools to automate various aspects of the 

testing process. This allows for early bug detection and facilitates efficient software 

development lifecycles. 
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However, the development and deployment of ML models present unique challenges 

compared to traditional software. Unlike software code, which is deterministic and operates 

on predefined logic, ML models are inherently data-driven. The performance of an ML model 

is heavily influenced by the quality and distribution of the training data. Biases present within 

the training data can be inadvertently reflected in the model's predictions, potentially leading 

to discriminatory or unfair outcomes. Additionally, the complex nature of certain models, 

particularly deep learning architectures, can make it difficult to understand how the model 

arrives at its predictions. This lack of interpretability hinders the ability to identify potential 

biases or pinpoint the root cause of model errors. These challenges necessitate a paradigm 

shift in testing and monitoring practices for ML models. Traditional testing methodologies 

may not be sufficient to identify subtle biases or data quality issues that could significantly 

impact model performance. 

Furthermore, unlike traditional software that remains relatively static after deployment, the 

performance of ML models can degrade over time. This phenomenon, known as model drift, 

occurs when the underlying data distribution or user behavior patterns evolve, rendering the 

model's predictions inaccurate or unreliable. Additionally, regulations and ethical 

considerations surrounding the use of ML models necessitate ongoing monitoring and 

governance practices throughout the model lifecycle. These challenges highlight the need for 

specialized testing and monitoring strategies tailored to address the unique characteristics of 

ML models. 

Reviewing Existing Literature on DevOps and MLOps Integration Strategies 

The growing prominence of ML models in software development has spurred significant 

research efforts exploring the seamless integration of DevOps and MLOps practices. Several 

studies have identified key challenges hindering this integration, including: 

• Communication and Collaboration Gaps: Traditional DevOps workflows often 

involve siloed teams with distinct expertise in software development and operations. 

Integrating MLOps practices necessitates fostering collaboration between data 

scientists, developers, and operations personnel to ensure a holistic approach to model 

development, deployment, and monitoring. 

https://pharmapub.org/
https://pharmapub.org/index.php/jmlpr


Journal of Machine Learning in Pharmaceutical Research  
By Pharma Publication Center, Netherlands  15 
 

 
Journal of Machine Learning in Pharmaceutical Research  

Volume 2 Issue 2 
Semi Annual Edition | Jul - Dec, 2022 

This work is licensed under CC BY-NC-SA 4.0. 

• Version Control and Infrastructure Management: Version control systems designed 

for traditional software development might not be readily adaptable to the 

management of ML models and their associated training data. Additionally, the 

infrastructure requirements for training and deploying ML models can differ 

significantly from those of traditional software applications. 

• Continuous Integration and Delivery (CI/CD) Pipelines: While CI/CD pipelines are 

well-established in DevOps practices, adapting them to the ML lifecycle requires 

specialized considerations. Traditional CI/CD pipelines might not be optimized for 

handling the iterative nature of model development and the need for data pre-

processing and model training within the pipeline. 

Several research efforts have proposed solutions to address these challenges. A study by Breu 

et al. (2020) proposes a framework for integrating MLOps practices within existing DevOps 

workflows, emphasizing the importance of communication, collaboration, and infrastructure 

automation. Another study by Rahman et al. (2021) explores the adaptation of CI/CD 

pipelines for ML models, highlighting the need for versioning of data, models, and training 

environments. These studies offer valuable insights into the complexities of DevOps-MLOps 

integration and pave the way for further research exploring the potential of AI in facilitating 

this process. 

Analyzing Current Research on AI in MLOps Practices 

Recent advancements in AI offer promising avenues for streamlining and automating various 

aspects of MLOps practices. Several research areas hold significant potential for enhancing 

the integration of DevOps and MLOps: 

• Automated Workflows with Machine Learning: Integrating machine learning 

techniques into existing CI/CD pipelines can automate repetitive tasks such as data 

pre-processing, model training, and hyperparameter tuning. This can significantly 

improve efficiency and reduce the time required for model development and 

deployment. 

• Model Interpretability with Explainable AI (XAI): As discussed previously, the lack 

of interpretability in complex ML models poses a challenge for testing and debugging. 

XAI techniques such as LIME (Local Interpretable Model-Agnostic Explanations) and 
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SHAP (SHapley Additive exPlanations) can offer valuable insights into model 

behavior, allowing developers to identify potential biases and improve model 

explainability. 

• Anomaly Detection for Data Quality Management: Leveraging anomaly detection 

algorithms within the MLOps pipeline can identify outliers or inconsistencies within 

the training data that could negatively impact model performance. This proactive 

approach to data quality management can help ensure the robustness and reliability 

of deployed models. 

These areas of research demonstrate the transformative potential of AI in facilitating a 

seamless DevOps-MLOps integration. By automating workflows, enhancing model 

interpretability, and ensuring data quality, AI can play a crucial role in streamlining the ML 

lifecycle and fostering the efficient deployment of robust and reliable models. 

 

3. Challenges in Integrated DevOps-MLOps 

While the integration of DevOps and MLOps practices offers significant benefits for 

streamlining the machine learning lifecycle, several key challenges hinder seamless 

implementation. These challenges necessitate specialized approaches to testing, monitoring, 

and governance compared to traditional software development. 
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Difficulties in Automated Testing for ML Models 

The inherent characteristics of ML models present unique challenges for developing robust 

and automated testing strategies within the DevOps-MLOps pipeline. Here, we delve into 

some of the key difficulties: 

• Data-Driven Nature and Bias: Unlike traditional software, which operates on 

predefined logic, ML models are data-driven and susceptible to biases present within 

the training data. These biases can manifest in discriminatory or unfair model outputs, 

even if the model's code itself is unbiased. Traditional testing methodologies may not 

be effective in identifying these subtle biases, leading to models that perpetuate 

societal inequalities. 

• Explainability and Interpretability: The complex nature of certain ML models, 

particularly deep learning architectures, can hinder interpretability. This lack of 

understanding regarding how the model arrives at its predictions makes it difficult to 

pinpoint the root cause of errors or identify potential biases within the model's 

decision-making process. Without sufficient interpretability, automated testing 

frameworks may struggle to effectively evaluate model performance and identify 

areas for improvement. 
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• Data Quality Issues: The quality and distribution of training data significantly impact 

the performance of ML models. Outliers or inconsistencies within the data can lead to 

inaccurate predictions and unreliable model behavior. Traditional testing strategies 

might not be adept at identifying these data quality issues, potentially resulting in 

models that perform well on the training data but fail to generalize effectively to real-

world scenarios. 

These challenges necessitate the development of specialized testing frameworks tailored to 

address the data-driven nature and inherent complexities of ML models. Techniques such as 

Explainable AI (XAI) can offer valuable insights into model behavior, aiding in bias detection 

and improving interpretability. Additionally, integrating anomaly detection algorithms 

within the testing pipeline can help identify data quality issues and outliers that could 

negatively impact model performance. 

Challenges of Continuous Monitoring and Performance Evaluation 

While thorough testing is crucial before deploying an ML model, continuous monitoring and 

performance evaluation are essential for maintaining model effectiveness in production 

environments. Several challenges arise in this context: 

• Model Drift: The underlying data distribution or user behavior patterns can evolve 

over time, leading to a phenomenon known as model drift. This drift can cause the 

model's predictions to become inaccurate or unreliable, potentially hindering its 

effectiveness. Traditional monitoring approaches might not be sensitive enough to 

detect subtle drifts, leading to degraded model performance going unnoticed for 

extended periods. 

• Fairness and Compliance: Maintaining fairness and compliance with regulations 

throughout the model lifecycle is critical. As user demographics or data distribution 

shifts, model predictions could become biased or non-compliant with established 

regulations. Continuous monitoring is necessary to ensure the model's fairness and 

compliance throughout its operational lifetime. 

These challenges necessitate the development of robust and automated monitoring 

frameworks within the integrated DevOps-MLOps pipeline. Techniques such as statistical 

process control charts or anomaly detection algorithms can be employed to continuously 
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monitor model performance and detect early signs of drift. Additionally, fairness metrics and 

compliance checks can be integrated into the monitoring process to ensure the model operates 

within ethical and regulatory boundaries. 

Limitations of Traditional CD Pipelines for ML Models 

Continuous delivery (CD) pipelines are a cornerstone of DevOps practices, enabling the 

efficient and automated delivery of software updates. However, these traditional CD 

pipelines are not directly transferable to the ML lifecycle due to the inherent characteristics of 

machine learning models. Here, we analyze the limitations of traditional CD pipelines when 

applied to ML models: 

• Performance Degradation over Time: Unlike traditional software, ML models are 

susceptible to performance degradation over time. This phenomenon, known as 

model drift, occurs as the underlying data distribution or user behavior patterns 

evolve. A model trained on historical data may perform well initially but become 

inaccurate or unreliable when deployed in a dynamic environment. Traditional CD 

pipelines, designed for software with relatively static functionality, might not be 

equipped to handle the iterative nature of ML models and the need for retraining 

based on new data or changing performance metrics. 

This limitation necessitates the development of intelligent CD pipelines specifically tailored 

for ML models. Techniques such as reinforcement learning can be employed to continuously 

evaluate the performance of different model versions and automatically deploy the most 

optimal model based on real-time metrics. This ensures that the model deployed in 

production consistently delivers the best possible performance. 

Other Potential Challenges in Integration 

While the focus of this section has been on technical challenges related to testing, monitoring, 

and delivery, it's important to acknowledge other potential hurdles in fostering seamless 

DevOps-MLOps integration. These challenges include: 

• Communication Gaps between Dev and Ops Teams: Traditional DevOps workflows 

often involve siloed teams with distinct expertise. Integrating MLOps practices 

necessitates fostering collaboration between data scientists, developers, and 
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operations personnel. Communication gaps between these teams can hinder seamless 

integration and lead to inefficiencies in the development process. 

• Infrastructure Management: The infrastructure requirements for training and 

deploying ML models can differ significantly from those of traditional software 

applications. Specialized hardware such as GPUs or TPUs might be necessary for 

efficient model training. Additionally, managing and provisioning these resources can 

be complex and require collaboration between Dev and Ops teams. 

• Version Control and Data Management: Version control systems designed for 

traditional software development might not be readily adaptable to the management 

of ML models and their associated training data. Establishing robust version control 

practices for models, data, and training environments is crucial for ensuring 

traceability and facilitating rollbacks when necessary. 

Addressing these challenges requires not only technical solutions but also cultural shifts 

within organizations to foster a collaborative environment where Dev, Ops, and data science 

teams work together towards effectively deploying robust and reliable ML models. 

 

4. AI-powered Automated Testing 

Traditional testing methodologies, while effective for software applications, fall short when 

applied to ML models. The data-driven nature and inherent complexity of these models 

necessitate specialized testing approaches. This section explores the potential of AI, 

particularly Explainable AI (XAI) techniques, to facilitate robust and automated testing within 

the integrated DevOps-MLOps pipeline. 

Explainable AI (XAI) for Model Interpretability 

A significant challenge in testing ML models lies in their inherent "black box" nature. Complex 

models, particularly deep learning architectures, can be difficult to interpret, hindering the 

ability to understand how they arrive at their predictions. This lack of interpretability makes 

it challenging to identify potential biases or pinpoint the root cause of errors within the model. 

XAI techniques aim to bridge this gap by providing insights into model behavior and 

https://pharmapub.org/
https://pharmapub.org/index.php/jmlpr


Journal of Machine Learning in Pharmaceutical Research  
By Pharma Publication Center, Netherlands  21 
 

 
Journal of Machine Learning in Pharmaceutical Research  

Volume 2 Issue 2 
Semi Annual Edition | Jul - Dec, 2022 

This work is licensed under CC BY-NC-SA 4.0. 

decision-making processes. By employing these techniques, developers can gain a better 

understanding of how the model functions and identify areas for improvement. 

Here, we delve into two prominent XAI techniques with significant potential for automated 

testing: 

 

• Local Interpretable Model-Agnostic Explanations (LIME): LIME is a model-agnostic 

technique, meaning it can be applied to any type of ML model. It works by creating 

localized, interpretable explanations for individual predictions. LIME samples data 

points around a specific prediction and builds a simple, interpretable model to explain 

that prediction. By analyzing the features that contribute most to the explanation, 

developers can identify potential biases or fairness issues within the model's decision-

making process. 

• SHapley Additive exPlanations (SHAP): SHAP is another model-agnostic technique 

that utilizes game theory concepts to explain individual prediction contributions. It 

assigns a Shapley value to each feature, representing the feature's marginal 

contribution to the model's prediction. By analyzing the Shapley values for a specific 

prediction, developers can gain insights into which features have the most significant 

influence on the model's output. This information can be crucial for identifying 

potential biases or unexpected feature interactions that could negatively impact model 

performance. 

Utilizing XAI for Bias Detection 
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As mentioned previously, biases present within the training data can manifest in 

discriminatory or unfair model outputs. XAI techniques, such as LIME and SHAP, can be 

valuable tools for detecting these potential biases within the automated testing process. Here's 

how these techniques can aid in bias detection: 

• Identifying Feature Importance: By analyzing the features that contribute most to an 

explanation generated by LIME or the Shapley values assigned by SHAP, developers 

can identify features that have an unexpectedly high influence on the model's 

predictions. These features can then be investigated for potential biases present within 

the training data. 

• Analyzing Predictions Across Demographics: XAI techniques can be used to generate 

explanations or Shapley values for model predictions on data points representing 

different demographic groups. By comparing these explanations or values, developers 

can identify discrepancies in how the model treats different demographics. This 

information can be crucial for mitigating bias and ensuring model fairness. 

By integrating XAI techniques into the automated testing pipeline, organizations can gain 

valuable insights into the behavior and decision-making processes of their ML models. This 

allows for the early detection of potential biases and facilitates the development of fairer and 

more trustworthy models. 

Anomaly Detection for Data Quality Management 

The quality and distribution of training data significantly impact the performance of ML 

models. Outliers or inconsistencies within the data can lead to inaccurate predictions and 

unreliable model behavior. Traditional testing methodologies might not be effective in 

identifying these data quality issues, potentially resulting in models that perform well on the 

training data but fail to generalize effectively to real-world scenarios. 

Anomaly detection algorithms offer a powerful tool for identifying data quality issues within 

the automated testing pipeline. Anomaly detection refers to the process of identifying data 

points that deviate significantly from the expected patterns or distribution of the data. By 

employing these algorithms within the MLOps pipeline, organizations can proactively 

identify and address data quality issues before they negatively impact model performance. 
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Here's a closer look at how anomaly detection algorithms can be beneficial for automated 

testing: 

• Identifying Outliers and Errors: Anomaly detection algorithms can be trained on 

historical data to establish a baseline for normal data distribution. Deviations from this 

baseline, such as data points with extreme values or unexpected combinations of 

features, can be flagged as potential anomalies. These flagged data points can then be 

further investigated to identify errors or inconsistencies within the data. 

• Detecting Concept Drift: Over time, the underlying concepts or patterns represented 

within the data may evolve. This phenomenon, known as concept drift, can render a 

model trained on historical data ineffective. Anomaly detection algorithms can be used 

to identify these shifts in data distribution, signaling the potential need for data refresh 

or model retraining to maintain optimal performance. 

Integrating Anomaly Detection into the Testing Pipeline 

The benefits of anomaly detection can be harnessed by integrating these algorithms into the 

automated testing pipeline within the DevOps-MLOps framework. Here's a potential 

workflow for such integration: 

1. Data Preprocessing and Feature Engineering: During data preprocessing, anomaly 

detection algorithms can be employed to identify and potentially remove outliers or 

erroneous data points. Additionally, feature engineering techniques can be used to 

transform features that might be susceptible to anomalous values. 

2. Model Training with Anomaly Monitoring: During model training, anomaly 

detection algorithms can be used to monitor the training process and identify data 

points that could negatively impact the learning process. These data points can then 

be excluded from training or flagged for further investigation. 

3. Post-Training Testing with Anomaly Detection: After model training, anomaly 

detection can be used to evaluate the model's performance on unseen data. Data points 

that the model struggles to predict accurately or that trigger anomaly alerts can be 

investigated to identify potential biases or data quality issues that could be impacting 

model performance. 
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By integrating anomaly detection algorithms throughout the automated testing pipeline, 

organizations can ensure the quality of their training data and identify potential issues that 

could hinder model performance. This proactive approach to data quality management is 

crucial for building robust and reliable ML models. 

 

5. Intelligent Continuous Delivery 

Continuous delivery (CD) is a cornerstone of DevOps practices, enabling the automated and 

efficient delivery of software updates to production environments. Traditional CD pipelines 

typically involve a series of stages, including building, testing, and deploying the updated 

software. These pipelines rely on the assumption that software applications remain relatively 

static after deployment, with bug fixes and minor updates being delivered through 

subsequent iterations. 

However, this approach is not directly transferable to the world of ML models. Unlike 

traditional software, ML models are susceptible to performance degradation over time due to 

a phenomenon known as model drift. This drift occurs as the underlying data distribution or 

user behavior patterns evolve. A model trained on historical data may perform well initially 

but become inaccurate or unreliable when deployed in a dynamic environment. Additionally, 

the iterative nature of ML development necessitates the ability to retrain and redeploy models 

based on new data or changing performance metrics. 

These limitations necessitate the development of intelligent CD pipelines specifically tailored 

for ML models. This section explores the potential of AI to facilitate intelligent model selection 

and deployment strategies within the DevOps-MLOps framework. 
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AI-powered Model Selection and Deployment 

Traditional CD pipelines often rely on pre-defined deployment schedules or manual 

intervention for deploying new model versions. However, this approach might not be optimal 

for ML models, where performance can degrade over time. AI-powered techniques can be 

leveraged to create intelligent CD pipelines that can automatically select and deploy the most 

optimal model version based on real-time metrics. Here's how AI can be used to enhance the 

CD process for ML models: 

• Reinforcement Learning for Model Selection: Reinforcement learning (RL) 

algorithms can be employed to continuously evaluate the performance of different 

model versions deployed in production. The RL agent interacts with the environment 

(i.e., the deployed models and real-time data) and receives rewards based on the 

achieved performance metrics (e.g., accuracy, F1 score). Over time, the RL agent learns 

to select and deploy the model version that consistently delivers the best performance 

in the current environment. 
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• Real-time Performance Monitoring: Real-time monitoring of deployed models is 

essential for identifying potential drift and performance degradation. Metrics such as 

accuracy, precision, recall, and F1 score can be continuously monitored and fed back 

into the AI-powered model selection system. 

• Automated Rollback and Retraining: When the AI system detects a significant drop 

in performance or identifies a more optimal model version, it can initiate an automated 

rollback to a previously deployed version or trigger model retraining with the latest 

data. This ensures that the model in production consistently delivers the best possible 

performance based on the current data distribution and user behavior patterns. 

By implementing an AI-powered model selection and deployment strategy within the CD 

pipeline, organizations can ensure the continuous delivery of the most effective model version 

to production. This approach helps mitigate the impact of model drift and optimizes model 

performance in real-world scenarios. 

Reinforcement Learning for Continuous Model Evaluation and Selection 

As discussed previously, traditional CD pipelines are not well-suited for the dynamic nature 

of ML models. Here, we delve deeper into how reinforcement learning (RL) techniques can 

be employed within the CD pipeline to continuously evaluate and select the optimal model 

version for deployment. 

Reinforcement Learning Framework for Model Selection 

The core idea behind using RL for model selection lies in establishing a framework where an 

RL agent interacts with the environment (deployed models) to learn the optimal deployment 

strategy. Here's a breakdown of the key components: 

• States: The state of the environment can be represented by various factors, including: 

o Performance Metrics: Real-time metrics such as accuracy, precision, recall, F1 

score, or any domain-specific performance indicators reflecting model 

effectiveness. 

o Data Distribution Statistics: Statistical summaries of the incoming data 

stream, capturing potential shifts in data distribution compared to the training 

data. 
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o Model Versions Available: Information about the available model versions, 

including their training history and potential performance characteristics. 

• Actions: The actions available to the RL agent can be: 

o Deploy Model Version (i): This action selects a specific model version (i) from 

the available set for deployment in production. 

o Retrain Model: This action triggers the retraining of the currently deployed 

model with the latest available data. 

• Rewards: The reward function is crucial for guiding the RL agent towards optimal 

behavior. In this context, the reward can be designed to incentivize the selection of a 

model version that delivers: 

o High Performance: The reward increases with metrics like accuracy or F1 

score, reflecting the model's effectiveness in achieving its intended goal. 

o Stability: The reward may be penalized for frequent model switching, 

encouraging the agent to maintain a stable deployment unless a significant 

performance improvement is observed with a different model version. 

Learning and Adaptation: 

Through interaction with the environment (deploying models and observing performance), 

the RL agent learns to associate specific states (performance metrics, data distribution) with 

actions (deploying specific model versions) that maximize the expected cumulative reward 

over time. This learning process allows the agent to continuously evaluate the performance of 

different models in the real-world environment and adapt its deployment strategy 

accordingly. 

Benefits of Intelligent CD for ML Models 

Implementing an AI-powered model selection and deployment strategy within the CD 

pipeline offers several advantages: 

• Ensuring Consistent Performance: By continuously evaluating model performance 

and automatically selecting the best version, intelligent CD helps mitigate the impact 
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of model drift. This ensures that the deployed model consistently delivers optimal 

performance based on the current data distribution and user behavior patterns. 

• Maximizing Model Effectiveness: By dynamically adapting to changing conditions, 

intelligent CD ensures that the most effective model is deployed in production. This 

avoids situations where a previously high-performing model becomes outdated due 

to data drift, leading to suboptimal outcomes. 

• Reduced Manual Intervention: Automating model selection and deployment based 

on real-time metrics reduces the need for manual intervention and allows MLOps 

teams to focus on other critical tasks such as data governance and model 

interpretability. 

• Improved Efficiency and Scalability: Intelligent CD pipelines can streamline the 

deployment process for ML models, enabling faster iteration cycles and facilitating the 

deployment of models at scale. 

By leveraging the power of RL for continuous evaluation and selection, intelligent CD 

pipelines can significantly enhance the effectiveness and efficiency of deploying ML models 

in real-world applications. 

 

6. AI-driven Model Governance 

The deployment of ML models in real-world scenarios necessitates robust governance 

practices to ensure their responsible and ethical use. Model governance encompasses a 

comprehensive framework that addresses issues like fairness, transparency, accountability, 

and compliance with regulations. In this context, AI plays a crucial role in automating and 

streamlining various aspects of model governance within the integrated DevOps-MLOps 

framework. 
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Importance of Model Governance 

As ML models become increasingly integrated into critical decision-making processes, 

ensuring their responsible use becomes paramount. Here's why model governance is crucial: 

• Compliance with Regulations: Several regulations, such as GDPR (General Data 

Protection Regulation) and Fair Credit Reporting Act (FCRA), govern the collection, 

use, and storage of data. Model governance practices ensure models comply with these 

regulations and mitigate potential legal risks. 

• Ethical Considerations: Bias present within the training data or the model itself can 

lead to discriminatory or unfair outcomes. Model governance helps identify and 

address these biases, promoting ethical and responsible use of AI. 
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• Transparency and Explainability: Many ML models, particularly deep learning 

architectures, are complex and difficult to interpret. Model governance practices 

promote transparency by providing insights into how models arrive at their decisions, 

fostering trust and accountability. 

Automated Drift Detection in Deployed Models 

A critical aspect of model governance is ensuring the continued effectiveness of deployed 

models. Model drift, as discussed previously, can lead to performance degradation if left 

unchecked. AI techniques can be leveraged to automate drift detection within the MLOps 

pipeline. 

 

Here's how AI can be used for automated drift detection: 
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• Statistical Monitoring: Statistical process control (SPC) charts can be employed to 

monitor key performance metrics of deployed models. Deviations from established 

baselines can signal potential drift and trigger further investigation. 

• Anomaly Detection with Machine Learning: Machine learning algorithms trained on 

historical data can be used to detect anomalies in the model's behavior or the incoming 

data stream. These anomalies could indicate a shift in data distribution or potential 

issues with model performance. 

By continuously monitoring model performance and automatically detecting drift, 

organizations can take proactive measures to maintain the effectiveness and fairness of their 

deployed models. This could involve retraining the model with fresh data, adjusting model 

parameters, or deploying a different model version altogether. 

Integration with AI-powered Model Selection 

Automated drift detection can be integrated with the AI-powered model selection and 

deployment strategies discussed in the previous section. When drift is detected, the intelligent 

CD pipeline can automatically trigger the retraining or deployment of a more suitable model 

version. This closed-loop system ensures that the most effective and unbiased model is 

continuously deployed in production. 

Statistical Techniques for Automated Drift Detection 

As mentioned earlier, AI techniques can be leveraged to automate drift detection within the 

MLOps pipeline. Here, we delve deeper into specific statistical techniques that can be 

employed for this purpose: 

• Kolmogorov-Smirnov (KS) Statistic: The KS statistic is a non-parametric test used to 

compare the probability distributions of two datasets. In the context of drift detection, 

it can be used to compare the distribution of the data used to train the model with the 

distribution of the data the model encounters in production. A significant difference 

in the KS statistic between these two distributions can indicate potential drift. 

• Cumulative Distribution Function (CDF) Analysis: The CDF is a graphical 

representation of the probability that a variable will be less than or equal to a certain 

value. By comparing the CDFs of the training data and the production data, 
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organizations can visually identify shifts in the underlying distribution. These shifts 

could signal drift and necessitate further investigation. 

These statistical techniques, along with anomaly detection algorithms, can be integrated into 

a comprehensive monitoring framework. By continuously monitoring key metrics and 

comparing data distributions, organizations can achieve early detection of model drift. 

Importance of Early Drift Detection 

Early detection of model drift is crucial for maintaining the effectiveness and fairness of 

deployed models. Here's why prompt intervention is essential: 

• Preserving Model Performance: As drift progresses, the model's performance on 

unseen data can deteriorate significantly. Early detection allows for timely 

intervention, such as retraining with fresh data or adjusting model parameters, before 

performance degradation becomes a major issue. 

• Mitigating Bias Creep: Model drift can exacerbate existing biases within the training 

data. By detecting drift early, organizations can take steps to identify and address 

potential biases before they lead to discriminatory or unfair outcomes. 

• Ensuring Regulatory Compliance: Drift can inadvertently cause models to violate 

regulations governing data usage and decision-making. Early detection allows for 

corrective actions to be taken before compliance issues arise. 

By implementing automated drift detection mechanisms within the MLOps pipeline, 

organizations can proactively address these challenges and ensure the continued effectiveness 

and responsible use of their deployed ML models. The integration of AI-powered techniques 

like KS statistic analysis and CDF monitoring with intelligent CD pipelines creates a closed-

loop system that fosters continuous monitoring, timely intervention, and ultimately, the 

responsible deployment of ML models in real-world scenarios. 

 

7. Evaluation and Results 

Evaluating the effectiveness of AI-powered techniques for model governance within the 

DevOps-MLOps pipeline presents a complex challenge. Real-world ML deployments involve 
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diverse scenarios with varying data characteristics, model complexities, and performance 

metrics. However, several methodological approaches can be employed to assess the efficacy 

of the proposed techniques: 

Simulated Environments and Synthetic Data 

• Controlled Drift Scenarios: Simulating model drift within controlled environments 

allows for the evaluation of AI-powered drift detection techniques. Synthetic data can 

be generated with specific drift patterns (e.g., concept drift, data distribution shift) to 

assess the sensitivity and accuracy of the proposed statistical methods (KS statistic, 

CDF analysis) and anomaly detection algorithms. 

• Performance Comparison with Baseline Models: The effectiveness of AI-powered 

techniques for testing and model selection can be compared against traditional 

methodologies within simulated environments. Metrics such as accuracy, precision, 

recall, and F1 score can be used to evaluate the ability of AI-powered approaches to 

identify biases, detect drift, and select the optimal model version for deployment. 

Case Studies and Real-World Deployments 

• A/B Testing with Explainable AI (XAI): In real-world deployments, A/B testing can 

be leveraged to evaluate the impact of incorporating XAI techniques like LIME and 

SHAP within the testing pipeline. One approach might involve deploying two 

versions of the model: one with traditional testing and another with XAI-integrated 

testing. Metrics such as model fairness, early detection of potential biases, and overall 

model performance can be compared between the two groups. 

• Performance Monitoring with AI-powered CD: The effectiveness of AI-powered 

continuous delivery (CD) pipelines can be assessed by monitoring model performance 

after deployment. Metrics such as accuracy, drift detection rates, and frequency of 

model retraining triggered by the intelligent CD system can be tracked and compared 

against deployments using traditional CD pipelines. 

Results and Effectiveness 

Unfortunately, presenting concrete results regarding the effectiveness of the proposed 

methods is challenging within the scope of this paper. Evaluating AI-powered techniques in 
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MLOps is an ongoing area of research, and standardized benchmarks are still under 

development. However, we can discuss potential outcomes based on the proposed 

methodologies: 

• Simulated Environments: Studies simulating controlled drift scenarios can 

demonstrate the effectiveness of AI-powered drift detection techniques. Statistical 

methods like KS statistic analysis and CDF monitoring can be shown to accurately 

identify shifts in data distribution compared to baseline models. Similarly, anomaly 

detection algorithms trained on historical data can exhibit high sensitivity in detecting 

deviations from expected patterns, potentially leading to earlier drift detection 

compared to traditional monitoring approaches. 

• Case Studies: A/B testing with XAI integration can reveal the benefits of 

incorporating explainability techniques. The XAI-enabled testing pipeline might 

identify potential biases in the training data or model behavior that traditional testing 

methods might overlook. This early detection of biases can lead to corrective actions 

and fairer model outcomes. Furthermore, real-world deployments utilizing AI-

powered CD pipelines can showcase improved model performance over time. The 

intelligent CD system, through continuous monitoring and automated model selection 

based on reinforcement learning, can potentially maintain optimal model performance 

by proactively addressing drift and deploying the most effective model version. 

Limitations and Challenges 

While the proposed methodologies hold promise, it's important to acknowledge the 

limitations encountered during the evaluation process: 

• Data Dependence: The effectiveness of AI-powered techniques can be highly 

dependent on the specific characteristics of the data used for training and evaluation. 

Techniques that perform well in simulated environments with synthetic data might 

require further refinement when applied to real-world datasets with complex 

structures or high dimensionality. 

• Generalizability: Findings from controlled experiments within simulated 

environments might not directly translate to real-world deployments. Factors like real-
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world data quality, model complexity, and the ever-evolving nature of user behavior 

can present challenges in generalizing the effectiveness of these techniques. 

• Limited Standardization: The lack of standardized benchmarks for evaluating AI-

powered MLOps techniques makes it difficult to compare the performance of different 

approaches across various studies. Developing such benchmarks will be crucial for 

rigorous evaluation and fostering advancements in this field. 

Future Research Directions 

Building upon the proposed methodologies, future research efforts can explore several 

promising avenues: 

• Standardized Benchmarks: Developing standardized benchmarks for evaluating AI-

powered techniques in MLOps will enable researchers to compare and contrast 

different approaches objectively. These benchmarks could involve datasets with 

varying complexities and pre-defined drift patterns to assess the effectiveness of drift 

detection algorithms. 

• Explainable AI and Fairness: Integrating explainable AI (XAI) techniques such as 

LIME and SHAP more deeply within the MLOps pipeline can provide valuable 

insights into model behavior and potential biases. Research exploring how these 

techniques can be leveraged to develop fairness-aware AI systems within the DevOps-

MLOps framework is crucial for ensuring responsible and ethical use of ML models. 

• Scalability and Explainability of AI in MLOps: As the complexity of models and the 

volume of data increase, exploring scalable AI techniques for MLOps tasks becomes 

essential. Additionally, research on how to make AI-powered decisions within MLOps 

pipelines more interpretable for human stakeholders will be vital for fostering trust 

and wider adoption of these techniques. 

By addressing these limitations and pursuing further research directions, the field of AI-

powered MLOps can continue to evolve, enabling the development and deployment of 

robust, reliable, and fair ML models in a responsible and efficient manner. 

 

8. Discussion 
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The integration of AI within the DevOps-MLOps framework presents a significant paradigm 

shift, offering the potential to streamline the development, deployment, and management of 

ML models. This section delves into the overall impact of AI on DevOps-MLOps integration, 

explores the potential benefits, and addresses practical considerations for real-world 

implementation. 

AI as a Catalyst for Seamless DevOps-MLOps Integration 

Traditional DevOps practices, while effective for software development, often struggle to 

accommodate the iterative and data-driven nature of ML projects. The introduction of AI 

bridges this gap by automating various tasks within the MLOps pipeline, fostering a more 

seamless integration with DevOps processes. Here's how AI acts as a catalyst for this 

integration: 

• Automated Testing and Anomaly Detection: AI techniques like LIME, SHAP, and 

anomaly detection algorithms can automate data quality checks, bias detection within 

models, and drift monitoring in production. This reduces manual intervention and 

allows for earlier identification of potential issues, ensuring robust and reliable 

models. 

• Intelligent Continuous Delivery: Reinforcement learning can be leveraged to create 

intelligent CD pipelines that continuously evaluate and deploy the optimal model 

version based on real-time performance metrics. This ensures that the most effective 

model is consistently deployed in production, maximizing model performance and 

user experience. 

• Improved Collaboration and Efficiency: By automating repetitive tasks and 

providing data-driven insights, AI facilitates better collaboration between data 

scientists, developers, and operations teams. This streamlined workflow leads to 

increased efficiency throughout the ML development lifecycle. 

Benefits of an AI-powered DevOps-MLOps Framework 

Implementing an AI-powered DevOps-Mlops framework offers several potential benefits for 

organizations: 
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• Enhanced Efficiency: Automating tasks through AI reduces manual workload, 

freeing up valuable time for MLOps teams to focus on higher-level activities like 

model interpretability and business strategy. 

• Improved Model Robustness: Early drift detection, automated testing, and intelligent 

model selection contribute to more robust models that maintain optimal performance 

over time. 

• Ensured Compliance: AI-powered techniques can help identify and mitigate potential 

biases within models, promoting fairness and adherence to relevant regulations. 

Practical Considerations for Real-World Implementation 

While the potential benefits are significant, practical considerations need to be addressed for 

successful real-world implementation of an AI-powered DevOps-MLOps framework: 

• Resource Requirements: Training and deploying AI models can be computationally 

expensive, requiring access to powerful computing resources. Organizations need to 

consider the cost and infrastructure implications of implementing these techniques. 

• Data Quality and Availability: The effectiveness of AI techniques heavily relies on 

the quality and quantity of data available. Organizations need to ensure they have 

access to clean, well-labeled data to train AI models effectively. 

• Expertise and Skillsets: Implementing an AI-powered DevOps-MLOps framework 

might necessitate hiring personnel with expertise in both AI and MLOps domains. 

Additionally, existing teams might require training to become familiar with these new 

tools and techniques. 

 

9. Conclusion 

The burgeoning field of machine learning (ML) presents exciting opportunities for 

organizations across various sectors. However, the successful development, deployment, and 

management of ML models necessitates a robust and efficient MLOps framework. Traditional 

DevOps practices, while effective for software development, often fall short when dealing 

with the iterative and data-driven nature of ML projects. This paper explored the 
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transformative potential of AI in facilitating seamless integration between DevOps and 

MLOps, fostering a more streamlined and effective ML development lifecycle. 

We commenced by highlighting the limitations of traditional CD pipelines for ML models, 

emphasizing the susceptibility of model performance to degradation over time due to concept 

drift. We subsequently introduced the concept of AI-powered anomaly detection for data 

quality management within the testing pipeline. Statistical techniques like the Kolmogorov-

Smirnov (KS) statistic and Cumulative Distribution Function (CDF) analysis, coupled with 

machine learning algorithms for anomaly detection, were presented as potential tools for 

identifying data quality issues and outliers. These techniques can significantly improve the 

quality of training data and contribute to building more robust ML models. 

The paper then delved into the concept of intelligent continuous delivery (CD) within the AI-

powered MLOps framework. We discussed the limitations of traditional pre-defined 

deployment schedules and explored how reinforcement learning (RL) can be employed to 

create intelligent CD pipelines. The RL agent, continuously evaluating the performance of 

deployed models in real-time, can select and deploy the optimal model version based on pre-

defined reward functions that incentivize high performance and stability. This approach 

ensures that the most effective model is consistently deployed in production, maximizing its 

impact and user experience. 

Furthermore, the paper emphasized the importance of model governance within the MLOps 

framework, particularly in the context of ensuring compliance with regulations and 

promoting ethical considerations. We discussed how AI techniques can automate drift 

detection, a critical aspect of model governance. By continuously monitoring key performance 

metrics and employing statistical process control (SPC) charts or anomaly detection 

algorithms, organizations can achieve early detection of drift and take proactive measures to 

maintain the effectiveness and fairness of their deployed models. The integration of AI-

powered drift detection with intelligent CD pipelines creates a closed-loop system that fosters 

continuous monitoring, timely intervention, and ultimately, the responsible deployment of 

ML models. 

Evaluating the effectiveness of AI-powered MLOps techniques presents a challenge due to 

the diverse nature of real-world ML deployments. The paper proposed methodologies for 

evaluation, including controlled drift scenarios within simulated environments and A/B 
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testing with Explainable AI (XAI) techniques in real-world settings. While presenting concrete 

results within the scope of this paper is limited, we discussed potential outcomes based on 

these methodologies. AI-powered techniques have the potential to significantly improve the 

efficiency and effectiveness of MLOps pipelines by automating tasks, improving model 

robustness, and ensuring compliance with regulations. 

However, implementing an AI-powered DevOps-MLOps framework necessitates careful 

consideration of practical challenges. Resource requirements for training and deploying AI 

models can be significant, and organizations need to ensure access to powerful computing 

resources and expertise in both AI and MLOps domains. Additionally, the effectiveness of AI 

techniques is heavily reliant on the quality and quantity of data available. Organizations must 

prioritize access to clean, well-labeled data to train AI models effectively. 

AI holds immense potential for revolutionizing the way organizations develop, deploy, and 

manage ML models. By leveraging AI-powered techniques for automated testing, intelligent 

CD pipelines, and robust model governance, organizations can unlock the full potential of 

MLOps and ensure the responsible and effective deployment of high-performing ML models 

in real-world scenarios. As the field of AI continues to evolve, and the challenges associated 

with practical implementation are addressed, AI-powered MLOps will undoubtedly play a 

pivotal role in shaping the future of machine learning and its transformative impact across 

various industries. 
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