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Abstract 

In this paper, MLOps and data engineering are discussed with a focus on the 

role of ETLs throughout the ML pipeline. With the growing adoption of AI 

solutions in organizations, the—to be used—integration of sound data management 

has become a crucial success factor influencing its effectiveness, reliability, and 

value. The paper overviews the architectural strategies for integrating ETL into 

MLOps methodologies, introduces methods of automated feature engineering, and 

discusses main issues like data drift detection and versioning. Through the analysis 

of the current trends and technologies, this paper outlines how integrated ETL is in 

the process of moving traditional ML projects from proving grounds to scalable 

production systems that are defined to deliver tangible business value.  

Keywords: MLOps, Data Engineering, ETL Integration, Feature Pipeline 

Automation 

Introduction 

The wide deployment of machine learning across sectors has uncovered a 

significant gap between model design in experiments and deployable production 

realities. Gartner studies show that just 53% of machine learning models make it 

successfully to production environments, and in 62% of those cases where deployment 

fails, inadequate data pipeline integration is the leading cause of failure  (Gartner, 

2020). It is this deployment issue that has fueled the advent of MLOps, which is a 

practice that extends DevOps to machine learning systems while acknowledging the 

unique demands of AI applications. 

The machine learning system data foundation poses special complexity in 

contrast to prior analytics use cases. According to Stanford's AI Index Report  

(Intelligence, 2024), the average machine learning model today consumes 8.4 times as 

much data as similar models did five years ago, placing new demands on data 

https://www.doi.org/10.56830/IJSIE092025
https://www.doi.org/10.56830/IJSIE09202503
mailto:hanish.cha@gmail.com


International Journal of Sustainability 

and Innovation in Engineering 

(IJSIE) 

https://www.doi.org/10.56830/IJSIE092025  Vol. 3  2025 
 
 

 
 

(36) 
 

 

 

engineering infrastructure (Stanford University Human-Centered Artificial 

Intelligence, 2024). Exponential increases in data demands emphasize the need for 

strong, automated ETL processes specifically tuned for machine learning 

environments. This paper investigates how organizations are implementing ETL 

capabilities across the machine learning cycle, including the architectural methods, 

implementation hurdles, and new best practices that define successful MLOps 

deployments. As machine learning systems increasingly drive important business 

functions, reliability and efficiency of underlying data flows have become key 

determinants of competitiveness. 

ETL Integration in the ML Lifecycle 

Architectural Approaches  

Contemporary MLOps designs integrate ETL processes across various phases of 

the machine learning cycle beyond the usual preprocessing and involve continuous 

validation of data, feature generation, and monitoring of drift. Feature stores are now 

centralized stores that normalize feature definition, computation, and storage and 

supply consistent interfaces to both training and inference pipelines. 

A study conducted by the MIT Sloan Review revealed that organizations that 

deploy dedicated feature store infrastructures reduce model deployment by 68% and 

model performance by 23% on average compared to organizations that deploy using 

ad-hoc feature engineering methods  (Ransbotham, Gerbert, Reeves, Kiron, & Spira, 

2023). It is due to both consistency in feature depiction and the capacity to rely on 

historical feature values for model training while using real-time calculations at 

inference. Data validation systems such as TensorFlow Data Validation and Great 

Expectations are now standard components of ML pipelines that automatically check 

data characteristics against specified schemas and statistical expectations. These 

systems impose guardrails that avoid model training on the wrong or corrupted data, 

which is a leading cause of production model failure. 

Feature Engineering Automation 

Automated feature engineering is a vital point of intersection between machine 

learning workflows and traditional ETL processes. Feature creation pipelines perform 

domain-specific transformations on raw data, producing the pre-processed inputs that 

model training and inference operate on while ensuring consistency across 

environments. Feature selection technologies rely more and more on machine learning 

methods to find the best self-contained feature subsets  (Muttakin, Wang, Mulyanto, & 

Leu, 2021), leading to a recursive use of AI in the data preparation itself. Automated 
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feature selection methods boost model performance by 17% on average and cut 

computational demand by 31% in comparison to manual selection methods  

(Büyükkeçeci̇ & Okur, 2023). 

ETL Components in MLOps Pipelines 

Data Acquisition and Preprocessing 

Machine learning ETL processes use dedicated components to deal with ML-

specific data types and demands. Distributed frameworks such as Apache Spark and 

Dask support parallel pre-processing of massive datasets, while dedicated libraries 

support unstructured data types like images, text, and time series. 

Table 1: ETL components within MLOps architectures and their specific functions 

MLOps ETL 

Component 

Primary 

Function 
Integration Points 

Key 

Technologies 

Data 

Acquisition 

Services 

Source 

connectivity 

Training pipeline, 

monitoring systems 

Airbyte, 

Fivetran, Apache 

NiFi 

Feature 

Engineering 

Pipelines 

Transform raw 

data into 

features 

Feature store, 

model training 

Feast, Tecton, 

Hopsworks 

Data Validation 

Frameworks 

Schema and 

distribution 

validation 

CI/CD, training 

pipeline 

TF Data 

Validation, Great 

Expectations 

Feature 

Selection 

Services 

Automated 

feature 

optimization 

Feature store, 

experimentation 

TPOT, Auto-

sklearn, 

FeatureTools 

Versioning 

Systems 

Data and 

feature history 

Experiment 

tracking, model 

registry 

DVC, LakeFS, 

Pachyderm 
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Automated Feature Pipeline Orchestration 

Workflow orchestration tools organize the execution of ETL tasks across the ML 

life cycle to ensure that data collection, validation, transformation, and feature 

engineering are carried out in the right sequence and timeframe. These tools, such as 

Apache Airflow, Prefect, and Kubeflow, bring declarative pipeline definition 

capabilities together with the scheduling, dependency resolution, and recovery in case 

of failures. 

 

Figure 1: Production Machine Learning Pipeline 

Implementation Challenges and Solutions 

Data Drift Detection and Handling 

Data drift, or the increasing divergence of production data characteristics away 

from training distributions, is one of the biggest threats to ML model performance. 

ETL pipelines increasingly include automated capabilities for drift detection that 

compare in-stream data distributions to historical benchmarks based on statistical tests 

and distance measurements. 

According to  (Idowu, Osman, Strüber, & Berger, 2024), 76% of ML production 

systems develop significant data drift over six months of operation, with 41% of them 

facing drift that causes model performance below acceptable levels. Automated 

adaptation and monitoring systems are critical in ensuring model reliability in such 

dynamic environments. Strategies for handling drift involve automated triggers 

prompting model update in cases of drift beyond specified thresholds, feature 

recalculation using new parameters, and alert systems that inform data scientists of 

potential problems that need to be investigated. 
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Feature and Data Versioning 

Version control for data and features presents unique challenges compared to 

traditional code versioning. ML-specific data versioning systems maintain immutable 

records of datasets and feature values used for each model version, enabling 

reproducibility and auditability throughout the model lifecycle. Feature stores 

implement time-travel capabilities that retrieve historical feature values based on 

point-in-time queries, which are essential for creating training datasets that accurately 

reflect the information available at prediction time. This approach prevents target 

leakage, which is a common issue where future information inadvertently influences 

model training. 

Emerging Trends in ML-Focused ETL 

Semantic Feature Discovery 

One of the new trending aspects in the ML-driven ETL processes is automated 

semantic feature discovery. These are attained by applying Deep Learning techniques 

since it identifies semantic transformations of the raw information, which may be hard 

for engineers to anticipate. The conceptual integration of knowledge graphs in feature 

engineering makes it easier to understand the relationships among data items, 

especially in applications where the relationships are complex hierarchical 

relationships or network structures. The feature highlights that are used make use of 

domain knowledge for deriving features that express semantics in addition to statistical 

correlations. 

Federated Feature Engineering 

Federated approaches to feature engineering address privacy concerns by 

enabling feature calculation across distributed data sources without centralizing raw 

data. These systems perform transformations at the data source, transferring only 

derived features or model updates rather than sensitive raw information. 

Conclusion 

The ETL processes in aspects of ML have been deemed as a powerful 

influencing factor in the success of organizations that engage in the large-scale 

implementation of AI systems. By implementing intense Data Engineering practices in 

MLOps environments, one can overcome the general problem of the said Machine 

Learning deployments, particularly data quality and feature distribution consistency. 

Feature stores and automated feature engineering pipelines offer significant value with 

interfacing data engineering and the machine learning processes, improving both 

model performance as well as its development speed. Given that machine learning 
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systems are becoming more interlinked with crucial business processes, the 

effectiveness and sophistication of the source data platform are likely to determine 

which organizations will benefit from SOMA investments and be able to extend it as a 

valid source of sustainable economic value. 

Organizations need to invest in ML-oriented ETL capabilities as a top priority, 

acknowledging that model performance ultimately hinges on the quality, timeliness, 

and relevance of the data that passes through them. As the practice of MLOps evolves, 

combined data engineering methodologies will increasingly separate top-performing 

AI projects from those that struggle to scale experimental success in production 

reliability. 

.  
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