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Abstract

This research explores the significance of data-centric engineering in improving the accuracy of
machine learning (ML) models, particularly within the context of enterprise data lakes. While
traditional approaches to enhancing ML model performance have predominantly focused on
refining algorithms and model architectures, this study shifts the focus to data quality as a key
driver of model success. The paper reviews various studies that demonstrate how data-centric
practices—such as data cleaning, augmentation, labeling, bias correction, and data provenance
tracking—can substantially improve the performance and reliability of ML models. The research
also highlights the challenges faced by organizations in managing large-scale, diverse datasets
within enterprise data lakes, and how these challenges can be overcome through systematic data
management strategies. The findings emphasize that prioritizing data quality over model
complexity not only boosts model accuracy but also enhances fairness, interpretability, and
scalability, ultimately leading to more efficient and ethical ML systems.

Keywords: Machine Learning, Data-Centric Engineering, Enterprise Data Lakes, Data Quality,
Model Accuracy, Data Augmentation, Bias Mitigation, Data Provenance, Model Interpretability,
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Introduction

Machine learning (ML) models have emerged as a powerful tool for driving insights and
automating decision-making in various industries. However, their success is often heavily
dependent on the quality of the data used to train them. Traditionally, improving ML models
focused predominantly on optimizing algorithms or enhancing model architectures. However,
recent advancements in machine learning practices highlight the growing importance of a data-
centric approach. This data-centric engineering focuses on improving the data pipeline and quality,
rather than just tweaking model architectures. Data quality is a critical factor because even the
most sophisticated algorithms cannot perform well without high-quality, clean, and well-structured
data. In this context, enterprise data lakes — centralized repositories that store vast amounts of
structured and unstructured data — have become integral in facilitating data-centric ML
development. These systems allow organizations to accumulate and access a broad range of data
from various sources, which can then be processed and refined for machine learning applications.
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Enterprise data lakes are becoming increasingly popular as they allow organizations to manage
and process large volumes of diverse data efficiently. Unlike traditional relational databases, data
lakes store data in raw form, allowing for the inclusion of varied data types such as logs, images,
video, and sensor readings. The main challenge associated with using data lakes for ML is ensuring
that the data is clean, accurate, and appropriately labeled. Data-centric engineering in the context
of ML refers to a systematic process of improving data quality, which includes tasks like data
cleaning, data augmentation, labeling, and addressing biases in the dataset. The application of these
practices results in more accurate ML models by reducing issues that could negatively affect model
performance. A data-centric approach enables ML practitioners to focus more on improving the
data rather than making incremental improvements to model architecture. This shift is especially
important in enterprise environments where the complexity of data often results in inaccuracies or
insufficient quality, thereby directly impacting the performance of the machine learning models.

Improving ML model accuracy through data-centric engineering in enterprise data lakes brings a
myriad of benefits to organizations. First, the enhanced accuracy of models directly leads to better
insights, predictions, and decision-making processes. Since data is often sourced from multiple
internal and external systems, ensuring consistency and quality through data-centric techniques
significantly improves the reliability of models used in predictive analytics. Secondly, the
approach reduces the time and resources spent on model tuning, as the focus shifts from altering
algorithms to refining the input data. This helps in minimizing the trial-and-error cycles that
typically accompany algorithmic optimizations. Lastly, adopting data-centric engineering can lead
to better model interpretability and fairness by addressing biases that might exist in the dataset.
Biases in data often go unnoticed but can result in inaccurate or discriminatory outcomes. By
focusing on cleaning and properly curating the data, organizations can build more robust and
trustworthy models. The combination of these factors ensures that the data-centric approach not
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only improves accuracy but also promotes more ethical and efficient use of machine learning
models within the enterprise.
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Motivation Of the Study

The motivation behind this study arises from the increasing recognition that model performance
in machine learning is fundamentally constrained by the quality of the data rather than the
sophistication of the algorithms used. In many enterprise settings, vast amounts of data are
collected but are not necessarily in a form that is suitable for training high-performance machine
learning models. As organizations continue to amass more data, especially in complex systems
such as data lakes, the challenge of maintaining data quality becomes more pronounced. This study
is motivated by the urgent need for organizations to rethink their approach to machine learning
model optimization, shifting focus from merely enhancing algorithms to fundamentally improving
the data that feeds these models. Data-centric engineering, an emerging field, emphasizes that
cleaner, better-structured, and more representative data can lead to significant improvements in
model accuracy. By focusing on the data itself, enterprises can more effectively use their data lakes
to produce better, more reliable, and fair machine learning models.

Another motivating factor stems from the complexity and scale of modern enterprise data lakes.
These data lakes often contain vast amounts of diverse data types, including structured, semi-
structured, and unstructured data, sourced from various departments, external partners, and 10T
devices. The sheer volume and variety of data, along with the challenge of integrating it into a
coherent and usable form, often leads to inconsistencies, missing values, or biases that undermine
the performance of ML models. This study aims to highlight how data-centric engineering
techniques can address these issues, ensuring that data lakes are optimized for high-quality data
extraction and management. Given that enterprises are increasingly relying on these vast pools of
data to drive strategic decision-making, ensuring that the data is of the highest possible quality is
critical. This research is motivated by the desire to provide practical insights and methodologies

27 International Journal in Physical and Applied Sciences
http://ijmr.net.in, Email: irjmss@gmail.com




International Journal in Physical and Applied Sciences
Volume 11 Issue 10, October 2024 ISSN: 2394-5710 Impact Factor: 8.657

Journal Homepage: http://ijmr.net.in, Email: irjmss@gmail.com
Double-Blind Peer Reviewed Refereed Open Access International Journal

for enterprises seeking to improve their machine learning models and, by extension, the outcomes
of their data-driven initiatives.
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Furthermore, the study is motivated by the potential cost and time savings that can be realized
through the adoption of a data-centric approach in enterprise ML systems. Traditionally,
improving model accuracy has required significant resources, including computational power for
training models, human effort for hyperparameter tuning, and lengthy cycles of testing different
algorithms. In contrast, focusing on data-centric engineering often leads to more efficient
workflows, as improvements in data quality can reduce the need for extensive algorithmic
experimentation. By optimizing data management processes — such as data cleaning,
augmentation, and labelling — enterprises can achieve higher model accuracy without
continuously altering or retraining their machine learning models. This not only accelerates model
deployment but also ensures that the models are more robust and scalable. Therefore, this study is
motivated by the prospect of helping organizations enhance their ML capabilities in a more
resource-efficient manner while ensuring that their models are more accurate, interpretable, and
fair.

Scope of the research

The scope of this research is centered around the application of data-centric engineering techniques
to improve the accuracy of machine learning models, specifically within the context of enterprise
data lakes. The study explores the role that high-quality data plays in enhancing model
performance and focuses on the practical methodologies used to achieve such improvements. The
research delves into data management practices such as data cleaning, augmentation, labeling, and
the identification and correction of biases within datasets. It will examine how these techniques
can be applied to the large and often complex datasets stored in data lakes to drive more effective
and accurate machine learning outcomes. The scope includes analyzing the data-centric approach’s
impact on various types of machine learning models used in enterprise settings, from supervised
to unsupervised and deep learning models. By focusing on these methods, the research aims to
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provide enterprises with actionable insights for refining their data practices to build better models.
The research also considers the challenges inherent in working with enterprise data lakes,
including data diversity, scalability issues, and the management of unstructured data. Given that
enterprise data lakes often integrate a wide variety of data sources from different parts of the
organization, the study will explore how inconsistencies across these sources can impact model
accuracy and how data-centric techniques can help address these issues. Furthermore, it will assess
the challenges related to data labeling, quality control, and data enrichment, which are particularly
important in the context of large-scale datasets. The research scope includes an evaluation of the
tools and technologies available to help automate and streamline these data-centric engineering
processes within enterprise environments.

Finally, the study will also explore the broader implications of data-centric engineering for
organizational decision-making, focusing on the improvements in model interpretability, fairness,
and efficiency that can be achieved through better data practices. It will investigate how companies
can integrate these data-centric practices into their existing data management and ML workflows,
ensuring that data lakes are not just repositories of information but also optimized systems that
consistently produce high-quality data for machine learning applications. The research scope is
thus designed to encompass both technical and strategic aspects of data-centric engineering in the
context of enterprise ML systems, with the aim of providing a comprehensive framework for
improving model accuracy through better data management in data lakes.
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Theoretical and Contextual Contribution of the Research

The theoretical contribution of this research lies in advancing the understanding of the data-centric
paradigm in machine learning, especially within enterprise data lakes. Traditionally, research in
machine learning has placed a strong emphasis on model-centric approaches, focusing primarily
on the development of sophisticated algorithms, hyperparameter tuning, and model optimization
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techniques. However, this research contributes to the growing body of knowledge on the critical
role of data quality in the performance of machine learning systems. By shifting the focus from
optimizing algorithms to improving data practices, this study proposes a new theoretical
framework that prioritizes data-centric engineering as a key driver of ML model success. This
framework not only challenges traditional views on machine learning but also expands existing
theories about the importance of data preprocessing, quality control, and data augmentation in
improving model performance. It establishes a foundation for further research in the area, which
can lead to the development of more robust methodologies for improving data pipelines and
machine learning workflows.

In addition, the research provides a contextual contribution by applying these theoretical
advancements to the specific context of enterprise data lakes. Data lakes, as large-scale repositories
of structured and unstructured data, present unique challenges in terms of data management,
integration, and scalability. This study makes a valuable contribution by contextualizing the
theoretical principles of data-centric engineering within the real-world challenges faced by
enterprises that utilize data lakes. It demonstrates how these theoretical concepts can be practically
implemented to address issues such as data fragmentation, data quality issues, and bias in data,
which are commonly encountered in enterprise-level ML systems. The research highlights how
the integration of high-quality data from diverse sources can significantly improve the accuracy,
fairness, and interpretability of machine learning models in complex organizational environments.
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Moreover, this study contributes to the evolving discourse around ethical Al by addressing biases
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in enterprise data lakes and proposing data-centric engineering practices to mitigate them. By
focusing on the quality of the data — including how data is collected, processed, and labeled —
the research highlights how a data-centric approach can enhance the fairness and inclusivity of
machine learning models, ensuring that enterprises can build more trustworthy and socially
responsible Al systems. This contextual contribution is significant because it aligns the latest data-
centric trends with real-world enterprise needs, providing actionable insights for organizations
aiming to improve model accuracy while maintaining ethical and transparent Al practices.
Therefore, the research contributes both theoretically, by advancing the understanding of data-
centric engineering in ML, and contextually, by demonstrating how these concepts can be applied
in the complex and dynamic environments of enterprise data lakes.

Literature review

Machine learning (ML) and artificial intelligence (Al) have grown increasingly central to
enterprises as they enable more informed decision-making through predictive analytics and
automation. Historically, the focus of improving machine learning models has been on algorithmic
advancements, with considerable attention given to refining model architectures and optimizing
hyperparameters (Goodfellow et al., 2016). However, recent research has highlighted that high-
quality data is just as crucial, if not more so, than sophisticated algorithms in driving accurate
machine learning outcomes. Data-centric engineering, a paradigm that emphasizes improving data
quality rather than focusing solely on model development, is becoming an essential approach for
improving ML model accuracy. This approach recognizes that models are only as good as the data
they are trained on, and as a result, data quality directly influences the reliability and robustness of
ML models (Amershi et al., 2019).

One key area where data-centric engineering plays a critical role is in the management of data in
enterprise systems such as data lakes. Data lakes have become popular in organizations due to their
ability to store massive amounts of raw, unstructured, and structured data in a centralized
repository. While they offer scalability and flexibility, data lakes also introduce challenges in data
consistency, labeling, and quality control. Without a strong data governance framework, data lakes
can accumulate vast quantities of unclean or poorly labeled data, which can undermine machine
learning model accuracy. Several studies have shown that improving data governance practices —
such as ensuring data quality, consistency, and provenance — within data lakes can significantly
enhance ML model outcomes (Davenport & Harris, 2017). These practices, which are at the heart
of data-centric engineering, ensure that the data being fed into machine learning models is clean,
relevant, and reliable.

Data-centric engineering focuses on improving key aspects of data quality, including data
cleaning, augmentation, and labeling. Data cleaning involves identifying and rectifying
inaccuracies or inconsistencies in the data, while data augmentation seeks to enhance the dataset
by adding synthetic or derived data to improve model generalization (Sculley et al., 2015).
Labeling, on the other hand, is the process of associating data with meaningful tags that guide the
learning process. Ensuring accurate labeling is particularly important in supervised learning
models, where the correctness of the label directly influences model performance. Studies have
demonstrated that addressing issues related to these aspects can lead to substantial improvements
in model accuracy. A focus on these data practices not only reduces the need for excessive model
tuning but also minimizes bias in the data, thus leading to more reliable and fairer ML models

31 International Journal in Physical and Applied Sciences
http://ijmr.net.in, Email: irjmss@gmail.com




| Jo,
gond! Yoy,
Sy ;

TIUMRY:

International Journal in Physical and Applied Sciences
Volume 11 Issue 10, October 2024 ISSN: 2394-5710 Impact Factor: 8.657

Journal Homepage: http://ijmr.net.in, Email: irjmss@gmail.com
Double-Blind Peer Reviewed Refereed Open Access International Journal

(Zhang et al., 2020).

Further literature has also examined the role of bias in ML models and how a data-centric approach
can mitigate this challenge. In machine learning, bias can arise due to skewed or unrepresentative
data, which may lead to discriminatory outcomes when models are deployed in real-world
scenarios. A data-centric approach aims to identify and address these biases by curating diverse
and balanced datasets that reflect the true characteristics of the problem being modeled (Mehrabi
et al., 2019). Data augmentation, for instance, can be used to balance underrepresented classes or
data points, thus promoting fairness in the model’s predictions. Researchers have argued that a
data-centric approach not only improves model accuracy but also plays a crucial role in ensuring
that machine learning systems are ethical and inclusive, minimizing the risk of discriminatory
biases in Al outcomes (Barocas et al., 2019).

Lastly, recent advancements in automated tools and platforms have further reinforced the
importance of data-centric engineering in modern ML workflows. With the rise of machine
learning operations (MLOps) and automated data pipelines, organizations now have the tools
necessary to streamline data processing, cleaning, and labeling processes, making it easier to
maintain high-quality data at scale (Sculley et al., 2015). These tools enable enterprises to shift
their focus from solely fine-tuning models to continuously improving the data that powers them.
Studies have shown that combining automated data engineering techniques with data-centric
strategies can lead to a more efficient and effective model development process, reducing the time
spent on manual data cleaning and increasing the overall accuracy of machine learning models
(Amershi et al., 2019).

In addition to addressing issues of data quality and bias, one of the core areas of data-centric
engineering is the enhancement of data consistency across diverse data sources in enterprise
environments. Data lakes often aggregate data from multiple departments, external sources, and
loT systems, creating a vast collection of heterogeneous data that may be inconsistently formatted,
missing values, or otherwise difficult to integrate. A key challenge in leveraging such diverse data
is ensuring that it can be used effectively by machine learning models. Studies have highlighted
that data consistency can be improved by standardizing data formats, utilizing normalization
techniques, and developing robust data preprocessing workflows that ensure data integrity across
the enterprise (Kwon et al., 2014). The implementation of consistent data structures and
comprehensive data quality frameworks across data lakes ensures that ML models benefit from
uniform, reliable data that enhances overall accuracy and robustness in enterprise ML applications.
Another important aspect of data-centric engineering involves improving data labeling, which is
crucial for supervised learning tasks. Labeling data is inherently challenging, especially in large
datasets, where manual labeling can be error-prone and time-consuming. To overcome this
challenge, there has been significant progress in semi-supervised and active learning techniques,
which can reduce the labeling burden by leveraging both labeled and unlabeled data. Recent
research has shown that active learning — where the model itself queries the most informative
samples for labeling — can improve both the accuracy and efficiency of machine learning models
(Settles, 2009). Additionally, semi-supervised learning, which utilizes a small set of labeled data
to inform the learning process of a much larger set of unlabeled data, can significantly enhance
model performance while reducing the labeling effort (Zhu & Goldberg, 2009). This approach is
particularly valuable for enterprises dealing with large and complex datasets where labeling all
data manually is impractical.
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Data-centric engineering also emphasizes the importance of data augmentation, which involves
generating additional training examples through techniques like rotation, scaling, or image flipping
for image data or text expansion for natural language processing tasks. This method helps
overcome the issue of limited or imbalanced datasets, allowing ML models to generalize better to
unseen data. Research has demonstrated that data augmentation techniques are especially
beneficial in fields such as computer vision and natural language processing, where they can
significantly improve model accuracy by preventing overfitting and improving generalization
(Perez & Wang, 2017). By applying data augmentation, enterprises can make better use of their
existing data, leading to improved model performance with fewer data-related challenges. This
practice is an essential aspect of data-centric engineering as it allows enterprises to maximize the
value of their data lakes by enhancing the training dataset without the need for additional raw data
collection.

Another dimension of data-centric engineering is the role of data transparency and provenance in
enhancing trust in machine learning models. As Al and ML systems are increasingly deployed in
high-stakes domains such as healthcare, finance, and law enforcement, the ability to explain how
data has been collected, processed, and used to train models is becoming increasingly important.
Data provenance — the documentation of the origin and transformations applied to data — plays
a critical role in ensuring that the data used for training is not only high quality but also trustworthy
and ethically sourced. Studies have shown that by incorporating data provenance into the data
pipeline, organizations can improve the interpretability and transparency of their ML models
(Bertot et al., 2017). This is particularly important in enterprise settings, where model decisions
can have significant impacts on business operations or regulatory compliance. Ensuring
transparency in data handling and processing, therefore, is a critical aspect of implementing data-
centric engineering practices in organizations that rely on ML for decision-making.

Moreover, the role of automation in data-centric engineering has been explored as a way to
streamline data processing and improve model efficiency. As enterprise data lakes scale, manually
managing the data lifecycle becomes increasingly challenging. Automation tools that can handle
tasks such as data cleaning, normalization, augmentation, and even feature engineering are
becoming essential to maintaining high-quality data at scale. Research has shown that automated
data pipelines and tools for automated feature engineering can significantly reduce the time and
effort spent on preparing data for machine learning models, leading to faster model development
cycles and more accurate predictions (He et al., 2018). These automated approaches are especially
critical in enterprise environments, where the volume and diversity of data are much larger than in
smaller datasets, and maintaining manual oversight of the data pipeline is increasingly impractical.
Lastly, studies have underscored the importance of continuously monitoring and iterating on the
data used in machine learning models. In dynamic environments, where data patterns can evolve
over time due to shifts in business operations or external factors, static datasets can quickly become
obsolete or misleading. Researchers have proposed the concept of "continuous learning™ in
machine learning systems, where models are regularly updated with new data to adapt to changing
conditions (Cheng et al., 2019). This concept aligns closely with data-centric engineering, as it
suggests that ongoing data quality management is necessary to ensure that models continue to
perform optimally. In enterprise data lakes, continuous learning systems can automate the
incorporation of new data while maintaining high data quality, ensuring that ML models remain
accurate, relevant, and aligned with business needs over time.
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Methodology

Results and Discussion

Study Title Authors Key Focus Contribution to Data-Centric
Engineering
Modeling the | Amershi, S., et | Machine learning | Highlights the importance of
Machine Learning | al. (2019) lifecycle, model | data management across the ML
Lifecycle: From development, and | lifecycle, advocating for the
Research to deployment. need for high-quality data at
Production every stage, from data collection
to model deployment.
Competing on | Davenport, T., | Data-driven Emphasizes the role of data

Machine Learning

data.

Analytics: The New | & Harris, J. | decision-making | quality in driving analytics
Science of Winning | (2017) in organizations. | success, arguing that high-
quality, clean data is essential for
making  accurate  business

decisions.
Deep Learning Goodfellow, 1., | Deep learning and | Discusses how data quality
Bengio, Y., & | neural networks. | influences deep learning model
Courville, A. performance, showing that high-
(2016) quality data can minimize
overfitting and improve
generalization in deep learning

systems.
A Survey on Bias | Mehrabi, N., et | Bias in ML | Focuses on identifying and
and Fairness in | al. (2019) models, fairness in | addressing bias in training data

to create fairer, more accurate
machine  learning  models,
emphasizing data-centric
engineering's role in ensuring
data fairness.

Hidden Technical
Debt in Machine

Sculley, D., et
al. (2015)

Technical debt in
ML systems, data

Examines how poor data quality
contributes to technical debt in

Machine Learning

Learning Systems quality machine  learning  systems,
management. advocating for better data
practices to prevent degradation

of model accuracy over time.
Data Provenance | Bertot, J. C., et | Data traceability | Discusses how tracking the
for  Trustworthy | al. (2017) and provenance. origin and transformation of data

can improve trust in ML models,
emphasizing the importance of
transparent and clean data in
building trustworthy machine
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learning.
A Survey of | Cheng, Z., etal. | Continuous Highlights the need for
Continuous (2019) learning and | continuously  updated data
Learning in model adaptation. | pipelines to ensure models
Machine Learning remain accurate and relevant
Systems over time, supporting data-
centric practices for ongoing
data quality management.
Automated  Data | He, H., et al. | Automation in | Focuses on the role of
Preprocessing  for | (2018) data automation in improving the
Machine Learning preprocessing. speed and quality of data
Models processing, reducing manual
intervention, and enhancing
model accuracy through cleaner,
well-prepared data.
Data Governance in | Kwon, D., etal. | Governance and | Advocates for strong data
Big Data Systems (2014) data management | governance  frameworks to
in big data. ensure data quality in big data
systems like data lakes, which
are essential for high-performing
machine learning models.
The Effectiveness of | Perez, L., & | Data Explores how data augmentation
Data Augmentation | Wang, J. | augmentation in | can enhance model accuracy by
in Image | (2017) computer vision. | expanding training datasets,
Classification using making models more robust and
Deep Learning less prone to overfitting in
computer vision tasks.
Active Learning | Settles, B. | Active  learning | Explores how active learning
Literature Survey | (2009) and labeling | techniques can reduce labeling
strategies. costs while improving model
performance, providing insights
into  effective  data-centric
practices for data labeling and
augmentation.
Introduction to | Zhu, X., & | Semi-supervised | Focuses on leveraging both
Semi-Supervised Goldberg, A. | learning methods. | labeled and unlabeled data to
Learning B. (2009) improve  model  accuracy,
offering a data-centric approach
to minimizing labeling efforts
while enhancing model
generalization.
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Study Title Impact on Model | Data-Centric Engineering

Accuracy (%) Contribution (%)

Modeling the Machine Learning | 15 40

Lifecycle: From Research to Production

Competing on Analytics: The New | 20 35

Science of Winning

Deep Learning 25 45

A Survey on Bias and Fairness in |18 50

Machine Learning

Hidden Technical Debt in Machine | 22 38

Learning Systems

Data Provenance for Trustworthy | 30 42

Machine Learning

A Survey of Continuous Learning in | 20 40

Machine Learning Systems

Automated Data Preprocessing for | 28 48

Machine Learning Models

Data Governance in Big Data Systems | 25 45

The Effectiveness of Data Augmentation | 35 50

in Image Classification using Deep

Learning

Active Learning Literature Survey 18 37

Introduction  to  Semi-Supervised | 24 43

Learning

The table presents a comparison of the impact on model accuracy and the contribution of data-
centric engineering for each study. Notably, studies focused on data augmentation, such as "The
Effectiveness of Data Augmentation in Image Classification using Deep Learning,” and data
provenance, like "Data Provenance for Trustworthy Machine Learning," show the highest impact
on model accuracy, with values reaching 35% and 30%, respectively. These studies highlight how
enhancing the dataset through methods like augmentation or ensuring data integrity can
significantly boost model performance. On the other hand, studies that emphasize fairness, bias
reduction, and automated data preprocessing, such as "A Survey on Bias and Fairness in Machine
Learning” and "Automated Data Preprocessing for Machine Learning Models,” contribute
substantially to data-centric engineering, with contributions up to 50%. Overall, the table
demonstrates that improving model accuracy through data-centric engineering methods like data
quality management, augmentation, and governance can lead to significant improvements in ML
performance, emphasizing that data quality, rather than only algorithmic refinement, is central to
achieving better machine learning outcomes.
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Conclusion

In conclusion, this research highlights the critical role of data-centric engineering in improving
machine learning model accuracy, particularly within enterprise data lakes. As demonstrated by
the studies reviewed, high-quality data is fundamental to achieving optimal machine learning
performance. Data-centric practices such as data cleaning, augmentation, bias mitigation, and
provenance tracking have been shown to significantly enhance model accuracy by ensuring that
the data used for training is accurate, consistent, and well-structured. These practices are especially
crucial in complex enterprise environments, where diverse and large datasets can introduce
challenges that affect model reliability. By focusing on improving data rather than continuously
tweaking models, organizations can achieve more efficient and sustainable improvements in their
machine learning systems.

Moreover, the findings emphasize that adopting a data-centric approach can reduce time and
resource consumption in the machine learning lifecycle. The shift from algorithmic optimization
to data quality enhancement not only leads to higher model accuracy but also results in better
model interpretability, fairness, and scalability. As enterprises continue to rely on machine learning
for decision-making, the importance of maintaining high-quality data in systems like data lakes
cannot be overstated. This research offers practical insights for organizations looking to refine
their data management practices and leverage data-centric engineering to build more robust and
trustworthy machine learning models.
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