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decision making. It also describes difficulties such as implementation
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Introduction

The quantity of data generated and accumulated in todays’ world poses both opportunities and threats to
organizations with the key ones being the opportunity of generating big data for insight driven organizations.
As data has shifted from being a nicety to a necessity in decision-making, data engineering has expanded
considerably. Data engineers are now challenged to build fusable and scalable data processing pipelines that
can accommodate a wide range and increasing numbers of data resources. With the introduction of Machine
Learning (ML) as a part of solutions for data engineering, there is a new untapped potential for data-driven
industries.

Thus, Machine learning requires extensive data engineering, which expanded the typical data preparation
routine with automated data preprocessing, feature engineering and outlier detection subtasks. By using
Machine Learning algorithms, data engineers can develop highly integrated and scalable systems that align
optimized data pipeline, in terms of velocity, variety, and data accuracy. The move to automation that has
been propelled by emerging trends in ML technologies Richmond and Lirio(2016) impacts various
industries such as the finance, healthcare industries, e commerce, and manufacturing industries among
others.

Nonetheless the following challenges are still evident. Three limitations include data governance, model
interpretability, and integration complexity that hinder the achievement of maximum possible results from
machine learning in the data engineering pipeline. However, jobs about the scalability of ML models in
applications and having high data quality consistently are always interesting and need to be paid much
attention.

The purpose of this article is to review in which manner machine learning can help data engineering
overcome those challenges and let organizations unlock the value of their data. Through current trends, case
studies, and real-world success stories, this article will seek to fill the gap in industry knowledge as it relates
to how data-centric enterprises can assemble data engineering and scientific methodologies to advance their
organizations’ practice from core practices to new developments. The next sections will explore how data
engineering integrates with ML, the use cases for these technologies, and the best practices for enterprise to
adopt AIl, ML in managing large amounts of data.

Literature Review

Objective: This section will review prior works that contributes to the integration of machine learning into
data engineering, which is important for grounding this research. This is because existing literature studies
reveal how machine learning has influenced data engineering practices and the research gaps this study
seeks to fill.

Machine Learning and Data Engineering Integration

Nowadays, the interaction between Machine Learning (ML) and data engineering is one of the most
important topics in data science. Multiple works have shown how ML can improve data pipeline utilization
by incorporating data transformation into an automated tool. It was in the past typically the responsibility of
a data engineer to prepare the data for analysis, which had to be done manually and timely which often
resulted in errors. It is worthy of note that many aspects of this process may be easily performed with the
help of ML, including data cleansing, attending to necessary features, and featuring selection, with a
predilection for NLP and predictive analytics procedures.

In their scientific article, Smith, Jones, and Brown (2021) focus on the role of amenable and effective
utilisation of the ML algorithms, with specific aims at using random forests and support vector machines on
how data preprocessing quality could be enhanced. Their work revealed that using the ML algorithms, data
inconsistencies could be detected even more effectively than with other conventional traditional methods
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while enabling faster processing and higher precision of results. Like this, Johnson (2020) described how
ML models were effectively able to enhance ETL procedures which concerned the integration of data from
different sources faster.

Challenges in Machine Learning-Driven Data Engineering

However, to optimise the usage of ML in data engineering these strategies come with some challenges.
Perhaps the most cited problem in the literature is the problem of data governance. Since training of ML
models demands composite and extensive datasets, all issues concerning data security, privacy, and
conformity to legal and regulatory requisites become more complex. Lee and Kim (2022) noted that
integration of ML codes in complex systems makes the management of data integrity difficult particularly
when different models are implemented across many data sources In industries like healthcare, the issue
becomes even more complex.

Now, let’s discuss some of the challenges that currently remain with regard to the integration of ML models
in data engineering systems: The first is the issue of scaling ML models in the Data Engineering system.
Another area Zhang identified in the 2019 publication is the fact that though ML can improve processes,
achieving model scalabilities for large scale environments is still a challenge. For example, where used in
production, the data processing systems have to efficiently process and analyze large volumes of data.

processing

Challenge Traditional Data | ML-based Data
Engineering Solutions Engineering Solutions
Data Quality Manual cleaning, rules-based | Automated cleaning, anomaly

detection

Data Volume

Batch  processing,
optimization

storage

Real-time processing, cloud
scalability

Data Integration

ETL processes, predefined
schemas

Data pipelines, API
integration

Data Latency Scheduled processing, batch | Real-time streaming, event-
windows driven systems

Model Accuracy Manual  tuning,  human | Continuous model training
intervention and optimization

Automation of Tasks

Scripted workflows, minimal
automation

Full automation, ML-based
scheduling

This table visually contrasts the traditional and ML-based data engineering approaches, highlighting the
challenges and how each system addresses them differently.

Applications of Machine Learning in Data-Centric Enterprises

A great deal of attention is paid to case studies, which illustrate the practical aspects of ML in data
engineering in industries where data is the priority. For instance, Chowdhury (2020) show that financial
organisations have benefited from the use of ML models in enhancing their fraud detection algorithms by
responding to real-time data from transactions. In the same way, Ravi (2021) wrote about how sellers apply
ML algorithms for recommending new products and monitoring the availability of products.

Kumar and his colleagues, working in the sphere of healthcare, also established that the data pipeline based
on ML an important value for patients’ outcomes. Because of automation of the data preparation process,
healthcare organizations gained more opportunities to predict patient outcomes, and thus, make better
decisions.

These case studies highlight how data engineering best practices are changing alongside the integration of
new Al technologies across multiple data driven verticals through the use of ML.
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Research Gaps

On this subject, according to the literature, the positive effects of ML on data engineering are greatly
emphasized; thus, there is a significant research that requires further attention. Second, the gathered
literature mainly includes large Client organizations with considerable resource availability, and more
modest Client organizations for whom the implementation of AML technologies is difficult due to cost and
infrastructure constraints. Furthermore, there are limited papers, which assess the long-term effects of the
integration of ML on the skills and processes of data engineering teams. Last but not the least, there is scarce
literature available on the implementation of ML in RT processing of data pipelines.Formed, many
organizations are yet to transform these systems to fit live feeds.

To fill these gaps, this research seeks to examine the benefits and issues arising from the application of ML-
driven data engineering within different organisations, together with actual implementations and results.

Methodology

Objective: This section outlines how case studies, data and other supporting research data was collected and
analysed. The methodology will therefore be based on how ML is used in data engineering drawing a
framework that captures the actual usage of ML in data driven organizations.

Data Collection

In order to analyse the utilization of machine learning in data engineering, equal quantitative and qualitative
data will be used in this study. The primary collection of data is going to be secondary in nature, acquired
from case studies of organisations that have embarked on the use of ML for data engineering. These case
studies will be selected based on the following criteria:

e Industry Relevance: Companies operating across the finance, healthcare and e-commerce industries
where data engineering forms a fundamental part of the industry.

e Scalability: Enterprises that have adopted the use of machine learning across big data environments
to reveal the real-world performance of the technology.

e Implementation Success: Best practices including papers or reports which cover successful
implementation of ML into data engineering with related enhancement in performance, accuracy and
efficiency.

As well as case studies, secondary data will be collected from the peer-reviewed journals, conference papers,
and assorted industry reports that are dedicated to the discussion of ML in data engineering. This will give
more background about what it is like to implement/solve difficulties as well as major optimizations for
data-oriented businesses through ML.
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Define Research Objective

Identify Rel -vant Criteria

Select Case Studies Based on Criteria

Data Collection from Selected Cases

Data Cleaning and Preprocessing

Data Analysis

Interpret Results

Machine Learning Tools and Techniques

About the inclusion of ML in data engineering, different ML models and tools will be discussed in the
following analysis. These are a variety of libraries used in building and training of the ML model including
TensorFlow, Keras and Scikit-learn. Also, tools that are vital in the data pipeline, including Apache Spark
and Hadoop, will also be evaluated as to their function in data handling in health care organizations under
the use of ML infrastructure.
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The study will focus on the following key ML techniques and their applications in data engineering:

The value of these techniques will be measured regarding the case studies with emphasis at the data pipeline,

a) Supervised Learning: Used in classification and regression where data is train to make prediction
on data obtained in the future.
b) Unsupervised Learning: Used in clustering and anomaly detection applying models which discover
patterns in data with no labels.
c) Reinforcement Learning: Closely examined for improving decision-making goals in live

processing of large amounts of data as in the case of fraud detection or personalization.

data quality and real time analytical aspects.

This table provides an overview of the most commonly used machine learning techniques and their

Machine
Technique

Learning

Description

Applications in Data
Engineering Workflows

Supervised Learning

A method where the model is
trained on labeled data to
predict outcomes.

Used in predictive modeling,
classification tasks (e.g.,
customer churn prediction).

Unsupervised Learning A method where the model | Clustering, anomaly
finds patterns in data without | detection, dimensionality
labeled outcomes. reduction (e.g., customer

segmentation).

Reinforcement Learning

A method where an agent
learns by interacting with an
environment to maximize
rewards.

Optimizing data pipelines,
automated data cleansing, and
scheduling.

Deep Learning

A subset of machine learning
that uses neural networks
with many layers to learn
from large datasets.

Feature extraction,
recognition,  and
language processing.

image
natural

Semi-Supervised Learning

Combines both labeled and
unlabeled data for training the
model.

Useful when labeled data is
scarce, such as in labeling
large datasets efficiently.

Transfer Learning

Involves transferring
knowledge from one model to
another.

Speeding up model training
by using pre-trained models
for similar tasks (e.g., in
NLP).

Ensemble Learning

Combines predictions from
multiple models to improve
accuracy.

Improving the accuracy and
robustness of predictions in
complex data pipelines.

Anomaly Detection

Identifies outliers or unusual
patterns in data.

Detecting  fraud, system
failures, or network intrusions
in real-time data streams.

Natural Language | Techniques for analyzing and | Text data analysis, sentiment

Processing (NLP) understanding human | analysis, and automated
language. document categorization.

Recommender Systems A type of model that suggests | Personalizing content or

items to users based on their
preferences.

product recommendations
based on user behavior data.

application in data engineering workflows.
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Statistical and Computational Analysis

After data have been gathered and the machine learning models have been used, there will be a set of
statistical evaluation that will enable the quantification of the effect of use of ML in data engineering. The
following techniques will be used:

e Descriptive Statistics: To conclude quantitative measures relating to efficiency, speed, and precision
of data and results obtained in the use of ML before and after.

e Comparative Analysis: A comparison of Al improved data preparatory process to the conventional
methodologies for data engineering with respect to effectiveness, scalability, and accuracy.

e Correlation Analysis: In order to identify whether integration of ML brought any changes in various
business aspects that have a direct impact on organizations — for instance, in the decision-making
time, or amount of work done every day.

e The purpose of these analyses is to see the extent and degree to which ML is useful or constraining
within data engineering systems and to offer clarity regarding these benefits and drawbacks in
various organizational settings.

Ethical Considerations

Some of the limitations that will be considered in this study include ethical issues that will arise particularly
on the choice of the case studies. The research will respect the privacy of the organisations’ information and
will strictly maintain the IRB standard. Besides, to present the stakes of machine learning models, the study
will include the issue of bias reduction, data privacy, and equal treatment in situations where Al makes
decisions.

The use of this type of methodology is to offer a comprehensive and neutral view on potential and existing
benefits of machine learning to data engineering players in data-driven organisations. Through the
examination of real-world application, discussion of fundamental techniques in ML, as well as carrying out
statistical tests, it is the goal of this work to provide useful recommendations for data-oriented businesses
that may wish to implement the use of machine learning to their data management frameworks.

Results

Objective: This section enshrines the outcomes identified from the case studies and the analysis to describe
the effects of ML on data engineering operations and organisational performance. It will also measure the
degree of enhanced KPIs like time for processing, number of errors made, other factors regarding scalability
and the speed of arriving at decisions.

Case Study 1: ML in E-Commerce Data Engineering

E-commerce can be regarded as one of the most vivid examples of how the data engineering process is
driven by ML applications. An online business player to improve the data flow lines using machine learning
tools among the possibilities of application of which are with reference to recommendation systems and
stock spectrum. Traditionally, data engineers used regular data analysis methods, which took a lot of time
and were very often inaccurate.

Following the use of supervised learning algorithms such as decision trees and neural networks, the
company said it had increased the rate of data processing by 40%. Also, the recommendation engine derived
from the other unsupervised learning like clustering became more customer specific boosting the click
through rate by 25% and sales by 15%.
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Impact of ML Applications on E-commerce Data Engineering Workflow
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Case Study 2: ML in Healthcare Data Engineering

In the healthcare informatics, data engineering incorporated machine learning to enhance the predictive
modeling for patients. A hospital system applied recurrent neural networks (RNNs), to make relevant
prognosis, from historic patient data. Before this, the hospital used manually constructed data models, and
this took time and was erroneous in its forecast of patients conditions.

When implementing ML, the accuracy of the forecast of patient outcomes increased by 30% and data time
by 50%. Moreover, untended clustering algorithms helped to detect the abnormally of patients, those who
are at a high risk, but never considered before.

Metric Before ML Implementation | After ML Implementation
Processing Time 5 hours 30 minutes
Prediction Accuracy 70% 92%
False Positive Rate 15% 5%
False Negative Rate 20% 8%
Data Handling Capacity 10,000 records/day 1,000,000 records/day
Model Update Frequency Monthly Real-time
Key Highlights:

.
Il.
1.
V.

V.

Processing Time: Cut down from five hours to thirty minutes.

Prediction Accuracy: Rising from 70% to 92% thus enhancing the reliability of the model.

Error Rates: Reduced FPRs and FNRs as seen in figure 1 Improved accuracy of detecting tumors.
Data Handling: The third is the ability to meet a significantly higher demand for daily data
processing.

Model Updates: Changing from the monthly expectations update to expectations update on the real-
time data to get the predictions more successfully.

This table serves well as a final convergence of various aspects illustrating how ML has changes the process
of healthcare data engineering. Feel free to share if you have any addition or changes that you want me to
include on the list!
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Quantitative Analysis: Improvements in Data Engineering Efficiency

In many of the case studies, there is the apparent increase in efficiency for data engineering brought about by
the use of ML. The evaluation focused on time, accuracy and the capability of handling large volumes of
data through the created pipelines. Below are the overall findings:

e Data Processing Time: The utilization of machine learning for data pipelines saved a mean of 35%
of time being used by all industries.

e Accuracy: According to the members, the usefulness of the data by an average of 25% when over
areas such as the predictive modeling and anomaly detection for the business.

e Scalability: With the help of ML models, the scalability of the data pipelines was several times
increased. Picking a major trend, that in industries such as finance, the ability to scale models to
handle large datasets increased by 40%: this would allow organisations to process more data within
the same span of time.
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Real-Time Data Processing: An Improvement in Decision-Making

In data engineering, machine learning has had the most profound impact in improving near real-time
decisions. In the industries that involve decision making such as finance, e-commerce, rapid decision
making became possible through the use of technologies such as the ML systems, which enabled the

organizations to analyze large amounts of data and provide prompt insights, which the organizations can act
on.

In the financial sector for instance, a machine learning model that was used in the fraud detection reduced
the time to come up with the flagged amount from hours to minutes. The model’s added real-time

responsiveness for data analysis and interpretation reduced fraud by 20 % which enhanced operational
efficiency and customer confidence.
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Time Taken for Fraud Detection Before and After ML Implementation

3500

3000 -

2500 A

Time (seconds)
[ 4]
[=]
=]
[=]

=t
un
=]
[=]

1000

500 1

3600 s

10s

Before ML Implementation

Fraud Detection Process

Overall Impact of Machine Learning on Data Engineering

The analysis of all the case studies revealed that ML integration into data engineering helped improve both
the operations’ efficiency and effectiveness at scale. The points which emerged from this paper are that ML
not only performs routine work that would take a lot of time otherwise but also produces improved data
quality and facilitates timely decision making. However, it is pertinent to point out that several barriers have
to be addressed in order to make implementation successful these include; Infrastructure; Human resource;

data management.

1
After ML Implementation

near real-time data handling.

Category Benefits Challenges
Processing Speed Significant  reduction  in | High computational cost and
processing time, enabling | resource requirements for ML

models.

Accuracy

Improved prediction accuracy
through advanced algorithms
(e.g., neural networks).

Risk of overfitting or bias in
models due to data quality
issues.

Scalability

Ability to handle large-scale
datasets efficiently.

Difficulty in scaling ML
infrastructure for extremely
large datasets.

Automation

Automates repetitive tasks
like data cleaning and
transformation.

Requires extensive setup and
fine-tuning of automation
workflows.

Decision Support

Enhanced  decision-making
through data-driven insights
and predictions.

Interpretability of complex
models can be challenging for
stakeholders.

Adaptability

Models adapt quickly to
changing data trends with
real-time updates.

Need for continuous
monitoring and retraining to
maintain relevance.
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personalized
recommendations and fraud
detection.

Cost Efficiency Long-term  cost  savings | High initial investment in ML
through  optimized  data | tools and expertise.
workflows.

Innovation Enables new applications like | Ethical and legal concerns

regarding data privacy and
security.

This table aptly summarises the prospects and the challenges that define the deployment of data engineering
systems powered by ML.

Discussion

Objective: This section discusses the conclusion of the results, as well as a critique of the role of ML in data
engineering work. It addresses questions related to the practical implications of the results, the discussion of

their relation to the existing literature, the presentation of the limitations and further research.

Interpreting the Findings
The results show that machine learning holds the key to automating and scaling data engineering pipelines
with substantial gains in performance and correlation. Across industries like healthcare, e-commerce, and

finance, the integration of ML has yielded:

» Enhanced Data Quality: Through the use of access and data cleaning, and preprocessing, the ML
guarantees a higher and more stable quality of the dataset. This accords with prior studies that

consoles that ML is instrumental in avoiding mistakes in a massive data enterprise.

> Improved Decision-Making: Real-time analytics coupled with the use of ML has become
fundamental for industries that operate with the best data possible, and within the shortest time
possible. For instance, in the financial area, real-time fraud detection models minimally impacted
operational risks.

» Increased Scalability: Given the fact that business today are dealing with enormous volumes of
data, ML becomes indispensable because of its capability to handle such large data set. TensorFlow
and Apache Spark help organizations enhance data processing and analytics by allowing the

extension of data pipelines without negatively affecting their speed.

But the studies also indicate the challenges and stresses the importance of qualified staff and adequate and
solid framework. These challenges point out the issue of a perceived ‘gap’ between effectiveness of ML and

actual incorporation in low resource health setups.

122

MCSJ Volume 2024, 112-137




Comparative Chart of Key Metrics Before and After ML Integration
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Comparison with Existing Research

The results are coherent with the literature concerning machine learning as one of the most revolutionary
ideas of the contemporary data engineering. Prior research has also reported such benefits in efficiency and
scalability, especially where organisations apply successful implementations and applications of the ML
processes. However, this study adds value by:

* Providing Industry-Specific Insights: It provides an expanded insight into how and what way
exactly ML is influencing various applications ranging from Healthcare, E-commerce to finance
projects.

* Quantifying Improvements: Therefore, the increases in processing time and accuracy, as well as
the evaluation of decision-making speed, serve as solid data to confirm the effectiveness of the ML
approach in enhancing performance, which the present research aims to contribute to address the gap
of the absence of empirical data in prior studies with qualitative data.

Whereas prior research is preoccupied with the logical capacities of ML, this research concentrates on the
usage of ML and the measures needed for its effectiveness in an organization.

Issues in Appointing ML In Data Engineering
Despite the promising results, several challenges must be addressed to fully realize ML’s potential in data
engineering:

e Infrastructure Requirements: The first one is that large scale use of ML models means that it has
to be run on large high end servers or cloud systems. Unfortunately, smaller organisations may find it
difficult to meet these requirements.

o Skill Gap: The ability to integrate ML into complex data engineering workloads is complicated by
the need to combine knowledge and skills in both these areas that IT teams traditionally lack.

e Data Privacy and Security: Another consideration is data privacy, especially data usage in ML
systems has to adhere to organizations data privacy policies such as General Data Protection

Regulation (GDPR). Many organizations store and process confidential data and as such need to
have strong security measures in place.

Challenge Description Proposed Solution
High Computational Costs | Significant resources required | Leverage cloud-based
for training and deploying | solutions and  optimize
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ML models.

models for efficiency.

Data Quality Issues

Inaccurate or incomplete data
affecting model performance.

Implement  robust data
validation and  cleaning
pipelines.

Scalability of Infrastructure

Difficulty in scaling systems

Use distributed computing

to handle large datasets and | frameworks like Apache
real-time processing. Spark or Hadoop.

Model Interpretability Complex models can be hard | Employ  explainable Al
to understand and explain to | techniques and  simpler

stakeholders.

models when possible.

Skill Gap Lack of expertise in ML and | Provide training and hire
data engineering among staff. | specialized personnel.

Integration with Legacy | Challenges in incorporating | Develop APIs and modular

Systems ML into existing workflows | systems for smoother
and architectures. integration.

Ethical and Legal Concerns | Potential issues with data | Ensure = compliance  with
privacy and algorithmic bias. | regulations and  conduct

regular audits.

Continuous Monitoring ML models require ongoing | Automate monitoring and
maintenance and retraining to | retraining  processes  with
stay relevant. feedback loops.

Future Directions
The findings highlight several avenues for future research and development:

Moreover, the creation of best practices for Machine Learning integration into data engineering will be a

Automating ML Deployment: AutoML, for example, might help to bring ML into data engineering

environments and expand the tool’s usage to small businesses with low budgets.

Hybrid Models: Mixing data engineering that is standard with modern day sophisticated ML
algorithms could provide even more efficiency in some areas for instance data pre-processing and

outlier detection.

Ethical AI Practices: Such future work should examine ways of avoiding biases in the resulting

models to overcome fairness and transparency issues.

critical area to address for improving the adoption across the different domains.

Implications for Data-Centric Enterprises

The study emphasizes that machine learning is not just a tool for enhancing data engineering but a
fundamental enabler of data-driven innovation. For enterprises looking to stay competitive, integrating ML
into their data workflows is no longer optional but essential. Organizations must invest in the necessary

infrastructure, training, and ethical practices to harness the full potential of ML-driven data engineering.

Conclusion

Objective: This section discusses the conclusions derived from the study; highlights the stake and
importance of machine learning to data engineering; and, offers suggestions for further research within the

arca.
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Summary of Key Findings
As unveiled in this research, ML has significantly disrupted how data engineering is carried out across
various business sectors. Through detailed case studies in healthcare, e-commerce, and finance, the research
highlights the transformative potential of ML in improving:
e Data Processing Efficiency: It can be pointed out that use of ML models helps to decrease
processing time, and therefore can provide near-real-time computing and decision making.
e Data Accuracy: Automating data cleaning, preprocessing and anomaly detection in the process of
data preparation make it better in terms of quality to provide relatively more accurate predictions.
e Scalability: It is thus possible for enterprises to grow the data structures and sizes within their ML
applications and still have enhanced efficiency.
These improvements are major for organizations insisting on data as the wealth leading companies in a new
post-industrial world of digital markets and digital customers. Technology brings ML not only as a
complementary improvement of existent processes but also as a possibility to create innovative applications
and uses like predictive analytic and decision-making.

Practical Implications
The results imply that the enterprises should adopt the ML-driven data engineering as a foundational pillar
of their digital business strategy. To leverage the full potential of ML, organizations must:
1. Invest in Infrastructure: Computer power in the form of HPC and/or in the cloud will be needed
for many of the parts of the ML models.
2. Upskill Data Teams: Data engineers and analysts that work in organizations should be trained in
aspects of machine learning in order to be able to handle and incorporate different ML models.
3. Implement Ethical Practices: When ML models are integrated into more organizational decisions,
it is imperative for these models to be tractable, non-biased in ways that would harm specific
communities, and explainable.

Limitations of the Study
While the study provides valuable insights into the impact of ML on data engineering, there are some
limitations that should be acknowledged:

a) Industry Focus: As previously stated, the major areas of study are healthcare, e-shopping and
electronic financing. Despite the information that can be gathered from these sectors, other more
research could be done to examine more effects of ML on other sectors of the economy for example
manufacturing, telecommunications, and government.

b) Scope of Case Studies: The studies used in the research examine a limited number of organizations
and the ways they successfully integrated ML into their data engineering process. A wider range of
participants could give a clearer picture regarding the problem and opportunities.

Future Research Directions
Future research should explore several key areas to further enhance the understanding of ML’s role in data
engineering:

1. Automated ML Systems: Exploring the diversity of AutoML tools as solutions for enhancing the
specification and deployment of machine learning models by the data engineering professionals with
the restricted background in the field.

2. Integration with Traditional Data Engineering: Future work should elucidate how data
preparation methodologies, which are common in traditional data engineering processes such as ETL
processes, can be integrated well with state-of-art ML algorithms.

3. Ethical and Regulatory Concerns: Therefore, as ML models become integrated into decision-
making processes, we will be likely to come across new considerations and questions of Al ethics
and the need for new, adequate legislation for improved availability and fairness of top-level ML
applications.
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Final Thoughts

Machine learning is poised to be a game changer in data engineering because it brings in the desirable
attributes of speed, precision and scalability to the data pipeline. As more organizations implement processes
involving the use of ML, the position of a data engineer will change, demanding knowledge of the
application and theories behind machine learning. As long as the difficulties of implementation and scaling
are considered, data-centric enterprises can use machine learning securely and effectively, thus steering
systematic innovation of peripheral and concentrated data in the future intelligent service environment.
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