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ABSTRACT

_ This paper examines the applications of machine learning in optimizing
Bl distributed data systems. Due to the high volume of data and the need for
Accepted: 25 Oct 2025 parallel processing, distributed data systems face complex challenges in
Available Online: 18 Dec 2025 resource allocation, network traffic management, and data processing

optimization. Employing machine learning algorithms in this domain can
significantly improve the performance and efficiency of these systems. This
study conducts a systematic review of published scientific articles to identify
the machine learning algorithms applied to optimize distributed data systems.
Four main areas—resource allocation, network traffic management, system
performance prediction, and data processing optimization—were identified and
analyzed. The findings indicate that algorithms such as Random Forest,
Support Vector Machine, Deep Q-Learning, and K-Means Clustering have
been the most widely used, demonstrating positive effects in reducing response
time, optimizing resource usage, alleviating network load, and enhancing data
processing. Furthermore, the study analyzes the challenges and limitations
associated with these algorithms, including the complexity of machine learning
models and the need for large training datasets. Finally, recommendations are
provided for future research and the development of hybrid models aimed at
further improving the performance of distributed systems.
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Extended Abstract

Introduction

The exponential growth of data in today’s digital world has led to the widespread
adoption of distributed data systems for efficient data management, processing, and
storage. As global data production is predicted to reach over 149 zettabytes by 2024,
the challenges associated with scaling, reliability, and performance in distributed
systems have become more significant. Traditional approaches for handling these
challenges, such as rule-based algorithms and human-designed solutions, have
shown limitations in efficiently managing the volume and complexity of modern
data. Machine learning (ML), with its ability to detect patterns, predict behaviors,
and automate decision-making, has emerged as a promising solution to these
challenges.

Distributed data systems are confronted with complex issues including resource
allocation, task scheduling, memory management, load balancing, and query
optimization. Recent research suggests that ML-based approaches can significantly
enhance the performance and efficiency of these systems. Notably, reinforcement
learning (RL) and deep Q-learning have shown promise in optimizing task
scheduling, while techniques like Random Forest and Support Vector Machines
(SVM) have been applied to resource allocation and network traffic management.
However, despite notable advancements, a comprehensive understanding of the
current state of research, the challenges faced, and future opportunities in this area is
still lacking.

This paper presents a systematic review of the applications of machine learning in
the optimization of distributed data systems. The objectives are to identify the
machine learning algorithms most commonly used in this field, analyze their
effectiveness in improving various aspects of system performance, and explore the
challenges and limitations of these algorithms. Moreover, the study offers
recommendations for future research, including the development of hybrid models
that could further enhance the optimization of distributed systems.

Theoretical Foundations

Distributed data systems are designed to manage, store, and process data across
multiple computational resources that are interconnected through a network.
According to Tanenbaum & Van Steen (2023), a distributed system is a set of
independent computers that appears to its users as a single coherent system.
Lamport (1994) defines distributed systems as those where the failure of a single
computer, even unknown to the user, can disrupt the operation of the system. These
systems aim to enhance reliability, availability, and scalability through parallel
processing.

Distributed data systems, as a subset of distributed systems, focus specifically on
data management, storage, and processing. Rajaraman & Ramamritham (2023)
categorize these systems into three main categories: distributed storage systems
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(e.g., HDFS and Ceph), distributed databases (e.g., Cassandra and MongoDB), and
distributed processing frameworks (e.g., Hadoop and Spark). These systems face
numerous challenges such as concurrency, fault tolerance, error handling, and
network delay, which complicate their optimization (Park & Kim, 2023).

Machine learning, a branch of artificial intelligence, plays a critical role in
optimizing these systems by learning from data and improving performance without
explicit programming. Mitchell (2023) defines machine learning as the study of
algorithms that improve their performance by learning from data. The field has
made significant strides in the past decade, with machine learning techniques now
being applied across diverse industries ranging from healthcare to autonomous
vehicles. According to Zhou et al. (2024), the global market for machine learning
technologies is projected to exceed $160 billion by 2026.

Machine learning algorithms can be classified into supervised learning,
unsupervised learning, and reinforcement learning. Supervised learning uses labeled
data to train models for classification or regression tasks, while unsupervised
learning handles data without labels, focusing on clustering or dimensionality
reduction tasks. Reinforcement learning, which learns through interaction with the
environment and receiving feedback in the form of rewards or penalties, has shown
promising applications in optimizing resource allocation and network traffic in
distributed systems.

Recent advancements in deep learning, particularly with convolutional neural
networks (CNNs) and long short-term memory (LSTM) networks, have also found
applications in distributed systems, especially in tasks involving sequential data and
traffic prediction (Dev et al., 2024). Despite these advances, challenges such as the
need for large training datasets, model interpretability, and computational
complexity remain significant barriers to the widespread adoption of machine
learning in distributed data systems.

Methodology

This study utilizes a systematic review methodology to analyze the current state of
machine learning applications in distributed data systems. A comprehensive search
of academic databases such as IEEE Xplore, ACM Digital Library, Scopus,
SpringerLink, and ScienceDirect was conducted, using a combination of keywords
such as “Machine Learning”, “Distributed Data Systems”, “Optimization”, and
“Resource Allocation”. The review covers publications from 2013 to 2024.

The selection process followed a three-step approach: initial screening based on
titles and abstracts, full-text review, and assessment of article relevance based on
predefined inclusion criteria. The articles selected were categorized based on the
machine learning algorithms used, the optimization areas addressed, and the type of
distributed systems being optimized. A combination of qualitative and quantitative
analysis was applied to identify trends, research gaps, and emerging opportunities in
the field.
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Discussion and Results

The review identified several key areas where machine learning has been applied to
optimize distributed data systems: resource allocation, network traffic management,
system performance prediction, and data processing optimization. The most
commonly used machine learning algorithms include Random Forest, Support
Vector Machines (SVM), Deep Q-Learning, K-Means Clustering, and XGBoost.

For resource allocation, Random Forest and SVM have been widely used to allocate
processing and storage resources efficiently, resulting in significant reductions in
response time and improvements in resource utilization. Deep Q-Learning, a
reinforcement learning technique, has been particularly effective in optimizing task
scheduling and network traffic management, with studies indicating reductions in
execution time and energy consumption by up to 32%.

LSTM networks have proven valuable in predicting system performance, especially
in real-time systems, by modeling sequential data and forecasting workload
fluctuations. For data processing optimization, K-Means Clustering and XGBoost
have been applied to enhance query optimization and cache management,
significantly reducing processing time and improving data retrieval efficiency.
However, challenges such as the need for large training datasets, high computational
costs, and the complexity of implementing deep learning models were identified.
Moreover, while reinforcement learning algorithms showed promising results in
dynamic environments, their long training times and model complexity remain
substantial barriers.

Conclusion

This systematic review highlights the significant potential of machine learning to
enhance the efficiency and performance of distributed data systems. Machine
learning algorithms have shown positive impacts on various aspects of system
optimization, including resource allocation, network traffic management, and data
processing. However, challenges such as computational complexity and data
requirements must be addressed in future research.

The study recommends the development of hybrid machine learning models that
combine the strengths of different algorithms to optimize multiple aspects of
distributed systems simultaneously. Additionally, advancements in reinforcement
learning and deep learning hold great promise for further improving the
performance of distributed data systems in the future.
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