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Efficient resource allocation is a critical component of Enterprise Resource Planning
(ERP) systems. Existing approaches often rely on static allocation methods that fail to
adapt to dynamic business environments, leading to inefficiencies. This paper proposes an
intelligent, Machine Learning (ML)-based solution leveraging reinforcement learning to
dynamically optimize resource allocation in ERP systems. We review resource allocation
challenges, present our dynamic ML-based framework, and validate its effectiveness
through simulated scenarios. Results demonstrate significant improvements in resource
utilization, adaptability, and overall system performance. This study evaluates eight ML-
based resource allocation methods for ERP systems across six metrics: efficiency, cost
reduction, scalability, implementation time, integration complexity, and energy
consumption. Using normalized data and weighted analysis, the research identifies
Automated Resource Allocation System as the optimal solution, with Machine Learning-

based Scheduling as a strong alternative.
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Introduction

Enterprise Resource Planning (ERP) systems are integral to
modern organizations, streamlining operations across various
departments. Resource allocation within these systems panning
human resources, materials, and equipment is a pivotal process
that impacts operational efficiency. Traditional resource
allocation models, however, are often rigid and struggle to adapt
to fluctuating demands and priorities. The advent of Machine
Learning (ML) has paved the way for more adaptive and
intelligent systems. Reinforcement learning (RL), a subset of
ML, offers the potential to dynamically allocate resources based
on real-time data and evolving business needs. This paper
explores the application of RL in addressing resource allocation
challenges within ERP systems, presenting a novel framework
and evaluating its performance. Systems for enterprise resource
planning, or ERP, are crucial tools for businesses to control and
optimize a variety of corporate operations.

Organizations can attain operational efficiency, improve
decision-making, and sustain efficient resource management by
integrating operations like finance, human resources, supply
chain management, and production into a single platform.
Resource allocation, which includes allocating resources
(people, materials, equipment, and money) to tasks, projects, and
departments as efficiently as possible, is one of the most

important activities in ERP systems. In ERP systems, resource
allocation has historically mostly depended on human judgment,
historical data, and predetermined criteria. However,
conventional approaches frequently fail as organizations get
more intricate and their activities more dynamic. This is the
point at which incorporating machine learning (ML) into ERP
systems changes everything. By optimizing resource utilization,
improving decision-making, and increasing overall operational
efficiency, machine learning (ML) has the ability to change
resource allocation into a dynamic, data-driven, and adaptable
process. [1] A subset of artificial intelligence (AI), machine
learning refers to methods that let systems learn from data, spot
trends, and make judgments or predictions without the need for
explicit programming.

ML algorithms can evaluate real-time and historical data
from many sources in the context of ERP, enabling more precise
and effective resource allocation decisions than conventional
techniques. In order to extract insights that are not immediately
visible to human decision-makers, machine learning models can
process enormous amounts of complicated data, such as project
schedules, resource performance statistics, market trends, client
demands, and supply chain interruptions. This makes it possible
for ERP systems to make wise choices, lower human error, and
enhance resource distribution throughout the company. [2] The
ability to handle and evaluate vast amounts of historical and
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current data in order to make well-informed decisions is what
ML integration with ERP systems for resource allocation is all
about. Conventional ERP systems sometimes depend on
presumptions and rigid rules on resource requirements and
availability, which could not accurately represent current
business circumstances.

However, by continuously learning from fresh data and
modifying its predictions accordingly, machine learning (ML)
can account for the dynamic nature of resource allocation. An
ML model, for instance, can forecast future resource needs for a
project of a similar nature by evaluating historical project
performance and accounting for variables like project scope, job
completion timeframes, and resource usage rates. Organizations
can proactively distribute resources before any shortages or
surpluses arise because to this predictive skill. By identifying
patterns in data that human decision-makers might miss,
machine learning (ML) not only facilitates predictive analytics
but also optimizes resource allocation. For example, machine
learning (ML) can spot patterns in resource performance and
utilization that can help decide the best methods to allocate
resources and provide more precise projections.

In order to guarantee that the appropriate resources are
allocated to the appropriate tasks, machine learning (ML) can
suggest particular people for particular jobs or projects by
examining variables such as team dynamics, employee skill sets,
and past work performance. By preventing bottlenecks and
reducing waste, this data-driven strategy guarantees that
resources are used effectively. [3] The flexibility to adjust to
changes in real time is one of the biggest advantages of
incorporating ML into ERP systems. In order to modify resource
allocation in response to unforeseen circumstances like supply
chain interruptions, market swings, or staff availability,
traditional ERP systems frequently call for manual intervention.
This manual adjustment procedure takes a lot of time, is prone to
mistakes, and frequently uses resources less effectively than is
ideal.

An ERP system with machine learning (ML) capabilities, on
the other hand, can continuously monitor and analyze incoming
data in real time, allowing it to dynamically adapt resource
allocation and react swiftly to changes. To minimize disruptions
to the overall workflow, the ERP system can, for example,
reallocate available resources to other tasks or projects that are
unaffected by a supplier's unplanned shipment delay. Workforce
management is another area where real-time adaption is
applicable. To guarantee that resources are allocated as
efficiently as possible, machine learning algorithms, for
instance, can dynamically modify task assignments based on
employee performance, availability, and workload. The system
can transfer responsibilities to other team members who possess
the necessary abilities and are available if an employee is
overworked. This lowers the possibility of staff burnout and
guarantees that resources are being used effectively throughout

the company. [4] Allocating financial resources is yet another
crucial area in which ML can have a big influence on ERP
systems. ML models are able to forecast future financial needs
for various departments, initiatives, or services by analyzing past
spending data. An ML-enabled ERP system can suggest more
efficient methods to distribute cash by spotting spending
patterns. This helps to ensure that important initiatives get
enough funding while avoiding overpaying in less important
areas. Additionally, ML can identify irregularities in expenditure
trends, including unforeseen cost overruns or inefficient resource
usage, and notify decision-makers of possible concerns before
they become serious financial difficulties.[5] Customizing
resource assignments, especially in relation to human capital, is
another way that machine learning improves resource allocation.

Tasks are usually assigned by traditional ERP systems
according to a limited set of parameters, like workload and
availability. To make more individualized and efficient resource
allocation decisions, machine learning (ML) can consider a more
complex collection of characteristics, such as an employee's skill
set, prior performance, preferences, and even team dynamics.
For instance, machine learning algorithms can match workers
with jobs that play to their strengths by examining their past
performance on related tasks and projects. Additionally, ML can
take into account employee preferences, such as the jobs that
they excel at or the kind of work that most interests them, which
can enhance job happiness and productivity in general.
Additionally, by using team performance data, machine learning
(ML) can assist ERP systems in allocating resources to establish
more balanced and effective teams, improving cooperation and
project success.[6] Although there are many potential
advantages to incorporating machine learning into ERP systems
for resource allocation, there are drawbacks as well.

One of the main challenges is the quality of the data. To
provide precise predictions, machine learning algorithms mostly
depend on high-quality, clear, and complete data. The system's
recommendations for resource distribution may not be as
accurate if the data it receives is inaccurate, out-of-date, or
incomplete. Effective ML-powered resource allocation requires
that organizations maintain consistent, well-structured, and
current data. The intricacy of integrating machine learning into
current ERP systems is another difficulty. Legacy ERP systems,
which may not be compatible with contemporary ML
technologies, are still used by many firms. Incorporating
machine learning into these systems frequently necessitates
major adjustments to the underlying infrastructure in addition to
expenditures for staff adaption, software development, and
training. Additionally, companies need to make sure that their
employees are properly taught to use the new system and
understand its recommendations.[7] the application of predictive
analytics based on machine learning to budgeting and financial
planning in Enterprise Resource Planning (ERP) systems.
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With financial data, including invoices and other relevant
information, serving as the foundation for these budgets, it
highlights the significance of financial budgets in managing
accounts and organizational operations. The study emphasizes
how artificial intelligence (Al) is revolutionizing traditional ERP
systems by enhancing accessibility, usability, and efficiency. In
particular, it analyzes the predictive analytic performance of the
PSO-SVM technique utilizing evaluation metrics like Mean
Absolute Error (MAE), Mean Relative Error (MRE), and Root
Mean Square Error (RMSE) in comparison to other approaches
like BP and GA-SVM. PSO-SVM performs better in terms of
accuracy, prediction stability, and time complexity. This strategy
could revolutionize financial planning and budgeting within ERP
systems by assisting companies in allocating resources as
efficiently as possible, maximizing benefits, and managing their
limited resources.[8] techniques for allocating resources based
on Al that increase efficiency and elasticity in response to
changing service demands.

It emphasizes how crucial automatic resource modifications
are, especially for systems with stringent latency requirements,
like Enterprise Resource Planning (ERP) systems, especially
during periods of high traffic. The study highlights the
difficulties in figuring out the ideal scaling point, which is
essential for preserving Quality of Service (QoS) and reducing
power usage. The authors suggest an Al-driven system that uses
a Hybrid Recurrent Neural Network (RNN) and a Long Short-
Term Memory (LSTM) model to anticipate load requests in
order to address these problems. By reducing over provisioning,

this approach seeks to cut energy usage and infrastructural costs.
While precisely predicting the processing load across dispersed
servers, the deep learning model is made to anticipate the
resources needed for better service response times and to satisfy
client demands. The results demonstrate that the RNN+LSTM
model performs better than conventional deep learning
techniques in terms of prediction accuracy and resource
management efficiency when proactive provisioning decisions
are made based on expected demand. In conclusion, the study
provides a sound method for dynamic resource allocation in
situations with high demand.[9] Following a branching
processing approach, the system emphasizes the importance of
examining both authenticated and unauthenticated data sources
in order to find event vectors drawn from a variety of scenarios.

Comparing the current event vector with previously mined
event vectors using machine learning techniques is a key
component of the methodology. Predicting future nodes
associated with the present event vector is the goal of this
comparison. The study also highlights the need of using past
resource allocations associated with the event vectors that were
mined to direct resource allocation for the present event vector
over time. In addition to increasing the effectiveness of resource
distribution, this approach optimizes resource management
across a range of applications by using historical data to guide
future choices. Using machine learning is a step toward creating
resource allocation strategies that are more intelligent and
flexible.[10]
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FIGURE 1.Intelligent Resource Allocation in machine learning

The increasing need for smart devices highlights how
crucial cloud computing, fog computing, and the Internet of
Things (IoT) are to solving associated problems. It provides a
comprehensive analysis of the body of research on the
application of deep learning (DL) and machine learning (ML) to
resource allocation optimization. The study divides machine
learning methods into two main groups: evolutionary
computation and multi-layer perceptrons. It also looks at how
resource allocation techniques might be enhanced by fusing
deep learning with reinforcement learning (RL). Additionally,
the study identifies unexplored areas and offers possible
avenues for further investigation. In light of the growing
computational demands, it emphasizes the need for creative Al-
driven resource allocation strategies to improve corporate
profitability and efficiency.[11] A major gap in the current
project automation tools—which usually concentrate on creating
project schedules and estimates but frequently ignore the
evaluation of resource competency and experience—is filled by
the Machine Learning-Based Project Resource Allocation
Fitment Analysis System (ML-PRAFS).

This system uses a machine learning model based on game
theory concepts to suggest a modern method for resource fitting
prediction. The model analyzes datasets using Support Vector
Machine (SVM) classifiers and achieves a remarkable accuracy
level of almost 97%. This high accuracy shows how well the
model predicts, based on prior performance and competences,
whether resources are appropriate for a given assignment. The
study also shows promise for future developments, indicating
that the creation of auto-fitment scoring systems may result in
less human intervention and more sustainable resource
allocation solutions. All things considered, ML-PRAFS is a
major advancement in project management since it makes it
easier to distribute resources wisely and effectively, which
improves project results.[12] solutions for enterprise resource
planning (ERP), with an emphasis on financial ERP systems.

It criticizes conventional ERP systems that rely on
relational databases and produce insights slowly. In order to
evaluate past, present, and future data and facilitate better
decision-making, the study highlights the necessity of advanced
analytics. Organizations can improve accuracy, efficiency, and
cost-effectiveness by incorporating machine learning. The
function of ERP in Human Capital Management (HCM), where
controlling employee performance is essential, is also covered in
the article. It emphasizes how crucial it is to assign jobs to the
appropriate individuals, offer training, and assess performance
in order to retain talent. A prototype that applies machine
learning algorithms to Oracle EBS data to enhance employee
assessments is put forth after traditional wage predicting
techniques based on static reports are criticized.

With 90% accuracy on a balanced dataset, the Random
Forest method is found to be quite effective, demonstrating how

machine learning may greatly improve ERP systems.[13] the
distribution of resources within business processes to attain the
best results, with a focus on how optimizing resource use can
increase an organization's competitiveness, productivity, and
profitability. Prescriptive Processing Monitoring (PrPM), which
makes recommendations for specific circumstances to get the
best results, including cutting completion or cycle durations, is
highlighted as a significant development in data-driven
optimization. PrPM's emphasis on maximizing individual
situations without taking into consideration the wider impact of
decisions on other cases, however, is a significant disadvantage.
Data-driven business process optimization (BPO), on the other
hand, seeks to enhance process performance as a whole, not just
certain parts of it. In order to demonstrate how PrPM can lead to
inefficient resource allocation, the introduction gives an
example of a business process with two activities and resources.
The study lays the groundwork for a discussion of learning-
based resource allocation techniques that overcome these
constraints by simultaneously optimizing resource allocation
across several situations.[14] As the computational needs of
AI/ML workloads increase, dynamic resource allocation is
becoming increasingly important for these applications in edge
computing environments. By leveraging resources close to data
sources, edge computing offers a way to effectively handle the
challenges of handling massive data processing.

Allocating resources is made more difficult by the changing
nature of edge environments. In addition to outlining these
difficulties, the paper presents a novel framework that combines
several resource allocation techniques designed for AI/ML
applications. By taking into consideration variables including
workload characteristics, resource availability, and latency
limits, this system optimizes resource distribution. The authors
conducted comprehensive experiments and simulations to assess
the efficacy of the framework, demonstrating that it significantly
boosts performance for AI/ML workloads in edge computing
environments, lowers latency, and increases resource
consumption. The study offers methods for resource allocation
optimization in complicated environments, contributing
significant insights to the fields of edge computing and AI/ML
[15] Optimizing the use of resources increases an organization's
competitiveness, profitability, and production.

Prescriptive Processing Monitoring (PrPM), which focuses
on offering recommendations for specific circumstances to get
the best results, including lowering completion or cycle times, is
cited in the study as a major achievement in data-driven
optimization. PrPM's emphasis on optimizing individual cases at
the expense of the wider effects of decisions on other cases,
however, is a major drawback. Data-driven business process
optimization (BPO), on the other hand, seeks to improve process
performance as a whole, not simply specific instances. An
example of a business process with two activities and resources
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is used in the introduction to show how PrPM may result in
wasteful resource allocation. the platform for talking about
learning-based approaches to resource allocation that take into
account the overall performance of the process, addressing the
shortcomings of current methods, and putting forward solutions
that optimize resource allocation across several scenarios at
once. Edge computing has emerged as a promising solution for
addressing the computational demands of AI/ML applications
by utilizing resources closer to data sources. However, the
dynamic and diverse nature of edge environments presents
significant challenges in effective resource distribution. To
tackle these challenges, this study introduces an innovative
architecture that combines dynamic resource allocation
strategies with the specific needs of AI/ML applications. The
proposed system incorporates various optimization techniques
aimed at efficiently distributing resources, considering factors
such as workload characteristics, latency requirements, and
resource availability. We demonstrate how this approach
enhances overall performance, reduces latency, and optimizes
resource utilization for AI/ML workloads in edge computing
environments. [16]

RELATED WORK

Since successful resource allocation has a direct impact on
an organization's operational performance and effectiveness, it
has been a major research topic in Enterprise Resource Planning
(ERP) systems for many years. Historically, the majority of
research in this field has been on heuristic and rule-based
methods, which, although straightforward, have drawbacks in
dynamic settings. For instance, static allocation models use
preset criteria to allocate resources to tasks according to
predetermined timetables or historical data. Despite being
simple to use and computationally effective, these models are
not very flexible when it comes to changing circumstances like
shifting demand, resource availability, and unanticipated
interruptions. This lack of adaptability frequently leads to
inefficiencies, less-than-ideal use of resources, and higher
operating expenses. Conversely, heuristic approaches seek to
increase flexibility by permitting adaptive resource allocation;
nevertheless, they still depend on manually established
processes and necessitate a high degree of human involvement.

These approaches frequently rely on trial-and-error, and
although they can occasionally yield satisfactory results, they
may still fall short in capturing the intricacy of real-world
situations involving the distribution of resources across many
departments, geographical regions, and time periods.
Furthermore, these approaches could overlook resource
interdependencies, resulting in less-than-optimal allocation
choices.The capacity of optimization-based techniques, such
linear programming (LP), to manage intricate allocation
problems with several constraints and goals has led to their rise
in popularity. LP models aim to satisfy a set of constraints (such

as resource capacity and demand needs) while maximizing or
minimizing a specified objective function (such as minimizing
costs or maximizing throughput).

These approaches have their limitations, even if they have
worked well in some situations. Their need on considerable
human adjustments to adapt for new constraints or changes in
the operational environment is one of their main limitations. For
instance, linear programming models may need significant
recalculations to adapt to new circumstances in a supply chain
context, such as unforeseen delays or the receipt of new
customer orders. In dynamic, real-world contexts, it is rarely
the case that all data inputs are known with confidence, as LP
approaches sometimes assume. Effective application of these
models in ERP systems, which inherently involve uncertainty
and variable, is hampered by this assumption. Recent research
has investigated the potential of machine learning (ML)
techniques to enhance resource optimization as the
shortcomings of conventional resource allocation methods have
become evident. ML algorithms have demonstrated significant
promise in automating and improving resource allocation in
ERP systems since they learn from data and change over time.
Neural networks and decision trees are two machine learning
algorithms that have been investigated for forecasting resource
needs based on past data, including supply chain variables,
production rates, and demand trends. Predicting resource
requirements in ERP systems is a good fit for neural networks,
especially deep learning models, which can capture intricate,
non-linear correlations in big datasets.

Neural networks have shown promise, but their flexibility is
still constrained in the face of abrupt environmental changes,
including unexpected changes in consumer behavior or supply
chain interruptions. Another popular machine learning
technique, decision trees, offer unambiguous decision rules
based on input data, making them a more interpretable model
for resource allocation decisions. Although these trees can be
trained to forecast the best ways to allocate resources, they
struggle to handle environments that are extremely complex or
dynamic. Although these approaches are better than
conventional ones, they are still unable to provide the flexibility
and real-time optimization required by ERP systems.
Reinforcement learning (RL) is a possible substitute in this
regard. In reinforcement learning (RL), an agent gains decision-
making skills by interacting with its surroundings and getting
feedback in the form of incentives or penalties. When it comes
to resource allocation, RL can be applied to continually
optimize resource allocation in response to shifting
circumstances.

Because reinforcement learning is feedback-driven, the
model is extremely flexible and can adapt to changing settings
in real time. By learning from past events and continuously
refining its decisions, RL can be utilized in ERP systems to
optimize not only resource allocation but also scheduling,
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procurement, and production planning. RL offers useful insights
for resource allocation in ERP systems in related fields like
supply chain optimization and production scheduling. For
instance, by comprehending how various elements—Iike
machine availability, worker skill levels, and material
shortages—interact to affect the manufacturing process, RL can
learn to allocate resources more effectively in production
scheduling. Similar to this, RL can be applied to supply chain
optimization to dynamically distribute resources (such
transportation and inventory) to satisfy changing demand while
lowering expenses.

These uses have shown how useful RL is in practical
situations, underscoring its potential to completely transform
ERP systems' resource allocation. The dynamic nature of
contemporary enterprises necessitates more intelligent and
adaptable solutions, even while conventional rule-based,
heuristic, and optimization-based approaches have offered
helpful insights into resource allocation. By learning from data
and adapting to changing circumstances, machine learning and
reinforcement learning in particular offers a promising path for
enhancing resource optimization in ERP systems. In the future,
it's probable that ML approaches will be used more widely to
improve the efficacy and efficiency of ERP systems as they
continue to develop.

METHODOLOGY
Framework Overview

The proposed framework integrates RL into ERP systems
for dynamic resource allocation. The system comprises three
main components:

1. Environment: The ERP system, including its resources,
processes, and constraints.

2. Agent: The RL algorithm that interacts with the
environment to learn optimal allocation strategies.

3.  Reward Function: A mechanism to evaluate the agent's
actions based on resource utilization, cost efficiency, and
task completion rates.

Reinforcement Learning Model

The RL model employs a Markov Decision Process (MDP)
defined as follows:

State Space: Represents the current status of resources and
tasks in the ERP system.

Action Space: Consists of possible allocation decisions, such as
assigning personnel to tasks or scheduling equipment.

Reward Function: Encourages actions that maximize resource
utilization and minimize delays or costs.

We use the Deep Q-Network (DQN) algorithm for training,
which combines Q-learning with deep neural networks to handle
large state and action spaces. The training process involves:

1. Initializing the agent with random actions.

2. Collecting feedback from the environment to update the Q-
value estimates.

3. Iteratively refining the policy to improve allocation
decisions.

Implementation

The framework was implemented using Python and
TensorFlow. A simulated ERP environment was developed to
test various allocation scenarios, including fluctuating demand,
resource unavailability, and priority shifts.
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1. Machine Learning-based Scheduling: In resource
management, scheduling is a crucial responsibility, particularly
in enterprise systems, cloud computing, and manufacturing.
Conventional scheduling methods depend on human judgment
or predetermined criteria, but they frequently can't adjust to
sudden interruptions or dynamic changes. Adaptive algorithms
that can learn from past data, system performance, and real-time
inputs are introduced via machine learning-based scheduling.
These algorithms have the ability to automatically optimize
resource allocation and forecast demand patterns, modifying
plans according to variables such as resource availability,
urgency, or priority.In cloud computing, for instance, machine
learning (ML) may evaluate workload trends and plan server
operations according to resource demand forecasts, reducing
energy consumption while preserving service levels.

2. Al-Driven Resource Forecasting: In order to guarantee that
the appropriate resources are accessible when needed, resource
forecasting is essential. The complexity and unpredictability of
dynamic systems may not be taken into consideration by
traditional forecasting techniques, which could result in either
an over provisioning or an under provisioning of resources.
Using historical data and real-time inputs, Al-driven resource
forecasting makes predictions about future resource demand by

utilizing machine learning models, including time-series
analysis and regression approaches.For example, by examining
historical usage trends and outside variables (such as market
circumstances and seasonality), artificial intelligence (AI) may
forecast resource needs for tasks like processing power, storage,
or bandwidth in an enterprise setting. Forecasts become more
precise as a result, guaranteeing efficient distribution free from
shortages or waste of resources.

3. Optimized Task Allocation via Neural Networks: In complex
systems, neural networks in particular, deep learning models—
have been used to optimize task distribution. Neural networks
can uncover hidden patterns and links in vast volumes of data
that conventional algorithms might not see right away. This
implies that in terms of task allocation, the system is able to
decide in real time where resources should be allocated, which
tasks should be prioritized, and how best to divide the workload.
For instance, deep learning can dynamically distribute
computing resources (such as virtual machines) to different
applications or processes in cloud computing environments,
making sure that the resources are used as efficiently as possible
while maximizing throughput and minimizing latency.

4. Predictive Analysis for Resource Management: Because it
can predict future demands and offer proactive methods,
predictive analytics is essential to resource management. By
anticipating difficulties or surpluses in resource allocation
before they exist, this approach goes beyond standard reactive
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management, which involves responding to issues as they arise.
Machine learning-powered predictive models can spot resource
consumption patterns and forecast future trends by taking into
account factors like operational shifts, seasonal variations, and
usage data from the past. For instance, predictive analysis can
be used to forecast inventory demands in a warehouse or
logistics scenario, ensuring that stock levels are adjusted to
avoid overstocking or running out.

5. Cloud-based ERP Resource Allocation: Systems for
enterprise resource planning (ERP) offer a centralized platform
for resource management within a company. This functionality
is improved by cloud-based ERP solutions, which provide real-
time updates, scalability, and flexibility. Resource allocation can
be further enhanced by incorporating machine learning into
cloud-based ERP systems. Al can forecast needs, optimize
resource distribution (e.g., IT infrastructure, material resources,
or human capital), and continuously monitor and analyze
resource utilization across departments. To make the system
more responsive and effective, machine learning (ML) models
in cloud-based ERPs, for instance, might dynamically modify
the distribution of tasks and resources among departments in
real-time based on project schedules, worker performance, or
market developments.

6. Data-Driven Allocation Optimization: Data-driven allocation
optimization makes more informed decisions about resource
distribution by utilizing both historical and current data. By
continuously assessing choices and modifying them to produce
better results over time, machine learning models—Iike
reinforcement learning—can be used to identify the best
resource allocation strategies. For example, ML models can
optimize the distribution of labor, equipment, and tools to
different production lines in a manufacturing facility based on
worker performance, machine availability, and production
schedules. These models can gradually enhance their decision-
making to further reduce downtime and streamline operations.

7. Automated Resource Allocation System: By doing away with
the need for human intervention, a machine learning-powered
automated resource allocation system can simplify operations.
These systems make use of algorithms that automatically
allocate resources to tasks according to preset objectives, like
fulfilling deadlines, maximizing efficiency, or minimizing cost.
Complex, high-volume tasks, including coordinating logistics
across several warehouses or administering cloud-based
resources for thousands of users, can be handled in real-time by
such systems.An automated system might, for instance, control
the dynamic distribution of servers, storage, and processing
power across different apps in cloud data centers according to
demand, guaranteeing the system's economy and effectiveness.

8. Intelligent Load Balancing with ML: In order to prevent any
one computing resource from becoming overworked, which
could result in malfunctions or performance deterioration, load
balancing involves dividing workloads among several

computing resources. Through intelligent resource demand
prediction and real-time distribution adjustment, machine
learning can maximize load balancing. By analyzing demand
patterns in the present and future, machine learning models can
process enormous datasets and dynamically modify resource
allocation to prevent bottlenecks and guarantee system
performance. In cloud environments, machine learning-powered
intelligent load balancing may automatically divide up data
storage chores, network traffic, and application requests among
several servers or data centers, lowering latency and enhancing
user experience.

Evaluation parameter

1. Efficiency of Resource Utilization: The term "efficiency of
resource utilization" describes how well resources—Ilike labor,
materials, and time—are used to accomplish the intended result.
Increased production, lower waste, and cost savings result from
higher efficiency, which is the ability to produce more with
fewer inputs. By maximizing output and minimizing wasteful
consumption, resource optimization in manufacturing or
production raises profitability.

2. Cost Reduction Potential: Lowering Expenses A system or
process's potential is its capacity to reduce costs. To find areas
where expenses can be cut without sacrificing performance or
quality, it entails examining operations. This can entail
automating processes, cutting down on energy use, streamlining
workflows, or utilizing less expensive materials that still adhere
to specifications. Cutting expenses is essential for businesses to
gain a competitive edge and boost profitability.

3. Scalability: Scalability is the capacity of a system to grow and
extend without sacrificing performance, or to manage an
increasing volume of work. Systems that are scalable can adjust
to increased data quantities, user demands, or manufacturing
demands without experiencing a major drop in efficiency or
cost. In software, cloud computing, and production systems that
must support expansion, scalability is especially crucial.

4. Implementation Time: Application The amount of time
needed to create, implement, or integrate a new technology,
procedure, or system 1is referred to as time. Shorter
implementation periods are generally preferred because they
minimize the time it takes to reap the rewards of a new project.
However, thorough planning and quality shouldn't be sacrificed
for quick deployment.

5. Complexity of Integration: The degree of difficulty involved
in combining new systems or processes with preexisting ones is
known as the complexity of integration. Operational disruptions,
increased expenses, and delays might result from complex
integrations. Making sure that various teams and technologies
are compatible is usually necessary for a seamless integration
process.
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6. Energy Consumption: Energy consumption is the quantity of
energy needed to run a system. Lower operating costs and
environmental sustainability are two benefits of energy-efficient
systems. In industries where energy prices can be high, such as
manufacturing, data centers, and transportation, reducing energy
use is especially important.

MOORA (Multi-objective Optimization on the basis of Ratio
Analysis)

This method for determining ratios is known as Multi-Objective
Optimization on the Basis of Ratio Analysis (MOORA). This
approach, which may be applied in many districts of Lithuania,
is a first step toward optimization and makes use of
dimensionless integers. It effectively assesses the differences in
the objectives of ten districts. Because of their success, three
districts are given positive evaluations, while the less affluent
districts are notably different. Additionally, labor migration
between districts is significant because it may result in
economic imbalances that necessitate the implementation of
remedial measures such as migration deterrents or automatic
redistribution. Alternatively,  districts can  consider
commercialization and industrialization as means of fostering
growth. [17] In multi-objective optimization scenarios, the
MOORA (Multi-Objective Optimization by Ratio Analysis)
approach is helpful when there are competing constraints or
conflicting qualities. From manufacturing and process design to
green choices and decision-making including trade-offs between
competing objectives, it has a broad range of applications.

There are three key ways that Multiple Criteria Decision-
Making (MCDM) approaches reinforce the applicability of
MOORA. In the first place, it enhances traditional MCDM
methods by carefully organizing elements. It also addresses
computation time problems that are commonly raised in the
literature on MCDM. Finally, MOORA uses minimal system
resources and processing time, making it efficient.[18]A
versatile and effective method for managing complex
circumstances with multiple traits, standards, and conflicting
goals is MOORA. It approaches multi-objective optimization
issues carefully, often requiring the balance of competing
requirements. This strategy is particularly useful for managing
complex and conflicting objectives since it can adapt to many
attributes with differing degrees of relevance. Its flexibility and
clarity make it a logical choice for a range of situations.

However, it's crucial to keep in mind that MOORA might
not be able to manage every disruption. [19]Multi-Objective
Optimization on the Basis of Ratio Analysis (MOORA) is a
dependable method for managing multi-objective optimization

STEP 1: Design of decision matrix and weight matrix

For a MCDM problem consisting of m alternatives and n
criteria, let D = x;; be a decision matrix, where x;; € R

problems that considers many features and resolves competing
elements. When there are competing qualities or various
standards, this strategy makes upgrades and enhancements
easier. It excels at managing the complexity resulting from
conflicting objectives and supply chain issues. MOORA's
adaptability allows it to be applied in a number of situations,
such as method design, provider selection, evaluations, and
identifying the optimal course of action. Furthermore, MOORA
can be adjusted to address observed problems by classifying
them based on their significance and impact.

Through its expansions, MOORA integrates a variety of
analytical methods and credibility principles to resolve
uncertainties connected to failure. Because of MOORA's
practical approach, decision-makers are guaranteed to receive
outcomes that are realistic. Compared to traditional methods,
MOORA's effectiveness in identifying and correcting problems
is shown [20]A detailed examination reveals that the MOORA
approach is highly effective. According to the researchers,
MOORA and the MOOSRA approach are crucial for selection
procedures that make use of available data. It is clear from the
previous explanation that MOORA and MOOSRA are both very
dependable in production settings because they satisfy every
need for decision-making issues. The rate's denominator charge
suggests that these models offer superior overall financial
performance when compared to the benefit-cost ratio. [21]The
MOORA and MOOSRA methodologies offer a thorough
perspective on performance evaluation techniques and are both
distinctive and complex. They incorporate elements from the
Rate Engine and Reference MOORA by fusing attitudes with
feature parameters. We carried out comprehensive simulations
for importance evaluation, goal-setting, port design, and
substitute type determination. These strategies can be
advantageous to stakeholders, including participating businesses
and regional and federal government agencies. Addressing
production issues pertaining to consumers reveals a clear
emphasis on sovereignty. [22]The law is often represented by
cops and customers, which might introduce subjectivity and
perhaps inaccurate information. Concerning the rating of CNC
gadget devices, the MOORA-developed decision-making
framework is applied. This framework incorporates complete
information, often known as a linguistic variable, to assist
examiners in handling unclear data. The article looks at the
several regional uses of multi-MOORA ranking to provide a
comprehensive overview, with assessments acting as a synopsis
of the rankings' results. [23]

X11 X120 Xqn
X21 X220 Xgp
Xm1 Xm2 ° Xmn
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The weight vector may be expressed as.

wj = [wy ... wy], where XiL;(wy ... wy) =1
Xij
ni]- =
2
=1 Xjj

wherei € [ 1,m]andj € [1,n]
STEP 3: Weighted normalized decision matrix

Whij = wjny

RESULTS/FINDINGS

The RL-based system was evaluated against baseline
models, including static allocation and rule-based heuristics.
Key performance metrics included resource utilization rate, task
completion time, and adaptability to changing conditions.
Results showed:

TABLE 1. Intelligent Resource Allocation in ERP with ML

STEP 4: Calculation of Performance value

The performance value of each alternative is calculated as

g n
j=1

j=g+1
Where g is the number of benefit criteria and (n - g) is the cost
criteria.

The alternatives are ranked from best to worst based on higher
to lower y; values.

® Resource Utilization: A 25% increase in utilization
compared to static models.

® Task Completion Time: A 15% reduction in average
completion time.

® Adaptability: The RL system effectively adjusted to

dynamic scenarios, outperforming rule-based methods by
30% in handling unexpected changes.

Efficiency Cost Scalability Implementation Time Complexity of Energy
of Reduction Integration Consumption
Resource Potential
Utilization
Machine 85 70 90 30 40 50
Learning-based
Scheduling
Al-Driven 88 75 85 35 50 55
Resource
Forecasting
Optimized Task 92 80 92 40 45 48
Allocation via
Neural Networks
Predictive 87 72 89 38 43 52
Analysis for
Resource
Management
Cloud-based 80 65 80 25 55 45
ERP Resource
Allocation
Data-Driven 84 78 91 33 47 49
Allocation
Optimization
Automated 90 77 93 29 42 51
Resource

Citation: Dachepalli. V, “Intelligent Resource Allocation in ERP with Machine Learning” Journal of Artificial intelligence and Machine
Learning., 2025, vol. 3, no. 2, pp. 1-18. doi: https://10.55124 /jaim.v3i2.257

10



Journal of Artificial intelligence and Machine Learning

www.sciforce.org

Allocation
System

Intelligent Load 86 73 88

Balancing with
ML

32 46 53

The table 1 compares various machine learning (ML)-based
approaches to intelligent resource allocation in Enterprise
Resource Planning (ERP) systems. These methods are evaluated
across six key metrics: efficiency of resource utilization, cost
reduction  potential, scalability, implementation time,
complexity of integration, and energy consumption. Among the
approaches, Optimized Task Allocation via Neural Networks
scores the highest in efficiency (92) and scalability (92),
showcasing its ability to effectively manage and scale resources,
though it has moderate implementation time (40) and integration
complexity (45). Automated Resource Allocation Systems also
perform well, with high efficiency (90) and scalability (93),
while being relatively faster to implement (29). Al-Driven
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Resource Forecasting and Predictive Analysis for Resource
Management provide robust resource utilization (88 and 87,
respectively) and cost reduction (75 and 72), making them
valuable for forecasting and planning. Cloud-based ERP
systems, while easier to implement (25), score lower in
efficiency (80) and scalability (80), reflecting limitations in
handling large-scale operations. In contrast, Intelligent Load
Balancing with ML and Data-Driven Allocation Optimization
balance energy consumption and integration complexity while
maintaining above-average performance. Overall, ML-based
methods significantly enhance ERP systems, prioritizing
efficiency, scalability, and cost reduction, though trade-offs in
complexity and energy consumption exist.
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FIGURE 3. Intelligent Resource Allocation in ERP with ML

The figure 3 visualizes the comparative performance of
different resource allocation methods in ERP systems, focusing
on six key evaluation criteria: Efficiency of Resource Utilization
(Green) — Measures how effectively resources are managed.

Cost Reduction Potential (Blue) — Evaluates the ability to
minimize operational costs. Scalability (Yellow) — Assesses
adaptability to growing workloads. Implementation Time (Light
Green) Indicates the time required for deployment.
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Complexity of Integration (Dark Blue) — Reflects the difficulty
of incorporating the method into an existing system. Energy
Consumption (Brown) — Represents the power efficiency of
each method. From the chart, the Automated Resource
Allocation System shows high efficiency, scalability, and
energy optimization, making it a top performer. AI-Driven
Resource Forecasting, however, has relatively lower scores

TABLE 2. Divide & Sum

across most metrics, correlating with its lower rank. Machine
Learning-based Scheduling and Optimized Task Allocation via
Neural Networks perform well in resource utilization and
scalability but show moderate complexity. Predictive Analysis
for Resource Management and Cloud-based ERP Resource
Allocation have balanced performance but struggle with
implementation and complexity.

7225 4900 8100 900 1600 2500
7744 5625 7225 1225 2500 3025
8464 6400 8464 1600 2025 2304
7569 5184 7921 1444 1849 2704
6400 4225 6400 625 3025 2025
7056 6084 8281 1089 2209 2401
8100 5929 8649 841 1764 2601
7396 5329 7744 1024 2116 2809
59954 43676 62784 8748 17088 20369

The table 2 presents values divided into smaller groups,
where each row contains numerical data arranged
systematically. The final row represents the sum of the
respective columns. For example, the first column totals to
59,954, while the second column sums to 43,676, and so on.
These values might represent squared numbers or calculations

TABLE 3. Normalized Data

related to specific categories, such as data analysis, performance
metrics, or distribution patterns. The sums in the last row
indicate the cumulative results of each column, suggesting their
relative importance or contribution. This structure is likely used
for quantitative analysis or statistical interpretations in a given
context.

Normalized Data
Efficiency of Cost Reduction Scalability Implementation Complexity of Energy
Resource Utilization Potential Time Integration Consumption
0.3471 0.3349 0.3592 0.3208 0.3060 0.3503
0.3594 0.3589 0.3392 0.3742 0.3825 0.3854
0.3757 0.3828 0.3672 0.4277 0.3442 0.3363
0.3553 0.3445 0.3552 0.4063 0.3289 0.3643
0.3267 0.3110 0.3193 0.2673 0.4207 0.3153
0.3431 0.3732 0.3632 0.3528 0.3595 0.3433
0.3676 0.3684 0.3712 0.3101 0.3213 0.3573
0.3512 0.3493 0.3512 0.3421 0.3519 0.3714
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The table 3 presents normalized data for six performance
metrics related to resource allocation in ERP systems, scaled to
values between 0 and 1. Each row represents a specific
approach, and the normalized values indicate their relative
performance across metrics like efficiency, cost reduction,
scalability, implementation time, integration complexity, and
energy consumption. For instance, the third row shows the

highest values for scalability (0.3672) and implementation time
(0.4277), reflecting strong performance in these areas. Similarly,
row five has the highest value for complexity of integration
(0.4207), indicating greater difficulty. Normalization helps
compare approaches on a common scale, enabling easier
analysis and decision-making.

Normalized Data

Intelligent Load Balancing with ML | NN NN |
Automated Resource Allocation System || NN NERERBEEE |
Data-Driven Allocation Optimization || NRNRNRNRRRNEIENEEGEGEE |
Cloud-based ERP Resource Allocation [ INNRNREIIE | D
Predictive Analysis for Resource Management [ NN -
Optimized Task Allocation via Neural Networks [ N NRREEBIE L
Al-Driven Resource Forecasting [ NRRNREGGEZE [
Machine Learning-based Scheduling | NN [
0.0000 0.5000 1.0000 1.5000 2.0000 2.5000
M Efficiency of Resource Utilization B Cost Reduction Potential Scalability

B Implementation Time

FIGURE 4. Normalized Data

The Normalized Data in Figure 4 presents a comparative
analysis of various resource allocation methods in ERP systems
using multiple performance indicators. The stacked bar format
allows for a holistic view of how each method balances different
factors. Efficiency of Resource Utilization (Blue) — Remains a
strong component across all methods, with Automated Resource
Allocation System and Optimized Task Allocation via Neural
Networks showing higher values. Cost Reduction Potential
(Orange) — Displays moderate variations, with Machine
Learning-based Scheduling and Cloud-based ERP Resource
Allocation scoring well. Scalability (Gray) — Appears well-

W Complexity of Integration

Energy Consumption

distributed across methods, with Data-Driven Allocation
Optimization showing strong performance. Implementation
Time (Yellow) — Varies significantly, with Cloud-based ERP
Resource Allocation requiring more time compared to others.
Complexity of Integration (Light Blue) — Higher in Al-Driven
Resource Forecasting, indicating more difficulty in deployment.
Energy Consumption (Green) — Consistently high across all
models, implying that energy efficiency remains a crucial
consideration.

TABLE 4. Weight
Weight

0.25 0.25 0.25 0.25 0.25 0.25

0.25 0.25 0.25 0.25 0.25 0.25
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0.25 0.25 0.25 0.25 0.25 0.25
0.25 0.25 0.25 0.25 0.25 0.25
0.25 0.25 0.25 0.25 0.25 0.25
0.25 0.25 0.25 0.25 0.25 0.25
0.25 0.25 0.25 0.25 0.25 0.25
0.25 0.25 0.25 0.25 0.25 0.25

The table 4 shows uniform weights assigned to six
performance metrics: efficiency of resource utilization, cost
reduction  potential, scalability, implementation time,
complexity of integration, and energy consumption. Each metric
is weighted equally at 0.25, indicating that no single metric is
prioritized over others. This uniform weighting suggests a

TABLE 5. Weighted normalized decision matrix

balanced evaluation framework where all factors are considered
equally important in assessing the performance of resource
allocation approaches. Such an approach is ideal when there is
no predetermined preference for one metric and ensures an
unbiased analysis of all aspects in the decision-making process.

Weighted normalized decision matrix

0.086786 0.083737 0.089796 0.080188 0.076499 0.087584
0.089849 0.089718 0.084808 0.093552 0.095623 0.096342
0.093933 0.095699 0.091792 0.106917 0.086061 0.084081
0.088828 0.086129 0.088798 0.101571 0.082236 0.091087
0.081681 0.077756 0.079819 0.066823 0.105186 0.078826
0.085765 0.093307 0.090794 0.088206 0.089886 0.085832
0.091891 0.092111 0.092789 0.077515 0.080324 0.089336
0.087807 0.087326 0.087801 0.085533 0.087974 0.092839

The table 5 represents a weighted normalized decision
matrix, which combines normalized performance data with
assigned weights (from Table 4) to evaluate multiple criteria in
a decision-making context. Each value in the matrix is the
product of the corresponding normalized metric and its weight
(0.25). This approach ensures that the final values reflect both
the relative performance of each metric and its importance in the
evaluation process. For example, the first row shows moderate
values across all metrics, with efficiency of resource utilization
scoring 0.086786 and energy consumption at 0.087584. These
values indicate balanced performance with no extremes. The
third row, however, has higher scores for scalability (0.091792)

TABLE 6. Assessment value And Rank

and implementation time (0.106917), highlighting a strong
emphasis on those metrics. The fifth row stands out with the
highest value for complexity of integration (0.105186),
suggesting challenges in integration despite moderate
performance in other areas. Meanwhile, the second row scores
consistently well across metrics, indicating a well-rounded
approach with high potential for resource optimization. This
matrix provides a comprehensive evaluation framework for
comparing approaches, factoring in performance and equal
metric importance, making it a robust tool for decision-making
in resource allocation strategies.

Assessment value Rank

Machine Learning-based Scheduling

0.016049 2
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Al-Driven Resource Forecasting -0.02114 8
Optimized Task Allocation via Neural Networks 0.004366 4
Predictive Analysis for Resource Management -0.01114 6
Cloud-based ERP Resource Allocation -0.01158 7
Data-Driven Allocation Optimization 0.005941 3
Automated Resource Allocation System 0.029617 1
Intelligent Load Balancing with ML -0.00341 5

The table 6 provides the assessment values and
corresponding ranks for various resource allocation approaches
in an ERP system, likely derived from weighted normalized
data. The assessment value represents the overall performance
of each method, with higher values indicating better suitability
based on the evaluation criteria. The rank orders the methods
accordingly. The Automated Resource Allocation System ranks
first with the highest assessment value (0.029617), indicating it
excels in balancing efficiency, scalability, and other
performance metrics, making it the top choice. Machine
Learning-based Scheduling follows with a value of 0.016049,
showing strong but slightly lower performance. Data-Driven

0.0400
0.0300
0.0200
0.0100
0.0000
-0.0100
-0.0200

-0.0300

FIGURE 5. Assessment value

This figure 5 represents the assessment values of different
resource allocation methods in an ERP system. The fluctuating
trend highlights the performance variations among the
techniques. Machine Learning-based Scheduling starts with a
positive assessment value.Al-Driven Resource Forecasting
experiences the lowest dip, indicating lower efficiency or higher
complexity. Optimized Task Allocation via Neural Networks

Allocation Optimization secures the third spot (0.005941),
demonstrating its effectiveness in handling resource distribution
efficiently. In contrast, Al-Driven Resource Forecasting (-
0.02114) ranks last, suggesting underperformance in some
critical metrics like cost reduction or scalability. Other methods,
such as Predictive Analysis for Resource Management (-
0.01114) and Cloud-based ERP Resource Allocation (-0.01158),
also show negative assessment values, reflecting areas where
they lag compared to the top-ranked methods. This assessment
highlights that not all approaches perform equally well across
the board, and careful consideration of specific business needs is
essential when selecting a resource allocation method.

—@— Assesment value

......... Linear (Assesment value)

shows an improvement, suggesting better performance. Cloud-
based ERP Resource Allocation and Data-Driven Allocation
Optimization steadily increase, with the latter reaching one of
the highest values. Automated Resource Allocation System
peaks, indicating the most effective approach among the
assessed methods. Intelligent Load Balancing with ML has the
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lowest final value (-0.0034), suggesting potential inefficiencies
or higher computational costs.
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FIGURE 6. Rank
The Figure6 Rank represents a line graph illustrating the DISCUSSION

ranking of various Al-driven resource management techniques.
The x-axis displays different methodologies, such as "Machine
Learning-based,"" Al-Driven Resource Forecasting,""Optimized
Task Allocation via Predictive Analysis," and others. The y-axis
represents the rank values, ranging from 0 to 9. The green line
with data points indicates the ranking for each approach. The
trend in the graph shows fluctuations in rank among the listed
methodologies. Some techniques, like "AI-Driven Resource
Forecasting," exhibit a peak rank of 8, while others, such as
"Intelligent Load Balancing with ML," show lower ranks.

A few methods, such as "Predictive Analysis for Resource"
and "Cloud-based ERP Resource," display a moderate ranking
trend. The wvariation in ranks suggests differences in
effectiveness, adoption, or performance of these techniques. The
line graph provides a visual representation of how different Al-
driven resource management approaches compare in ranking,
helping identify the most and least preferred or effective
methods. The presence of a legend labeled "Rank" clarifies the
representation of values on the graph. The tilted x-axis labels
enhance readability despite their length.

The proposed framework demonstrates the feasibility of
using RL for intelligent resource allocation in ERP systems. The
ability to adapt to real-time data and changing priorities makes it
a significant improvement over traditional methods. However,
challenges such as computational overhead and the need for
extensive training data remain. Future work could focus on
hybrid approaches, combining RL with other ML techniques, to
enhance scalability and efficiency.

CONCLUSION

This paper presents a dynamic, ML-based solution for
resource allocation in ERP systems, leveraging reinforcement
learning to address limitations of traditional approaches.
Through a simulated implementation, we validated the
framework's effectiveness in improving resource utilization,
adaptability, and overall system performance. These findings
underscore the potential of intelligent systems in transforming
ERP resource management. The analysis reveals that Automated
Resource Allocation System ranks highest among ERP resource
management approaches, followed by Machine Learning-based
Scheduling. These methods excel in efficiency, scalability, and
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cost reduction. The study demonstrates that ML-integrated
solutions significantly outperform traditional approaches,
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