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ABSTRACT

This study explores the integration of blockchain technology and machine learning (ML) models to improve
transparency, efficiency, and resilience in supply chain management. Utilizing a mixed-methods approach, we
developed a blockchain framework and tested ML models, including LSTM, ARIMA, Isolation Forest, One-Class SVM,
Q-Learning, and Deep Q-Networks, to address demand forecasting, anomaly detection, and optimization. Our findings
demonstrate that blockchain significantly enhances data integrity, traceability, and real-time monitoring across supply
chains, particularly in industries like food and pharmaceuticals. Among ML models, LSTM showed superior
performance for dynamic demand forecasting, while Isolation Forest was highly effective for real-time anomaly
detection. Deep Q-Networks excelled in complex optimization tasks but required high computational resources,
whereas Q-Learning proved efficient for simpler scenarios. This blockchain-ML integration presents a promising
framework for advancing supply chain resilience, enabling secure and agile operations across diverse industrial
applications. Limitations include blockchain’s scalability challenges and ML’s computational demands, suggesting
areas for future research.

KEYWORDS

Blockchain Technology, Supply Chain Management, Machine Learning Integration, Supply Chain Optimization,
Transparency and Traceability, Data Integrity, Demand Forecasting, Anomaly Detection, Q-Learning, Deep Q-
Networks.

INTRODUCTION

The integration of blockchain technology with machine
learning (ML) has garnered considerable attention
across diverse industries, particularly in supply chain
management and business operations. As supply
chains grow more complex, businesses face pressing
challenges, including data transparency, traceability,
efficiency, and fraud prevention. Blockchain
technology, with its decentralized, immutable ledger,
offers potential solutions to these issues by enabling
secure and transparent record-keeping, enhancing
trust  among  stakeholders. = Complementing
blockchain’s strengths, machine learning provides
predictive insights and optimization capabilities that
help improve decision-making across supply chain
processes. This study investigates the combined
application of blockchain and machine learning in

business operations and supply chain management,

examining their synergistic impact on transparency,
efficiency, and resilience.

Blockchain Technology in Supply Chain Management

Blockchain, initially developed as the foundational
technology for cryptocurrencies, has expanded into
numerous applications, notably in industries where
data transparency, security, and trust are essential. In
supply chains, blockchain is used to provide a
decentralized record of transactions that is accessible
to all authorized participants, thereby eliminating the
need for intermediaries and reducing the risk of fraud.
Studies by Tian (2016) and Kouhizadeh and Sarkis
(2018)  underscore  blockchain’s  transformative
potential for supply chain traceability, noting its ability
to track products from origin to endpoint, thereby
increasing accountability and reducing counterfeiting
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risks. Blockchain’s immutability ensures that once a
record is created, it cannot be altered, providing an
authentic, tamper-proof ledger of transactions (Saberi
et al.,, 2019). This feature is crucial in industries such as
food and pharmaceuticals, where product authenticity
and quality are paramount.

Moreover, blockchain facilitates real-time data sharing
among supply chain participants, which enhances
agility in response to disruptions. Notably, Azzi et al.
(2019) found that blockchain's decentralized structure
allows for more resilient supply chains, as it enables
faster, coordinated responses to supply chain
disturbances, such as sudden demand shifts or
logistical delays. However, while blockchain’s
capabilities in transparency and security are evident, its
integration with predictive and optimization models
has only recently emerged as a research focus.

Machine Learning for Predictive Analytics and
Optimization in Supply Chains

Machine learning brings an additional layer of
intelligence to supply chain management by enabling
predictive analytics and optimization. Algorithms such
as time-series forecasting, anomaly detection, and
reinforcement learning offer powerful tools for
anticipating  supply chain needs, identifying
disruptions, and optimizing resource allocation. For
instance, deep learning models like Long Short-Term
Memory (LSTM) networks can capture complex
demand patterns, allowing for accurate demand
forecasting (Duan et al., 2019). Similarly, unsupervised
ML algorithms, such as Isolation Forests, have proven
effective in anomaly detection, identifying irregular
patterns that may indicate fraud or operational issues
(Chandola et al., 2009).

Beyond demand forecasting and anomaly detection,
reinforcement learning models, such as Q-Learning and

Deep Q-Networks (DQN), have demonstrated
potential in optimizing routing and resource allocation
within supply chains. Studies by Wu et al. (2020) and
Zhao et al. (2021) illustrate how reinforcement learning
enables supply chains to adapt to dynamic conditions
by learning from real-time data, effectively balancing
supply and demand while minimizing costs.

Integrating Blockchain and Machine Learning in Supply
Chains

The combination of blockchain and machine learning
introduces a paradigm shift in supply chain
management, enhancing transparency, efficiency, and
predictive capabilities. Blockchain offers a robust
framework for securely storing and sharing supply
chain data, while machine learning models can utilize
this data for real-time predictions and optimizations.
For example, blockchain’s transparency and
traceability features align well with machine learning-
based anomaly detection, where unusual transaction
patterns can be identified quickly and securely.
Moreover, blockchain's reliable data source ensures
that machine learning models are trained on accurate,
tamper-proof  data, which improves model
performance and reliability.

Recent studies by Casino et al. (2019) and Hassani et al.
(2020) have emphasized the potential of blockchain-
ML integration in enhancing supply chain transparency
and efficiency. For instance, blockchain allows ML
algorithms to access real-time transaction data across
all stages of the supply chain, enabling immediate
responses to demand changes or disruptions. In
addition, blockchain-ML frameworks improve trust
among supply chain participants, as all stakeholders
have access to verified data, reducing the risk of
conflicts or discrepancies.
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Despite these advantages, challenges remain in
implementing blockchain-ML frameworks at scale.
Blockchain's inherent computational demands,
coupled with the high processing requirements of
advanced ML algorithms, present a barrier to real-time
applications in high-volume environments. Research by
Kshetri (2018) and Kouhizadeh et al. (2021) suggests
that scalability solutions, such as hybrid blockchain
architectures and decentralized machine learning,
could help mitigate these challenges, making
blockchain-ML systems more feasible for large-scale,
real-time supply chains.

Objectives and Contributions of This Study

Given the Ilimited research on the combined
applications of blockchain and machine learning in
supply chain management, this study aims to evaluate
how this integration can address key challenges in
modern supply chains. Specifically, we investigate
blockchain's impact on transparency, traceability, and
data integrity, alongside a comparative analysis of
various machine learning models for demand
forecasting, anomaly detection, and optimization. By
assessing model performance, we provide insights into
which ML algorithms are most effective within a
blockchain-based supply chain framework. Our study
contributes to the emerging literature on blockchain
and machine learning applications, offering a
comprehensive evaluation of their combined benefits
and challenges, as well as practical recommendations
for implementing these technologies in different
industrial contexts. This research seeks to
demonstrate that integrating blockchain with machine
learning can create more resilient, efficient, and
transparent supply chain networks, setting the stage
for future advancements in secure and intelligent
supply chain management.

METHODOLOGY

In our study on Blockchain Applications in Business
Operations and Supply Chain Management with
Machine Learning Integration, we adopted an
extensive mixed-method approach, combining both
qualitative and quantitative techniques. This allowed
us to conduct a comprehensive analysis of blockchain’s
role in optimizing supply chains, enhancing
transparency, and improving resilience when paired
with  machine learning (ML) algorithms. Our
methodology was developed in multiple stages, each
designed to address specific aspects of blockchain and
machine learning integration. This included detailed
data collection, model design and implementation,
validation processes, and industry case studies. By
structuring our methodology in this way, we aimed to
capture a multi-faceted understanding of how these
technologies can transform supply chains and inform
business operations.

1. Research Design

To investigate blockchain applications in business
operations, we designed a mixed-method research
approach that incorporates both primary and
secondary data. This approach allowed us to examine
the topic from different perspectives, combining
insights from real-world practitioners with data-driven
model analysis. Initially, we conducted an extensive
literature review that provided a theoretical
foundation for blockchain technology and its existing
applications in supply chains. We explored over 100
academic articles, industry reports, and white papers,
focusing on blockchain’s potential to improve
transparency, efficiency, and security. Our review also
highlighted prevalent challenges, such as scalability,
privacy concerns, and regulatory constraints, which
helped us frame the research questions that guided
our study.

2. Data Collection
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Our data collection process was conducted in two
phases: primary data collection through interviews and
secondary data collection from publicly available
sources. This twofold approach enabled us to capture
qualitative insights from industry experts and
quantitative data that could be used to develop and
test our models.

a. Primary Data Collection

To obtain insights from industry professionals, we
conducted in-depth interviews with a diverse group of
supply chain managers, blockchain specialists, and
data scientists. The participants represented various
sectors, including food, pharmaceuticals, automotive,
and manufacturing, industries where transparency,
traceability, and resilience are critical. We selected
interviewees  with  substantial experience in
implementing or working with blockchain solutions in
their supply chains. The interview protocol consisted of
open-ended questions focusing on several themes:

. Perceived Benefits ~and  Challenges:
Participants discussed the perceived benefits
of blockchain for supply chain operations, such
as enhanced transparency and accountability,
as well as challenges like implementation costs
and interoperability.

. Machine Learning in Blockchain-Enabled
Supply Chains: We asked participants about the
role of machine learning in enhancing
blockchain  applications, particularly in
predictive analytics, anomaly detection, and
optimization.

. Scalability and Adoption Barriers: Participants
shared their views on potential barriers to
adopting blockchain in supply chains, including
technical limitations, regulatory requirements,

and industry-specific challenges.

Each interview lasted between 45 to 60 minutes, and
we recorded, transcribed, and analyzed the responses
using NVivo software to identify recurring themes and
insights.

b. Secondary Data Collection

Secondary data was collected from a range of
reputable sources, including publicly available
datasets, blockchain platforms, and industry reports.
To evaluate the impact of blockchain on supply chain
transparency, we collected transaction data from
blockchain platforms, such as IBM Food Trust and
VeChain, focusing on transaction timestamps,
geographical data, and product identifiers. We
supplemented this with logistic data from the World
Bank and machine learning repositories to build our
predictive models and validate them. By combining
these sources, we gathered a comprehensive dataset
that enabled us to model blockchain and machine
learning applications in various supply chain contexts.

3. Model Development and Integration

In developing our models, we integrated blockchain
transaction data with machine learning algorithms to
explore specific applications within supply chain
management, including demand forecasting, risk
assessment, and anomaly detection. Model
development involved designing a blockchain
framework that could be enhanced by machine
learning algorithms, facilitating data transparency and
dynamic decision-making.

a. Blockchain Framework

We constructed a blockchain framework to simulate a
decentralized environment for supply chains. Each
node in the blockchain represented an entity in the
supply chain, such as suppliers, manufacturers, or
distributors. Every transaction or movement of goods
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between these entities was recorded as a block on the
blockchain. Each block included essential information,
such as product details, timestamps, geographical
coordinates, and transaction specifics. This structure
created an immutable record, allowing us to study how
blockchain can enhance accountability, reduce fraud,
and improve traceability.

The blockchain framework was designed to be
interoperable with machine learning algorithms,
enabling us to implement ML-based predictive and
optimization models. We implemented the framework
on a private blockchain network using the Hyperledger
Fabric platform. This choice allowed us to create a
permissioned network with controlled access,
simulating the business environment in which
blockchain applications are most likely to be deployed.

b. Machine Learning Integration

To leverage the blockchain framework, we applied
various machine learning models tailored to different
supply chain tasks:

U Time Series Forecasting: Using ARIMA and
LSTM models, we predicted product demand
and inventory levels based on historical sales
data. Blockchain’s data immutability ensured
that our models had access to accurate,

unaltered  historical  data,  enhancing
forecasting accuracy.
o Anomaly Detection: By employing Isolation

Forest and One-Class SVM models, we
identified unusual patterns in transaction data,
such as discrepancies in product quantity or
delivery times, which could indicate fraud or
supply chain disruptions. Our blockchain
framework recorded each transaction,
allowing machine learning models to monitor
real-time activities for any anomalies.

. Optimization  Algorithms:  We  applied
reinforcement learning techniques, such as Q-
learning and deep Q-networks, to optimize
routing paths and resource allocation. This
allowed us to model dynamic supply chain
responses, with blockchain data providing real-
time updates for ongoing optimization.

Each machine learning model was tested in our
blockchain environment, allowing us to study how
these algorithms could improve decision-making and
response times in decentralized networks.

4. Model Validation and Performance Evaluation

We evaluated the performance of our blockchain and
machine learning models using various metrics,
focusing on accuracy, efficiency, and scalability.

a. Blockchain Validation Metrics

To assess blockchain’s effectiveness, we measured
several parameters:

. Transaction Processing Time: This metric
indicated how quickly transactions could be
recorded on the blockchain, a critical factor in
high-frequency supply chains.

. Data Latency: By measuring the time delay in
data propagation across nodes, we ensured
that our framework could handle real-time
transactions.

. Throughput and Scalability: We evaluated how
well the blockchain could accommodate high
transaction volumes by simulating peak
periods in supply chain operations.

To verify data integrity, we analyzed block
immutability, which ensured that once data was
recorded on the blockchain, it could not be tampered
with. This evaluation confirmed that blockchain
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records were secure and resistant to alteration, a
crucial feature for supply chain transparency.

b. Machine Learning Model Performance

For machine learning models, we employed standard
evaluation metrics:

. Mean Absolute Error (MAE): Used to measure
accuracy in demand forecasting models.

. F1 Score and Precision-Recall: Employed for
anomaly detection to assess model accuracy in
detecting fraudulent or unusual transactions.

. Convergence Rate and Solution Stability: For
optimization models, we assessed how quickly
and reliably the algorithms could find optimal
solutions.

These metrics provided a comprehensive view of the
model’s effectiveness and its ability to deliver
actionable insights in a decentralized supply chain
environment.

5. Case Study Analysis

To contextualize our findings and illustrate real-world
applications, we conducted detailed case studies
across industries where blockchain and machine
learning integration is actively being explored or
implemented.

. Food Supply Chain: We applied our blockchain-
ML model to the food supply chain, tracking
products from suppliers to retailers to improve
traceability. The model helped identify points
in the supply chain where contamination or
mislabeling  might occur, providing a
mechanism for quickly recalling affected items
and protecting public health.

. Pharmaceuticals: In the pharmaceutical
industry, we used blockchain to track drug
shipments, ensuring authenticity and reducing
counterfeiting risks. Our ML algorithms
predicted drug demand, optimizing inventory
and preventing shortages.

. Manufacturing: We applied our model to
manage raw materials and finished goods flow
in manufacturing, using machine learning to
predict optimal order quantities, reduce
wastage, and enhance  sustainability.

Blockchain’s transparency improved supplier

accountability, allowing manufacturers to

verify the source and quality of materials.
6. Ethical Considerations

Throughout our study, we adhered to ethical
guidelines, anonymizing all interview responses and
securing transaction data on our blockchain
framework to protect participant privacy. We also
complied with data protection regulations, such as the
GDPR, to ensure that blockchain and ML data use
remained transparent, responsible, and secure. Our
ethical considerations extended to managing potential
biases and conflicts of interest, particularly in selecting
case studies and industry partners.We acknowledge
several limitations in our study. First, replicating real-
world conditions in our simulated blockchain
framework posed challenges. Additionally, industry-
specific factors and varying levels of blockchain
adoption may limit the generalizability of our findings.
Future research could extend our study by testing
hybrid blockchain architectures, such as combining
private and public blockchains, or by deploying our
framework in live supply chain environments.
Furthermore, advancements in quantum computing
and decentralized Al could expand the potential
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applications of blockchain in  supply chain
management, warranting exploration.

RESULT

This study examines the integration of blockchain with
various machine learning models to enhance
transparency, resilience, and efficiency in supply chain
management. By conducting rigorous testing,
validation, and industry-specific case studies, we
demonstrate the unique contributions of blockchain
and assess which machine learning models are most
suitable for specific supply chain functions. The results
section is structured around blockchain’s impact on
transparency, efficiency, resilience, a comparative
analysis of machine learning models, practical
applications across industries, and the operational
benefits observed.

Blockchain's Impact on Transparency, Efficiency, and
Resilience

Blockchain’s most substantial benefit in supply chains
is its capacity to provide a decentralized ledger,
creating a unified and trusted data source for all
participants. We observed that the immutable ledger
contributed to significant gains in transparency,
reliability, and traceability, which were especially
valuable in industries like food and pharmaceuticals.

In particular, blockchain’s real-time data recording
minimized the potential for tampering, increasing data
integrity and building trust across the supply chain.
This feature was critical for high-value or sensitive
products. Additionally, blockchain’s traceable ledger
offered seamless information flow from origin to
endpoint, helping identify anomalies and disruptions
promptly. The ability to monitor data in real-time led to
enhanced supply chain responsiveness, allowing
stakeholders to react to events immediately. For
instance, in the food supply chain, real-time access to
data was beneficial for perishable goods, ensuring
quick action to mitigate risks. The accountability
afforded by blockchain also prevented counterfeiting
by verifying product origins, notably improving safety
in the pharmaceutical sector.

Machine Learning Model Performance: Comparative
Analysis

Our analysis tested machine learning models, each
chosen for specific supply chain functions such as
demand forecasting, anomaly detection, and resource
optimization. The models' performance was evaluated
on accuracy, detection efficiency, computational
Detailed
comparative results are shown in Table 1, highlighting

demand, and real-time suitability.

strengths and limitations.

Table 1: Comparative Analysis of Machine Learning Models in Supply Chain Applications

Task Model Accuracy
(MAE/F1 Time
Score)

Demand ARIMA  0.67 (MAE) Medium

Forecasting
LSTM 0.45 (MAE) High

Computation Responsiveness/Convergence Suitability

Rate

Moderate Stable
demand

High Dynamic
demand
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Anomaly Isolation = 0.89 (F1 Low
Detection Forest Score)
One- 0.78 (F1 = Medium
Class Score)
SVM
Optimization Q- High Moderate
Learning convergence
rate
Deep Q- Moderate High
Network

As shown in Table 1, ARIMA and LSTM were tested for
demand forecasting. ARIMA performed well for stable
demand patterns, demonstrating relatively low Mean
Absolute Error (MAE) and efficient computation time.
However, it struggled in more complex, fluctuating
scenarios due to its preference for linear trends. By
contrast, LSTM captured intricate patterns, yielding
superior accuracy and responsiveness to changes in
demand, although at a higher computational cost.

In anomaly detection, Isolation Forest and One-Class
SVM were assessed for their ability to identify
disruptions or fraudulent activities in the blockchain
transaction data. Isolation Forest achieved higher F1
scores with lower computation times, making it
suitable for real-time anomaly detection. One-Class

High Real-time
detection

Moderate Less
dynamic

Limited Stable
environments

High Complex
tasks

SVM, though slightly less accurate, provided moderate
anomaly detection capabilities, but its performance
was less stable in rapidly changing environments.

For optimization, we compared Q-Learning and Deep
Q-Network models. Q-Learning converged faster,
which was beneficial for stable routing tasks but
showed limitations with more complex, variable
settings. Deep Q-Networks excelled in stability and
handled more complex scenarios effectively, though at
the cost of extended training times and higher
computational demand. Figure 1 illustrates the
convergence rates and stability for both models,
where Deep Q-Networks demonstrate a smoother
performance over multiple complex variables.
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Figure 1: Convergence and Stability Compa

Convergence Analysis

In the graph, we see two distinct lines representing the
convergence rates of Q-Learning and Deep Q-Network.
The blue dashed line indicates the performance of Q-
Learning, while the solid orange line represents Deep
Q-Network.

Q-Learning Convergence: The Q-Learning
model demonstrates a relatively quick initial
rise in convergence, reaching close to the
optimal level (indicated by the red dotted line
at a value of 1) within the first 50 iterations.
However, its progress begins to plateau,
suggesting that while Q-Learning is efficient in
simpler environments with fewer decision
variables, it may struggle with the complexity
inherent in dynamic supply chain scenarios.

The fluctuations observed in the Q-Learning
convergence line indicate a lack of stability,
particularly towards the later iterations, where

60 100
Iterations

rison between Q-Learning and Deep Q-Network

the model experiences decline in
performance. This instability can be attributed
to the basic nature of Q-Learning, which is

designed for environments with discrete

a

action spaces and may not handle continuous,
complex decision-making as effectively.

Deep Q-Network Convergence: In contrast, the
Deep Q-Network shows a more gradual and
steady convergence throughout the iterations.
It achieves a higher overall convergence rate,
stabilizing around the optimal level after about
75 iterations. This behavior reflects the
strength of DQNs in handling complex, high-
dimensional environments due to their ability
to learn from experience through deep
learning techniques.

The relatively smooth trajectory of the DQN
curve indicates superior stability and reliability,
suggesting that the model can adapt
effectively to changing conditions in the supply
chain. This stability is crucial in real-world
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applications, where unpredictable fluctuations
can impact performance.

Industry-Specific Case Studies

To contextualize these results, we conducted case
studies in food, pharmaceutical, and manufacturing
sectors. Each case study demonstrated the practical
benefits of combining blockchain with the most
suitable machine learning models for each industry’s
specific needs.In the food industry, LSTM and Isolation
Forest were instrumental in real-time forecasting and
anomaly detection, respectively. LSTM accurately
predicted demand fluctuations, which was essential
given the perishable nature of food products. Isolation
Forest effectively flagged anomalies such as
unexpected delays, ensuring quality control
throughout the supply chain.

In the pharmaceutical industry, Deep Q-Networks
optimized inventory management, particularly for
temperature-sensitive and high-demand  drugs,
allowing for efficient resource allocation and stock
level maintenance. Blockchain’s tamper-proof ledger
was crucial in verifying drug authenticity, helping to
prevent counterfeiting and ensuring safety.

In manufacturing, ARIMA and Q-Learning models
worked well for routine demand prediction and
resource optimization. ARIMA provided reliable
forecasts for stable demand patterns, maintaining
balanced inventory levels, and reducing costs. Q-
Learning helped with efficient resource allocation,
reducing waste and ensuring a smooth flow of raw
materials.

Operational Benefits and Limitations

The combined blockchain-ML framework offered
significant improvements in supply chain transparency,
accountability, and efficiency. However, advanced

models like LSTM and Deep Q-Networks demanded
substantial computational power, which may limit their
real-time utility in some settings. Blockchain’s
scalability remains a challenge in high-volume supply
chains, highlighting the need for continued
technological advancements.

Our results show that integrating blockchain and
machine learning can transform supply chain
management by increasing transparency, resilience,
and efficiency. Choosing the appropriate machine
learning model is essential for maximizing benefits,
with LSTM and Deep Q-Networks being ideal for
complex, dynamic scenarios, while ARIMA and
Isolation Forest offer practicality and efficiency for
simpler tasks. This integrated framework lays a robust
foundation for future research and applications across
various industries, presenting exciting possibilities for
further advancements in supply chain management.

CONCLUSION AND DISCUSSION

This study demonstrates the transformative potential
of integrating blockchain technology with machine
learning models in supply chain management. By
enhancing transparency, traceability, and operational
efficiency, blockchain offers a secure foundation upon
which machine learning models can be leveraged for
predictive  analysis, anomaly detection, and
optimization. Our research findings highlight
blockchain’s ability to «create an immutable,
decentralized ledger that mitigates risks related to
data integrity and fraud, as well as increases
stakeholder accountability and resilience in supply
chains.

The comparative analysis of machine learning models
reveals that each model has specific strengths
depending on the task complexity and computational
resources. For demand forecasting, LSTM models
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outperformed ARIMA by accurately capturing
intricate, non-linear trends, proving highly suitable for
volatile demand environments. Conversely, ARIMA’s
simplicity and efficiency make it ideal for stable,
predictable scenarios. In anomaly detection, Isolation
Forest ~demonstrated greater accuracy and
computational efficiency than One-Class SVM, making
it highly applicable to real-time monitoring on
blockchain frameworks. When comparing optimization
models, Deep Q-Networks provided superior stability
and scalability for complex, dynamic environments,
while Q-Learning was efficient for simpler, routine
tasks.

These findings underscore the importance of aligning
machine learning model selection with the supply
chain's operational characteristics and demands.
However, the integration of blockchain and advanced
machine learning models also presents challenges.
Computational demands are significant, particularly for
deep learning models such as LSTM and Deep Q-
Networks, which may limit their applicability in real-
time, resource-constrained settings. Blockchain’s
scalability also remains a challenge, as high-volume
supply chains may experience latency issues,
particularly as transaction volumes increase.

Future research and technological advancements will
likely mitigate these limitations. For instance, the
development of lightweight blockchain protocols and
the emergence of federated learning could reduce
computational costs and enhance scalability.
Additionally, the integration of artificial intelligence-
driven analytics with blockchain can open new avenues
for proactive decision-making, enabling real-time
responses to disruptions and further strengthening
supply chain resilience.

In conclusion, our study provides a foundation for
understanding how blockchain and machine learning

can beintegrated to create an intelligent, efficient, and
secure supply chain management framework. As
blockchain technology matures and machine learning
techniques continue to advance, the fusion of these
technologies is set to become a cornerstone of
modern, sustainable supply chain management,
benefitting industries ranging from food to
pharmaceuticals to manufacturing.
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