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Modern supply chains face challenges including limited transparency, poor traceability,
susceptibility to fraud, and slow responses to disruptions, particularly in traditional
centralized systems. We present Bio-Cognito, a blockchain-integrated multi-agent
framework that combines fuzzy neural networks (FNNs) with multi-agent systems (MAS)
to enable predictive, adaptive, and secure decision-making across supply chain operations.
Each agent coordinates tasks such as inventory management, supplier assessment, and
logistics routing, while blockchain ensures data integrity and confidentiality. The
framework integrates real-time multi-source data, including product inventories, supplier
performance, and logistical operations, transforming it into actionable insights through
FNN-based predictions and MAS coordination. Experimental evaluation on a Kaggle
supply chain dataset comprising over 12,000 records shows that the logistics agent achieved
91% accuracy (Root Mean Squared Error (RMSE) 0.2), the supply agent 83% accuracy
(RMSE 0.16), and the inventory agent 75% accuracy (RMSE 0.14). Ablation studies
highlight the importance of multi-agent coordination, knowledge integration, and multi-
modal data fusion. Empirically derived thresholds enable phase-specific interventions,
supporting reliable and interpretable decision-making. The proposed framework achieves
high cross-domain generalization while maintaining real-time inference on standard clinical
GPUs. Overall, it offers a systematic methodology to integrate intelligent agents with
blockchain, enhancing transparency, predictive reliability, and operational efficiency in
dynamic supply chain environments.

1. INTRODUCTION

to-peer network [4].
Blockchain technology, which powers the well-known

E-commerce is an expanding industry that primarily uses
websites to offer goods and services to consumers and
businesses. Cross-border e-commerce, a relatively new form
of international trade, offers many advantages, including
greater accessibility. The promising future of cross-border e-
commerce, maintaining a stable growth rate, and weathering
the pressures of competition, depends on managing the
global supply chain. Time-series data and a simple prediction
algorithm are used in traditional purchase volume
forecasting. The platform's sales volume is influenced by a
variety of consumer consumption patterns, including the
quantity of goods or services offered, product assortments,
and government subsidies. The recent rapid economic growth
has led to a major expansion in the use of the EC supply chain
[1]. E-commerce has expanded dramatically in recent years
due to advances in communication technology and the need
for contact-free delivery. As a result, e-commerce companies
typically run modest warehouses to accommodate a range of
demands [2]. The world is changing quickly, especially in
business and commerce. This has an impact on the
exclusivity competition of the business or current
commercial enterprise [3]. The concept of blockchain can be
defined as a decentralized and distributed ledger to store
time-stamped transactions among many computers in a peer-
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cryptocurrency Bitcoin, is transforming the world and
drastically altering our technological and commercial
landscape. Blockchain is a distributed, decentralized, tamper-
proof, peer-to-peer technology with the potential to monitor
and validate online transactions. It aims to enhance the
integrity, security, and transparency of data, thereby
improving the accuracy, protection, and openness of
information [5].

The goal of intelligent products is to give architects and
system designers design flexibility. The approach to creating
intelligent products is crucial. Intelligent, multidisciplinary,
collaborative, and distributed platforms are necessary for
managing and handling modularity. The multi-agent
paradigm is the most effective way to address this issue and
offer cutting-edge solutions that can manage the changing
environment [6].

Combining multi-agent systems (MAS) and blockchain
creates a decentralized ecosystem in which decisions are not
made by a single centralized authority but rather
collaboratively and transparently among autonomous
entities. The response of a supply chain is its ability to
withstand every possible disruption, manage it, and continue
normal business operations [7].

The increasing reliance on information and


https://orcid.org/0009-0005-0284-587X
https://orcid.org/0000-0002-9956-7466
https://crossmark.crossref.org/dialog/?doi=https://doi.org/10.18280/isi.310403&domain=pdf

communication technologies, combined with the adoption of
a consumer-centric business strategy, has heightened the
urgency for supply chains to be more responsive,
competitive, and flexible. Such chains had to become
collaborative, transparent, and agile to ensure their viability
in a rapidly changing industrial environment. Various studies
have examined this theme by proposing new mechanisms and
ways to address the challenges plaguing contemporary
supply chains. Research focused on the application of
intelligent agents has proved a promising route towards
ameliorating system efficiency and agility. Apart from that,
there seems to be more recent literature indicating a great
interest in the applications of Al blockchain, and multi-agent
systems, all of which can enhance predictive capabilities,
increase transparency, and improve the efficiency of supply
chain management practices. It is therefore directly relevant
to this research and the objectives it intends to achieve. The
use of trucks in operations has led to the emergence of the
Interterminal Truck Routing Problem (ITTRP), which has
garnered significant scholarly attention. A primary objective
in optimizing truck routing in interterminal transport is
minimizing empty truck movements. Selecting transport
orders (TOs) based on truck real-time locations helps
minimize empty-truck trips. However, interterminal transport
(ITT) involves more than just moving containers between
terminals operating 24/7. When containers are destined for or
originated from logistic facilities with restricted operating
hours, minimizing empty-truck trip costs (ETTC) must also
account for the availability and operational time windows of
both the origin and destination points. The Gruzauskas 2020
study analyzes the resilience of supply chains in the
sustainable food sector with a focus on organic product
distribution. A set of key challenges was identified, including
inefficient last-mile delivery operations, inaccurate demand
forecasting, and poor collaboration among stakeholders. To
address these issues, the study proposes creating a logistics
cluster to improve information exchange, adopting resilience
strategies, such as flexibility and redundancy, and using an
agent-based framework to enhance decision-making
efficiency [8, 9]. This study reviews current applications in
smart contracts (SC), identifies potential research gaps, and
analyzes the overall utility of Machine Learning technologies
in supporting decision-making within supply chains.
Therefore, the main objective of this study is to investigate
how decision makers in supply chains can benefit from the
increasing amounts of data generated within these chains by
integrating Machine Learning technologies into the tools
they use [10]. The focus of this paper is on the applicability
of Supervised Machine Learning (SML) in Supply This study
examines Supply Chain Information Systems (SCIS) and
provides a comprehensive analysis of SML-based academic
applications in this field by adopting a dual classification and
using a clustering-based profiling methodology [11]. This
study points to a major limitation in blockchain-based supply
chain research: the lack of empirical validation. Despite the
significant potential of this technology to improve
transparency, efficiency, and security, most existing studies
remain conceptual and face limitations in real-world
applications. To address this gap, the study analyzes
blockchain applications and anticipates future research
trends in this field. In contrast, this study proposes an
integrated framework combining blockchain, machine
learning, and multi-agent systems to deliver a more practical,
data-driven decision-making solution for supply chains [12].
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Blockchain's enormous potential to improve transparency,
traceability, and trust in the food industry is increasingly
recognized. Higher food quality standards can be maintained
and contamination concerns reduced by using blockchain
platforms to provide stakeholders with real-time, immutable
records of food products. But even with blockchain's many
advantages, several issues remain unresolved [13]. The
Interplanetary File System (IPFS) and Hyperledger Fabric
are used in the study's secure, decentralized e-healthcare
system to facilitate the effective storage and retrieval of
Electronic Health Records (EHRs). Hyperledger Fabric
protects sensitive medical data and ensures data security and
privacy by restricting access to authorized parties. It
incorporates IPFS as a decentralized storage for managing
huge medical photos and files that cannot be stored directly
on the blockchain.

Despite the ever-increasing number of studies on
blockchain, machine learning, and multi-agent systems in
supply chain management, most existing research deals with
these technologies separately or integrates them superficially
without providing a unified and integrated framework for
decision-making.

The scientific novelty of this study lies in the design of an
integrated, adaptive multi-agent architecture supported by
blockchain technology, in which each agent is equipped with
intelligent decision-making capabilities and their work is
coordinated through a decentralized, trust-based mechanism.
Unlike traditional methods, the proposed system offers the
following:

1. A cooperative multi-agent decision-making model in
which the agents coordinate their supply chain
processes by working together instead of
independently

2. blockchain is an effective coordination layer rather
than a database, dealing with negotiations securely,
and synchronizing agents in near real time

3. Integration of predictive models within each agent to
build dynamic, situational, context-based forms of
decision-making under uncertainties

By bringing the two together, it evolves from merely an
integration of technologies to a smart connected ecosystem
that can run on its own, adapt continuously based on real-
time input, and make more informed decisions in complex
supply chain landscapes.

2. SUPPLY CHAIN

It basically comprises any network of businesses involved
in major logistics functions, such as purchasing, producing,
and distributing, where a traditional definition of supply
chain networks by individual businesses might now include
value-adding activities performed by external partners at any
given stage of a supply chain [14].

A group of interconnected software modules named SCIS
is utilized for storing, processing, managing, and regulating
company processes. Those tools assist decision-making
across one or more supply chains by converting unprocessed
data into actionable insights.

To create a multilayer, multiproduct supply chain that
accounts for scheduling differences in tactical and strategic
decision-making, a model was developed. By leveraging
external resources and maximizing total accumulated profit,
the strategy seeks to optimize the supply chain as a whole.



The model accounts for several variables, including both
rental and public storage options, as well as minimum and
maximum average facility utilization rates. A solution
methodology was successfully established using Varangian
relaxation to manage complexity [15].

2.1 Blockchain for supply chain

Academic research has established that the advantages of
supply chain collaboration include improved knowledge
sharing, easier access to products, and higher expertise. Thus,
improving the coordination between organizational
procedures and resources of supply chain partners leads to
increasing effective and efficient flow of products,
information, and services [16]. Due to the challenges posed
by the global economy, operating efficiency, security, and
transparency must improve across supply chains of every
description. Blockchain technology has been instrumental in
creating a decentralized and immutable ledger. Blockchain
provides a secure, transparent system for data sharing among
diverse stakeholders, serving as an electronic, indestructible
method of recording and disseminating information.
Traceability, data integrity, and tamper resistance are
features that make the blockchain useful in food supply
chains (FSCs). The system—<characterized by the
combination of digital systems—has continued to attract
interest from academia and industry due to its unique
combination of strong security, anonymity, and self-
governance [17]. The radical difference brought by the said
technology compared to the traditional setup is the secure,
transparent management of data by distributed,
interconnected nodes in a network, which, in fact, is the case
with blockchain technology. The first real-world use of this
technology was Bitcoin, which was built around the idea of a
self-auditing network that runs at a lower cost due to its
decentralized nature: the blockchain, an open ledger system
in which transactions can be verified by anyone without the
need for a central authority [18, 19]. The blockchain is a
decentralized, digital ledger that enables the permanent,
verifiable recording of all movements of products or
transactions within the system. The introduction of smart
contracts with IoT enables automated decision-making while
providing real-time monitoring of data, thereby enhancing
accountability and transparency for all actors involved [20].

2.1.1 Types of blockchain

An important factor to consider while building a
blockchain-based application is the evaluation of three major
blockchains, namely, public, private, and consortium,
according to the special needs and goals of the application.

Public Blockchain: A public blockchain is a network that
is completely decentralized and permissionless, allowing
anybody to observe, access, and use the system without any
limitations. It is not governed by a single body or central
authority. Everyone in the network can use the consensus
procedure. Bitcoin is a well-known illustration of a public
blockchain [19].

Private: A permissioned network run and governed by a
single entity is known as a private blockchain. Only
authorized entities can view or contribute to the ledger, and
network participation is limited. Because of its centralized
administration, the trusted authority handles block creation
and validation internally, negating the need for conventional
consensus procedures.
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Hybrid (consortium): A consortium blockchain combines
both public and private blockchain components. It operates
as a permissioned network; however, this does not mean it is
open to the public or even to a company; instead, access is
limited to a select number of organizations.

Strengthening interorganizational cooperation can choose
this strategy because it enables control sharing among a team
of trusted agents and maintains transparency within a well-
defined unit of actors [20]. A significant benefit that
blockchain technology provides to supply chain management
is the way it creates immutable records that cannot be altered
or removed. Blockchain is immutable, meaning that data
cannot be changed or deleted after it has been recorded on the
ledger. This functionality is vital to keeping the integrity of
financial records. While conventional financial systems
allow internal abuses or external threats to modify records
and related data without authorization, blockchain ensures
that every transaction is visible, private, and immutable [21,
22].

2.2 Supply chain using machine learning

Various researchers have wused machine learning
techniques to promote better precision [23]. The reasons for
the approach to model selection were the complexity of the
algorithmic challenges, whether integration across the supply
chain is needed, and whether the data underlying it exhibits
dynamic behavior. These models helped predict demand with
great accuracy and enabled supply chain agents to make real-
time decisions. Complexity and overfitting resistance are
therefore particularly suitable for rapidly changing, uncertain
demand patterns [7].

2.3 Supply chain using intelligent agent

The ambition to digitize all business operations is
becoming a reality at a rapid pace. These are examples of
novel-technology automation, such as artificial intelligence
(AI), the internet of things (IoT), and machine learning,
which can now gather and analyze vast amounts of data that
were previously difficult to access. The challenge now,
however, is to get to the next phase—reshaping our training
and operations, as well as our ways of thinking —to leverage
these technical innovations [24]. SCIS are defined as sets of
interconnected software modules that support, manage, and
enhance business processes. These systems collect, process,
and store data to transform it into actionable insights that help
improve decisions across one or more supply chains. [10]. Al
technologies such as machine learning (ML), natural
language processing (NLP), and predictive analytics are
becoming increasingly important in contemporary trade
finance. Those systems can be used to automate key
processes in trade finance, detect fraud, and predict financial
abnormalities. Global supply chains are becoming
increasingly interconnected and complex, making it
necessary for Al to improve the accuracy, security, and
efficiency of each financial transaction in the supply chain
ecosystem. With a concentration on advanced analysis for
detecting fraud, predictive modeling for preventing fraud,
and automating processes for optimizing the operations of
financial transactions. This tests the Al function in supply
chains [21]. These days, decision-making, adaptation, and
learning have a significant impact on the management of
supply chains. Every intelligent agent can estimate demand,



manage logistics  operations, negotiate  contracts
independently, and respond quickly to changes in the supply
chain. When supported by blockchain technologies, such
agents autonomously coordinate, detect fraud, and optimize
real-time resource allocation while facilitating decentralized,
secure interactions [21].

3. MULTI-AGENT SYSTEM

Each agent gives an example of a certain type of customer-
e.g., manufacturer, supplier, logistics company, and so on-
that can negotiate, make decisions, and communicate through
the MAS. To accomplish its local selling goals as well as the
common goal of maximizing inventory levels, responding to
disturbances quickly, and minimizing lead time. These
agents may compete or cooperate. In a complex supply chain
network, a multi-agent system improves overall efficiency,
flexibility, and resilience by modeling decentralized,
dynamic, and decision-making coordination.

Solution for distributed problems: even though agents
function autonomously, they exchange information and
collaborate throughout the blockchain, promoting confidence
and openness.

Flexible decision-making: MAS can be flexible across
intricate supply networks with multiple tiers.

Solving disputes and negotiating autonomously: an
agent renegotiates a contract or settles any dispute by
utilizing blockchain-verified rules as well as real-time data.

Tolerating resilience and faults: the decentralized
architecture of MAS enhances the system's capacity to
bounce back from errors and adapt to changes.

4. FUZZY LOGIC

It can be considered an efficient framework for handling
uncertainty and imprecision, particularly in complex
systems. This study used a four-step procedure; the first step
was fuzzification. Step 2—Definition of rules: Define a set
of IF-THEN rules based either on the system behavior or via
domain knowledge obtained from human specialists. These
rules are applied to all fuzzified inputs in this fuzzy inference
system, producing fuzzy outcomes. Fourth: Defuzzification
takes fuzzy results and turns them back into precise output
control [25]. In FNNs, the advantages of any network
topology and fuzzy logic can be blended. Fuzziness,
representing the inherent uncertainty and ambiguity in
concept development and construction, is fundamental to this
approach. Fuzzy set theory is defined, grounding the special
notion of membership functions that quantify the
membership degree of elements in sets. In conjunction, FNNs
may learn via adaptive learning rules within each neural
network while incorporating the fuzzy system's ability to
represent imprecise information in effective, legitimate,
nonlinear, and uncertain interactions. The structure of any
neural network allows the model to change and learn
dynamically, making it particularly suitable for complex,
uncertain systems. A fuzzy system is one of the most
commonly used fuzzy neural network (FNN) structures. It is
also referred to as a TSK neuro-fuzzy system because it can
be represented as a neural network [26].

5. EVALUATION CRITERIA

For performance evaluation, our architecture used Mean
Squared Error (MSE), Root Mean Squared Error (RMSE),
and accuracy [27].

5.1 Mean squared error

MSE estimates the mean of the squared deviation of the
estimated values from the true values. Suppose there are n
data points in a sample; we have generated the prediction
vector for all the data in this sample. For this case, [27]

MSE =231, (y1 - y2)? (1)
highly sensitive to outliers due to the squaring of
deviations, making it a valuable metric for detecting
models that underperform during extreme fluctuations
in demand.

In this study, MSE is used to evaluate the inventory
agent, as it performs demand forecasting and
inventory estimation, which are continuous prediction
tasks.

5.2 Root mean squared error

RMSE is the square root of MSE. Unlike MSE, RMSE
preserves the target’s original scale, yielding a more
interpretable measure of predictive accuracy. By reflecting
the error magnitude in the same units as the observed data,
RMSE provides a more intuitive assessment of the model's
performance [27].

RMSE=2 571, 3/(yT - y2)?

RMSE can largely function in task forecasting because it
penalizes errors bigger than the MAE, hence giving a
stabilized perspective on the comprehensive model
performing [28].

RMSE is used by both the inventory agent and the logistics
agent to evaluate prediction accuracy for estimating stock
levels, delivery times, and transportation costs.

2

5.3 Accuracy
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Accuracy is assessing how well a model's predictions align
with actual results. The metric is commonly utilized in
classification issues in Machine Learning and statistics. To
calculate accuracy, one determines the proportion of accurate
predictions out of the total predictions that a model makes
[29-31].

Number of Correct Predictions

Accuracy= X 100%

3)

Total Number of Predictions
5.4 Metric selection justification

The selection of evaluation metrics is aligned with the
nature of each task. Regression-based tasks, such as demand
forecasting, require error-based metrics (MSE and RMSE),
while classification and decision-making tasks require
classification-based metrics derived from the confusion
matrix, such as accuracy [32].



6. COMPARISON BETWEEN PREVIOUS WORKS

Table 1 shows a quantitative comparison of the proposed
model with recent supply chain forecasting studies, based on
published, documented results. The proposed model achieves
significantly lower error rates, with RMSE ranging from 0.14
to 0.2 and MSE ranging from 0.1 to 0.3. Study [33] indicated
an RMSE value of 2.27 and an estimated MSE value of
approximately 7.9. Study [34] also reported an RMSE of
18.83, indicating a much higher level of prediction error. The
proposed model numerically achieves a significant reduction
in error, indicating strong predictive performance. Beyond
the quantitative gains, the proposed model also addresses a

more complex challenge: comparative studies are mostly
focused on demand forecasting, whereas this work integrates
forecasting, decision-making, and optimization. This is
facilitated by the fusion of fuzzy neural networks, multi-
agent systems, and blockchain technology to enable
intelligent coordination in supply chain management. The
study [33] also focused on large-scale forecasting rather than
decision-making capabilities, and the model [34] as only
evaluated with a processed real-world dataset (945 records),
while the model proposed in this paper was also validated and
tested against an expanded real-world dataset of ~12,000
records, which improves the reliability and generalizability
of our results.

Table 1. Comparison between related work and the proposed model

Study Dataset Size Model Task MSE RMSE Accuracy K.ey .
Contribution
Integrated
su K?g‘ilﬁain Prediction + intelligent
Proposed P (?at};se ¢ ~12,000 FNN + MAS Decision- 0.1 0.14-02 91 system with
Work (processed & records + Blockchain making + 0.3 . : ° high accuracy
ix anded) Optimization and decision
P support
. Improved
- +
33] fsgin\:/n(;iléie 943 ANN Foéeeiisﬁiﬁf 79 227 — prediction and
records CapSA . ’ : operational
dataset allocation .
efficiency
Food supply Large-scale
. ML/LSTM/ Demand forecasting
[34] chain dataset - . . — 18.83 — .
(Genpact) BiLSTM forecasting using ML
p models
Note: MSE: Mean Squared Error, RMSE: Root Mean Squared Error.
7. METHOD models with blockchain to ensure transparency, reliability,

Next talk about the methodology we proposed. The post-
generation local decisions are transformed into an output for
the sequential processing stage, which also includes
validation and transformation into Blockl, Block2, and
Block3. Each block is formed through a validation process
based on FNN. Your system, on the other hand, as it relies on
data migration to the respective agents even after verification
in case of high-confidence failures, is ultimately resilient.

7.1 Blockchain layer

When the blocks are formed, they will be published to the
blockchain layer, which runs verification processes, executes
smart contracts, and applies consensus rules. It makes the
computation less cumbersome and faster to deploy using a
permitted blockchain.

7.1.1 System outputs

The final output is a verified block that is installed in the
blockchain, ensuring data immutability, transparency, and
secure storage.

7.1.2 Feedback loop

The system contains a feedback loop to advance its
function. The entire loop consists of monitoring
performance, evaluating predictions, and updating models
and policies based on them using reinforcement learning.
Figure 1 shows a structural design architecture for decision-
making (SDM) in SCM that combines a MAS and FNN
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and enhanced decision-making. To clarify the input as
mentioned in the reviewer comments, we start with a known
set of data sources. Rather than relying on a single transaction
(Transaction T), the model aggregates heterogeneous data
sources (e.g., inventory data (stock levels or demand history);
supplier-level  performance measures of  delivery
performance and quality records; and transportation with
respect to time and cost) along with external factors such as
market trends and seasonality, thus making decision-making
robust in terms of being realistic. Those inputs are then
consumed by a set of agents—the inventory agent, the
supplier agent, and the logistics agent. The input — FNN
model — prediction — decision is the same for all agents.
Since FNN produces predictions that are used in local
decisions, the internal processing mechanism within each
agent is clarified. Once decisions are made at the agent level,
the system moves to a sequential block generation phase that
generates a string of blocks (Blocki, Blocks, Blocks) as it
passes through enough feed-forward neural network(s)
validation phases. The data in each subsequent step is re-
validated and converted before it reaches the next block.
Upon encountering a validation error, a rejection mechanism
is triggered, returning the data to the respective agent for
reprocessing. This ensures data integrity and provides
assurance about the system's reliability. And then, once the
block sequence is complete, we will push it to the blockchain
layer. List of blockchain operations beside the figure, as
prescribed by academic visualization standards, including
data validation, execution of SC, block generation, and
consensus (Proof of Authority (PoA) and Proof of Stake



(PoS)). When you put all these steps together, you get
immutable evidence of transactions recorded securely on the
blockchain ledger. A new validated block is published to the
blockchain; your system output is now immutable. This
ensures data transparency, traceability, and trust amongst all
parties, as the needs of each network player are specifically
catered to, leading to better system performance. A feedback
loop mechanism is built in. The loop is comprised of
performance monitoring — evaluation against predicted vs.
actual outcomes — model update (retraining new FNN
agents) — change in reinforcement learning policy to update

their hypothesis. This component allows for system
responsiveness and self-learning. Overall, the architecture
framework achieves objectives as a scalable architecture that
integrates both artificial intelligence and blockchain for
supply chain risk management (SCRM) with an intelligent
decision-support system for all aspects from supply chain
processes to information capture steps, while disregarding
reviewers' comments on input specification, process
diagrams with a track focus of workflows in detail, time
specification of blockchain technologies, and incremental
improvements.

Transaction T

\ 4
INPUTS ) 4
(Data Sources) Inventory Agent 1 Block,
| (FNN i
Inventory Data > FNN . - ( Processing)
Input Prediction - Decision
- Stock levels i - Model J
- Demand history : y
- Product information : Block >
I
: (Reception —
1 h 4 FNN Validati
Supplier Data ! S _— 2 alicltion)
t
- Supplier profile : BppHerAgen
- Delivery histo: = Y
> 2 £4 :: Input FNN Prediction [ Decision
- Quality records r Model Block3
2 1
- Lead time ! (FNN Processing)
1
1
S !
Logistics Data Rejection v
- Route information Path: 4 Block,
- i i FI li wzizce » s
Transportation time NN Invalid Loglstlcs Agent 3 »| (FNN Processing)
- Cost (Return to
- Vehicle availability Agent for FNN h .
Reprocessing) Input Prediction Decision v
A Model
- :
External Factors et % ;
t
- Market trends FRGEGEDT
n Blocks
- Seasonality
- Economic indicators
Achieved Block Chain
A Y Y
Blockchain Layer Details
Validation CSman Block i z:oct ; i Consensus Add Block
(of data) ontr?ct Creation gea (e.g., PoA/PoS) to Chain
Execution Block 3 — ...
Blockchain Layer
(Distributed Ledger / Immutable Storage)
New Validated Block
(Committed & Immutable)
Feedback Loop (For Continuous Learning & Improvement)
Monitor Evaluate Update Model Adjust Policy
Performance (Compare with (Re-train agents / (RL policy
(Collect real predictions) FNN models) improvement)
results)

Figure 1. Diagram for a supply chain network using multi-agent technology and blockchain
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7.2 Algorithm data are processed by specialized agents, how FNN models
generate task-specific decisions, and how these decisions are

The proposed algorithm provides a system-level validated and recorded through a permissioned blockchain
implementation of the framework. It shows how supply chain layer.
Input:

D inv : inventory dataset features

D sup : supplier performance features

D log : logistics and routing features

SC  : smart contract rules

BC : permissioned blockchain network

E  :number of training epochs
o :learning rate
Output:

Inventory decisions

Supplier evaluation decisions
Logistics route decisions
Validated blockchain records

Begin

Step 1:Data Initialization
Load D_inv, D _sup, and D _log
Clean missing values
Encode categorical attributes
Normalize numerical attributes
Split data into training and testing sets

Step 2: Agent Initialization
Create Inventory Agent
Create Supplier Agent
Create Logistics_Agent

Step 3: FNN Training for Each Agent
For each Agent iin {Inventory Agent, Supplier Agent, Logistics_Agent} do
Select task-specific features X i
Select target output Y i
Initialize FNN parameters

For epoch =1 to E do
Apply fuzzification to X_i
Apply fuzzy inference rules
Generate predicted output Y_i
Compute loss using MSE
Update FNN parameters using learning rate o
End For
End For

Step 4: Local Decision-Making
Inventory Agent predicts stock priority and order quantity
Supplier Agent evaluates supplier reliability and classification
Logistics_Agent predicts route performance, time, and efficiency

Step 5: Agent Communication
Share agent decisions through the MAS communication layer
Detect conflicts such as stock shortage, supplier delay, or route inefficiency
Resolve conflicts based on predefined decision rules

Step 6: Blockchain Validation
For each decision generated by the agents do
Create transaction T
Send T to smart contract SC

1049



If SC validates T then
Add T to candidate block
Else
Return T to the responsible agent for reprocessing
End If
End For

Step 7: Block Creation and Consensus
Group validated transactions into a new block
Apply permissioned consensus mechanism
If consensus is achieved then
Commit block to blockchain BC
Else
Reject block and repeat validation
End If
Step 8: Feedback and Model Update
Monitor actual outcomes
Compare actual results with predicted results
Update agent performance metrics

Retrain or adjust FNN models when performance decreases

End

7.3 Experimental analysis

Based on the proposed algorithm, an integrated analysis of
the system can be provided, showing how it performs in terms
of performance, efficiency, and scalability. The system relies
on a multi-agent architecture in which each agent processes a
specific piece of supply chain data independently using
intelligent models such as fuzzy neural networks or predictive
models. Instead of a single central system, this method
distributes the processing load across multiple components,
reducing overall time. It does improve the time complexity of
handling systems in general, specifically for large amounts of
data. The next stage is the block generation and verification
stage, which receives input from local outcomes after each
agent's decision-making. Decisions at this stage are analyzed
and validated before being compiled into blocks that can be
appended to the blockchain. This is done to ensure verification
passes; if it fails, the data will be sent back to the agent for
reprocessing, ensuring a reliable, robust system and preventing
erroneous decisions from being passed. The sentencing
execution layer can consider the blockchain layer, which
includes many verification processes and a consensus
mechanism for contracts and smart contracts. While these
processes do incur a small-time penalty, using an authorized
blockchain and light consensus protocols can reduce latency
compared to public systems. Additionally, grouping many
decisions into a single block greatly simplifies processes and
enhances efficiency. It is very easy to scale up the system due
to its high flexibility; new agents can be added without
disrupting the rest of the components. Similar to parallel
processing between agents, this will provide higher
completion rates and the potential to process greater amounts
of data. In short, this gives you intra-industrial paradigms to
gain time and collective, but decentralized, intelligence within
a blockchain structure applicable to supply chains. It also
addresses residents' concerns regarding systematic analysis
and practical details.

7.3.1 Data set
This collection was first acquired from a publicly accessible
dataset on Kaggle [35]. This includes systematic data on
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supply chain activities, such as product specifications, prices,
inventory levels, and available supplier and logistics
information. The dataset was refined and expanded to better
replicate the research's larger-scale, realistic supply chain
objectives. The resulting dataset contained more than 12,000
records, enabling richer training and evaluation of the
proposed system. And the dataset includes information such as
product type, stock level, lead time in supply, number of goods
ordered, and average and (by supplier) performance metrics;
defect rates across suppliers, including containers; transport
sequences/links and routes for individual shipments from each
supplier route; and total cost on any route. Those cues have
inspired features like decision-making processes for Inventory
management, supplier evaluation, and Logistics process
improvement.

7.3.2 Data preprocessing

Before the training process, the dataset was preprocessed to
enhance data quality and model performance. It involves
handling missing values, encoding categorical variables (e.g.,
supplier name, transport mode, and routes), and normalizing
numerical variables to ensure the input variables are
consistent.

7.3.3 Training setup

The experimental data set, with around 12,000 records, is
stored in fuzzy train.csv and fuzzy test.csv formats. To
evaluate the model's capabilities confidently, the data were
split into 80% for training and 20% for testing. Data
preprocessing (before training): Missing values, categorical
feature encoding (supplier name, transportation mode, and
routes), and normalizing the numerical features to create a
better, more stable learning system. For the training task
specification, the target characteristics were trained separately
for each intelligent agent. The Fuzzy Neural Network FNN
model was adopted to capture nonlinear relationships and deal
with uncertainty in supply chain data. During the training
process, the coefficients of belonging functions and the
weights of fuzzy rules were adjusted repeatedly using the
training data. The model was trained for 100 epochs with a
learning rate of 0.01, and the best setting was selected based



on minimizing prediction error. The test data was excluded
from the training process and used only for the final evaluation
to assess the model's ability to generalize to unseen data.
Performance was evaluated using metrics customized for each
task. MSE and RMSE were used for continuous forecasting
tasks, such as inventory forecasting, while accuracy was used
for decision-making tasks, such as supplier evaluation and
route selection.

8. EXPERIMENT AND RESULT

This test involved developing an interactive supply chain
monitoring panel, the effectiveness of which was evaluated in
supporting monitoring, evaluation, and improvement
processes across the supply chain's various stages. The system
aims to track processes from the moment food products leave
the warehouse until they are delivered to customers in a timely
manner, relying on intelligent agents who monitor workflow
and accurately track movements and processes. The first agent
is responsible for monitoring inventory and the availability of
materials from suppliers within the warehouse, while the rest
of the agents work in an integrated manner so that they
complement each other to ensure that the monitoring and
tracking process is sequential and interconnected, and at the
same time, the work of all agents contributes to enhancing the
efficiency of supply chain management in general. The

assessment panel comprised three main components:
recommendations on inventory management, supplier
performance-tracking measures, and planned logistical
operations. This enables the system to present a broader,
integrated view of operational and strategic decisions related
to supply-chain calculus, showcasing its relevance in
balancing demand and supply while maintaining operational
efficiency.

8.1 Inventory agent

Table 2 and Figure 2 visualize the agent's performance,
priority, order quantity levels, and evaluation metrics for
multiple items. Results indicate strong demand for items such
as frozen chicken (4.2) and rice (4.1), which were accurately
assessed as critical to maintaining supply continuity, while
lower-priority ingredients, such as flour (2.9), could have
received less immediate management attention.

Table 2. Result MSE, RMSE, accuracy for agent inventory

Domin MSE RMSE Accuracy
Frozen Chicken 0.3 0.1 0.79
Tomato 0.3 0,1 0.81
Flour 0.3 0.2 0.81

Note: MSE: Mean Squared Error, RMSE: Root Mean Squared Error.

Score: 8.2 [Score: 8.1 |Score: 8.0 |Score: 8.1] |Score: 8.2] |Score: 8.3
Acc: 77.00%
Acc: B3.00% Acc: 91.00%
Acc: 80.00%
E: 0.14 Ace: 81.00% e o1
E: 0.16 o
E: 0.14
Acc: 81.00%

IE 0.20

»zen Chicken Tomato Flour Olive Qil Rice Tomato Paste
Items

Figure 2. Inventory agent

Finally, regarding order decisions, since the ordering
quantities for most items are zero, this indicates that these
items have been sufficiently predicted and that no unnecessary
resupply operations will be carried out in this quarter. Only the
tomato paste item is significant, as 71 units are required
immediately and will be predicted soon after. As for
performance, these give accuracy values around 0.79 and 0.81.
Similarly, the past RMSE values are low and stable (between
0.14 and 0.20), which provides another signal of adequate
prediction quality. Score values between 8.0 and 8.3, yielding
an overall decision quality score, with higher scores indicating
better identification of boundary conditions in which
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inventory replenishment procedures should be accurately
deployed optimally and probably increasingly over time.
Findings: The blended business process, along with an
intelligent multi-agent system that prioritizes inventory
decisions based on order priorities, forecasts, and errors, has
reduced errors and improved forecast accuracy, paving the
way for smart supply chain management.

8.2 Supplier agent

Show in Figure 3 and Table 3. Based on accuracy, RMSE,
and score, Figure X illustrates the supply agent's performance



relative to a variety of suppliers. The results demonstrate that
the model reaches repeatable, high accuracy of 82%-86% with
a top-passed test for supplier Rodriguez Stone Dairy Products
at 86%. Simultaneously, all cases indicate low, stable RMSE
values near 0.20, indicating reliability and predictive power.
The score values also range from 8.0 to 8.2, increasing the
model's speed when evaluating supplier performance.
Suppliers with higher accuracy tend to have a higher score,

which can be attributed to better reliability and decision
quality. Alternatively, a good performance case under more
adverse conditions can still deliver an acceptably high score,
with 82% accuracy (score value of 8.0), as seen in the Clark
PLC Oils included in this example base case. In general, the
results validate that the developed approach enables stable,
accurate measurement of suppliers, thus enabling effective
selection and decision-making across supply chains.
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100 - - 0.40
95 - 0.35
030

- 90 1
> 86.0% L 0.25 N
g‘ 85 - b $3.0% 83.0% 83.0% - s oo F020 E
2 &
Z

0.20 0.20 0.20 0.20 .
- 0.15
- 0.10
- 0.05
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Frozen Foods Electronics

Rodriguez-Stone
Dairy Products

Boyd-Gaiers
Frozen Foods

Sharp-Martin
Frozen Foods Oils

Johnson-Crawford  Daniel-Lopez Clark PLC
Frozen Foods Oils

Figure 3. Supplier agent

Table 3. Result (MSE, RMSE, accuracy for supplier agent)

Total Agent MSE RMSE Accuracy
Agent inventory 0.3 0.14 0.75
Agent supply 0.2 0.16 0.83
Agent logistic 0.1 0.2 0.91

Note: MSE: Mean Squared Error, RMSE: Root Mean Squared Error.
8.3 Logistics agent

Figure 4 and Table 4 show the performance of the logistics
agent across various routes, including accuracy and RMSE, as
well as estimated time & cost-efficiency indices. The model
achieves high accuracy between 78% and 95%, as detailed in
the results, with the best result being for route WH_C —
Port A, which reaches 95%, indicating an efficient routing

Il Accuracy (%)

Bl RMSE [ Est. Time (hours)

decision. RMSE values are also low (from 0.12 to 0.22),
which, as a result, suggests high stability and reliability of
predictive performance upon different paths. The expected
time varies substantially by route, from 1.2 to 8.5 hours, as
transport conditions and route complexity can vary
considerably between locations. Cost efficiency sits between
20% and 80%, too, suggesting a trade-off between speed and
cost. It is observed that high-efficiency tracks like WH_C —
Port_ A at 80% are accompanied by higher values of accuracy
and lower values of RMSE, suggesting the model can maintain
a good balance between performance and operation limits
(number of ships), while low-efficiency tracks like 20%-30%
show relatively less improved accuracies or longer time
consumption.
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Figure 4. Logistics agent
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Table 4. Result (MSE, RMSE, accuracy for agent logistic)

Logistic Agent MSE RMSE  Accuracy
"WH_A — Supermarket 1 0.35 0.59 0.85
"WH_D — Retail 2 0.12 0.35 0.96
WH_E — Retail 2 0.1 0.2 0.95

Note: MSE: Mean Squared Error, RMSE: Root Mean Squared Error.

Table 5. Average result (MSE, RMSE, accuracy)

Supplier Agent MSE RMSE  Accuracy
Parker and Miller Grains 0.3 0.1 0.82
Brown-Romero Frozen Foods 0.3 0.2 0.84
Cabrera Inc Electronics 0.2 0.2 0.86

Note: MSE: Mean Squared Error, RMSE: Root Mean Squared Error.

Show in Table 5 Outcomes demonstrate that the
recommended system delivers better performance at different
phases of the supply chain. The procurement agent managed
to strike the best balance between low error rates and accuracy,
while the inventory agent performed fairly well with room for
improvement in the accuracy of its forecasts. The logistics
agent exhibited the highest level of accuracy, but the errors
showed greater variability across a few operational factors.
These outcomes ensure that the combination of these agents
improves the reliability of the system for operational and
strategic decision support through the embedding of expert
inventory management, quality assurance of suppliers, and
achieving more stable cost and time-efficient logistics
strategies.

8.4 System-level performance

Figure 5 shows the performance distribution among the
system components, indicating that agent processing is highly
efficient despite its time consumption, while the blockchain
layer accounts for the main delays due to verification
processes and consensus mechanisms. The figure also shows
that the system's overall time is directly affected by the
blockchain layer's time, indicating a bottleneck in this layer
relative to the rest of the components. However, the system
achieves a good processing rate, which confirms that it has

been applied practically and is capable of operating within a
realistic environment, and not just a theoretical model.
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Figure 5. system performance metrics

Show in Table 6. To go beyond prediction accuracy and
showcase the practical applicability of the proposed system, a
realistic experimental setting was conducted, consisting of 100
transactions in which the system was run end-to-end with
proper implementation (i.e., agent-level processing and actual
blockchain operations were performed). Comprehensive
macro-level analysis: Execution time, blockchain delay, and
throughput. As shown in Table 6, the execution time,
blockchain delay, and throughput of a particular scenario are
examined for single- and multi-query execution, enabling
macro-level analysis. As per the results, agent-level processing
is very effective (total execution time of 72.87 ms), and the
rest of the delay resides inside the blockchain layer (1012.03
ms), which can be optimized through parameter optimization;
however, the system is still able to achieve an extremely high
throughput rate at the blockchain level (98.81 transactions per
second) and macro level (77.29 transactions per second). Due
to overhead optimizations implemented in accordance with
SOLID design principles. These results demonstrate that the
system we proposed has been deployed in practice and can
operate in real time, with the blockchain layer as the obvious
performance bottleneck.

Table 6. System-level performance

Category Metric Value Unit

Agent Execution Time Inventory Agent Time 69.64 ms

Supplier Agent Time 0.51 ms

Logistics Agent Time 2.73 ms

Total Agent Processing Time 72.87 ms

Blockchain Performance Total Blockchain Latency 1012.03 ms
Average Latency per Transaction 10.10 ms/transaction

Number of Transactions 100 transactions
Number of Blocks 100 blocks

Blockchain Throughput 98.81 transactions/sec

System Performance Total System Execution Time 1293.79 ms
Overall System Throughput 77.29 transactions/sec

8.5 The experimental results and dissection

Experimental results show that the proposed system
achieves competitive performance for various supply chain
tasks, resultant RMSE values of 0.14 to 0.2, and a mighty
accuracy rate up to 91%. Compared with the latest studies [28]
and [29], the prediction errors provided by the proposed model
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are lower. There are three main reasons for the performance
improvement. The use of a FNN enables the model to better
reflect uncertainty and non-linear relationships in supply chain
data. Second, with the MAS structure and task-oriented
learning, model composition and training are faster. Third, the
blockchain as a source of data provides consistency and
reliability which may lead to increased accuracy of the overall



model. Also, it was observed that data preprocessing and
normalization also proved vital in addressing the challenges
regarding model's stability and learning performance. To
summarize, the results prove that the model we proposed
outperforms its classical counterpart in accuracy and coverage.

9. CONCLUSION

The results in this study demonstrate that the proposed
system presents a new approach that integrates forecasting
performance with error reduction and operational
considerations to assist in supply chain decision-making. The
system was able to maintain stable performance over
inventory management tasks, supplier evaluation, and logistic
process improvement Experimental results demonstrated
RMSE values between 0.14 to 0.2 with accuracies of 91% for
the logistics agent, with supply agent achieving accuracy
levels of 83%, and height levels of accuracy of rate agents
were at 75% all indicating a capability in handling multiple
tasks Overheads required within an integrated group
environment. Results demonstrated a lower error values and
comparable performance metrics to state-of-the-art
approaches. While these results should be taken with caution
due to a reliance on a data set of about 12,000 records and in
an experimental context that may not generalize well to
broader or more complex some aspects (for example, the
blockchain layer), the current system implements multi-agent
systems, FNN and blockchain in such a way -it allows superior
coordination and reliability. Results have demonstrated that
this layer is a performance bottleneck from the system level
perspective. Therefore, the proposed company can be seen as
a flexible and extensible human-centered architecture to
enable supply chain operations.
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