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Abstract

INTRODUCTION: The rapid development of the digital economy has intensified the demand for efficient and trustworthy
cross-regional data sharing, yet current systems suffer from data silos, trust deficits, and scalability limitations, constraining
the circulation of data elements across regional boundaries. OBJECTIVES: This study proposes a blockchain-based
transparent data ecosystem architecture that addresses trust establishment and intelligent analytics requirements, providing
technical infrastructure for data-driven cross-regional economic decision-making in the digital economy context.
METHODS: The architecture comprised four layers: a blockchain layer employing hierarchical grouped Practical Byzantine
Fault Tolerance (PBFT) consensus to reduce communication complexity from 0(n?) to 0(nv/n), a smart contract layer
implementing risk-aware access control policies, a data storage layer combining on-chain hash indexing with off-chain
distributed storage, and a data analytics layer utilizing Graph Attention Networks (GAT) for supply chain prediction.
Experimental evaluation was conducted on Hyperledger Fabric for scalability testing, with the SupplyGraph benchmark
dataset for analytics validation. RESULTS: The proposed consensus optimization achieves 453 TPS at 100 nodes, a 206%
improvement over standard PBFT, with communication overhead reduced by 90%. GAT reduces prediction error by 36.95%
compared to baseline methods, with attention weight analysis confirming meaningful association patterns aligned with
supply chain domain knowledge. CONCLUSION: The proposed architecture integrates trustworthy data sharing with
intelligent analytics within a unified framework. The hierarchical consensus design aligns with governance structures
inherent in regional economic integration, while embedding analytics within the blockchain environment enables auditable
analysis processes. The results demonstrate that the architecture meets the performance requirements of large-scale cross-
regional transaction systems in the digital economy environment, facilitating efficient data element circulation across
administrative boundaries.
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1. Introduction

The continued increase in globalization has enhanced the exchange of data between upstream and downstream
cooperation between different regional economies, making businesses and governments is crucial for informing
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economic decisions. In the conventional regional economic
integration projects, such as the Yangtze River Delta and
the Guangdong-Hong Kong-Macao Greater Bay Area,
cross-regional collaboration has created urgent demands
for data sharing efficiency and reliability. The results of the
empirical analysis based on panel data from 31 Chinese
provinces for the period from 2007 to 2023 show that the
application of blockchain technology in regional digital
economy development is significant, and this effect is more
noticeable in more open regions [1]. However,
contemporary cross-regional data sharing practices face
many challenges that affect the improvement of
collaboration efficiency and the quality of decisions.

Data silos represent one of the main challenges to
facilitating inter-regional collaborations. The presence of
distinct data systems is a result of separate development
across disparate administrative regions, industry sectors,
and corporate entities. As a result, there is a limitation in
the flow of useful economic information. While all parties
involved recognize the benefits of data sharing, it is still
important to deal with issues concerning risk aversion,
privacy compliance, and accountability. [2]. This problem
is worsened by the presence of trust deficits. Without
trusted intermediaries, the data providers cannot guarantee
that the data will not be misused or tampered with, and the
data consumers cannot guarantee the authenticity and
integrity of the data they receive. The existing centralized
data exchange architecture does not meet the requirements
of multi-party collaboration because of the risks associated
with single-point failures and the lack of trust [3].

Insufficient scalability is one of the fundamental
problems facing contemporary data-sharing systems. With
an increase in the number of participating regional entities
and data exchange operations, these systems need to handle
large-scale concurrent requests. Scalability has been
identified as one of the major bottlenecks facing the
adoption of mainstream  blockchain  technology,
characterized by low throughput, increased transactional
latency, and storage costs [4]. Analysis from both intra-
chain and cross-chain points of view shows that existing
single solutions are unable to meet multiple requirements
for performance, security, and decentralization [5]. Moving
on to the consensus mechanism, the Practical Byzantine
Fault Tolerance (PBFT) algorithm is used in consortium
blockchain networks because of its property of
deterministic finality. However, its O(n*) communication
complexity makes it difficult to scale the system with an
increasing number of nodes. Optimization methods
proposed for overcoming this problem are node grouping,
trust evaluation, and dynamic committee selection [6].

Blockchain technology, characterized by
decentralization, immutability, and traceability, has been
found to be an efficient way to address trust issues in data
sharing between organizations. The analytical framework,
which includes five dimensions—business, social,
economic-financial, technological, and policy—helps to
elucidate the mechanisms behind blockchain technology in
various development domains. The analysis also indicates
that developing countries can benefit from leapfrog
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development through this technology [7]. For the domain
of supply chain management, the major success factors that
contribute to blockchain technology adoption include
organizational,  collaborative,  technological,  and
governance issues [8]. As pointed out earlier, consortium
blockchains have a middle ground between the other two
types of blockchains. They have the benefit of providing
data-sharing  situations within  organizations that
incorporate both decentralization and access control. The
use of smart contracts provides the technological basis for
enforcing data access policies.

Moreover, from the perspective of data analytics, Graph
Neural Networks (GNNs) offer powerful tools to model the
intricate associations existing in economic networks.
Notably, supply chain networks are inherently graph-based
since companies or products act as nodes while
transactions or collaborations serve as edges. GNNs can
effectively capture implicit dependencies that cannot be
easily captured using existing methods. Several studies
have demonstrated that GNNs can accurately predict
hidden connections between entities within the supply
chain by identifying relationships that do not appear in the
dataset but exist in reality [9]. The use of GNNs in
predictive modeling improves the accuracy of forecasting
and risk management by integrating information from
neighboring entities. Multi-source heterogeneous data
fusion is a prerequisite for regional economic analysis.
Economic data from different regions is generally obtained
from different departments and data systems, exhibiting
significant differences in formats, granularities, and
quality. Data heterogeneity, modeling, and uncertainty
quantification are key challenges faced in current scenarios
[10].

Although considerable progress has been made in
blockchain technology-based data sharing, consensus
optimization, and intelligent data analysis, several research
gaps remain. In terms of architectural design, most existing
works focus on optimizing each technical aspect in
isolation and do not offer integrated frameworks for
coupling blockchain-based trust building and deep
learning-based analytical techniques. At the scalability
level, further research is needed on consensus optimization
strategies aimed at facilitating cross-regional economic
collaboration in a blockchain consortium setting. At the
data analytics level, existing GNN research literature
mainly focuses on supply chain risk prediction and link
prediction, whereas the literature on GNN and blockchain-
based data sharing in support of regional economic
collaboration remains limited.

Based on the above analysis, this study proposes a
blockchain technology-enabled transparent data ecosystem
architecture to  support cross-regional economic
collaboration. This data ecosystem architecture is designed
to address the triple challenges of data silos, trust deficits,
and scalability limitations concurrently while supporting
regional economic decision-making with intelligent data
analytics. The principal contributions of this study are
summarized below. About architectural design, a layered
system architecture is presented, in which the blockchain
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layer, smart contract layer, data storage layer, and data
analytics layer are integrated, enabling the entire functional
chain from trustworthy data storage to intelligent analysis.
In terms of scalability optimization, a consensus
mechanism enhancement strategy based on hierarchical
grouping and an on-chain/off-chain coordinated storage
strategy is presented, achieving notable performance
improvement under large-scale node conditions.
Concerning intelligent analytics, the Graph Attention
Network (GAT) is applied to solve the problem of
collaboration prediction within the supply chain, thus
justifying the application possibility of the data analytics
layer. As for experimental validation, the scalability of the
architecture is examined in terms of different numbers of
nodes in the Hyperledger Fabric blockchain platform,
while the practicality of the data analytics component is
validated through an open-access supply chain benchmark
dataset.

2. System Architecture and Scalability
Design

2.1. Overview of System Architecture

The proposed architecture of the system uses a structure
that is represented by four layers that are set out in
hierarchical order. The layers are the blockchain layer, the
smart contract layer, the data storage layer, and the data
analytics layer. The blockchain layer acts as the base layer
of trust, where the distributed ledger is maintained. The
smart contract layer enables the enforcement of data access
policies and collaboration rules through the execution of
contracts. The data storage layer adopts the on-chain/off-
chain coordinated approach for optimizing data storage
efficiency while ensuring data integrity verification. The
data analytics layer integrates heterogeneous data from
various sources and enables in-depth modeling and
predictive analysis of supply chain network relationships
using GNN models.

As shown in Figure 1, a series of standardized interfaces
is employed to connect these layers. Upon receipt of a data-
sharing request from a regional participant, permission
verification is performed by the smart contract layer.
Subsequently, the data storage layer executes a
corresponding operation, and the data are sent to the
blockchain layer for confirmation. The data analytics layer
periodically retrieves the updated data from the data
storage layer, processes it with the help of data fusion, and
then inputs the processed data into the GNN for analysis
and prediction.
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Figure 1. Overall architecture of the blockchain-
based transparent data ecosystem

2.2. Blockchain Layer Design

Scenarios for cross-regional economic cooperation usually
involve tens to hundreds of participating nodes, placing
extremely high demands on transaction confirmation time.
The PBFT algorithm has been identified as a popular
solution for consortium blockchain environments due to its
deterministic finality and relatively low resource
requirements. However, its O(n?) communication
complexity results in considerably reduced consensus
efficiency as the number of nodes increases. To overcome
this problem, various optimization techniques have been
proposed. These techniques include grouping methods
based on node feature-based trust evaluation [11] and node
partitioning techniques based on spectral clustering [12].
A hierarchical grouping method is introduced in this
study to improve consensus efficiency. The nodes are
divided into multiple consensus groups based on their
regional affiliation and business relevance. Then, the PBFT
consensus algorithm is executed individually within these
groups, followed by cross-group consensus among the
representative nodes to achieve global consistency. The
division of consensus groups considers geographic
proximity, transaction frequency, and the historical
collaborative relationships among the nodes. The

association degree between nodes V; and Vv, is defined as:

wy=a g+ B fyty-h D
where g, , f; , and A, represent the geographic

proximity score, normalized transaction frequency value,
and historical trust degree, respectively. The weight
coefficients satisfy @ + ff+y =1. From the association
degree matrix, the system utilizes spectral clustering to
group the nodes into Kk consensus groups, where the
number of nodes in the group is within a reasonable range
in terms of the intra-group efficiency and the fault-
tolerance ability of the system.

The primary node election for intra-group consensus
incorporates a reputation mechanism to reduce the
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probability of malicious nodes becoming primary nodes.
The reputation value of the node v, is dynamically

updated based on historical consensus participation:

R =2-R"+(1-21)-p"” @

1

where Rl.(t) represents the reputation value after the t-th

t .
round of consensus, pi( ) represents the behavior score for

the current round considering message response timeliness
and verification result correctness, and A is the decay
factor. The primary node is randomly selected from the top
m candidate nodes ranked by reputation value, balancing
both security and fairness.

During the cross-group consensus phase, representative
nodes from each group form an upper-level consensus
committee that executes a simplified PBFT process. Given
a system with 7 nodes partitioned into K consensus
groups, the improved overall communication complexity is

O(n* / k+k*) , which reaches the optimal value of

O(n\/;) when k=\/; . Table 1 compares the

theoretical communication complexity of the conventional
PBFT and the enhanced approach with respect to different
scales of nodes, and it is evident that the benefit of the
enhanced approach increases with the scale of the nodes.

Table 1. Theoretical communication complexity
comparison between traditional PBFT and the
improved scheme

Improved
Traditional  Scheme
Number of  pBFT Reduction

(n2 /k+kza Ratio

Nodes (n) 2

U )
64 4,096 576 85.9%
100 10,000 1,100 89.0%
256 65,536 4,352 93.4%
400 160,000 8,400 94.8%

2.3. Smart Contract Layer Design

The smart contract layer incorporates three basic contract
types to enable data ecosystem operations. These are access
control contracts, collaboration rules contracts, and audit
contracts.

Access control contracts are responsible for managing
data access permissions and identity verification. Building
upon the conventional role-based permission verification
approach, a risk-aware approach is proposed to
dynamically manage access control. When an access
request is met, the contract calculates the risk score for the
current access:

r= a)l + CO2 ' rc + C()3 ’ Ksensitivity (3)

5 history ontext
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where 7, Tepresents behavior risk based on

historical access records, r

context represents current

contextual risk factors such as access time and device, and

Fensiiviry YePresents the sensitivity level of the target data.

The coefficients @, , @, , and @; serve as weight

parameters. If the risk score exceeds a certain threshold,
then the contract denies access or requires further
verification. This approach is based on various
methodologies for risk quantification in healthcare data
access control systems [13].

Collaboration rules contracts define the business logic
of inter-regional data sharing in an event-driven system
architecture. The contracts define three modes of
collaboration. The data exchange model facilitates the
sharing of data among peer agents by ensuring that both
agents meet certain requirements before cooperation. The
data aggregation model allows several data sources to feed
data into a single data sink, and the agreement monitors the
performance of all parties involved. Through the data
subscription method, consumers can subscribe to specific
types of data updates. Data transmission is automatically
triggered once data meeting certain criteria becomes
available for release.

These contracts use the indexing mechanism based on
the hierarchy, which allows for multidimensional data
lookup in terms of period, entity identification, and
classification of resources. These contract designs use a
modular structure, where the separation of logic and
business parameters allows for changing parameters
without re-deployment. They also use an index hierarchy
system that allows searching in different dimensions, such
as time frame, entity ID, and resource type. The contract
structure has a modular design where logic and business
parameters are separated; thus, business parameters can be
changed without deploying the software again. The
contract upgrade process uses the multisignature protocol,
where the approval of more than two-thirds of the nodes is
required for executing the contract upgrade process.

2.4. Data Storage Layer Design

The data storage layer uses a hybrid on-chain/off-chain
mechanism to improve storage performance while ensuring
the integrity of the data [14]. Specifically, the on-chain
storage mechanism consists of storing hash values and
indexes of the data, which requires little storage space but
can provide sufficient assurance for integrity validation.
The off-chain hot storage layer relies on a distributed file
system for keeping the recently used data to facilitate read
and write operations. The off-chain cold storage layer
keeps the historical data using cheaper storage devices.

To implement data integrity verification, Merkle tree
structures are used. The batches of data that are submitted
are arranged as a Merkle tree, where leaf nodes represent
the hash value of each data, whereas the root nodes are
stored in the blockchain. The verification mechanism
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works by using the Merkle proof from the leaf node to the
root node, allowing recalculation of the root node’s hash
value. The type of Merkle tree used in this architecture
supports dynamic updates, allowing the addition of new
data items without rebuilding the tree entirely, with a time
complexity of O(logn) [15]. The off-chain storage uses

a content-addressed distributed file system in which data is
uniquely identified and located based on content hash
values, thus inherently supporting data deduplication. The
system maintains data replicas across various
geographically distributed storage nodes, with the number
of replicas being dynamically adjusted based on data
importance and access frequency. To meet the multi-
dimensional query requirements in cross-regional
collaboration, the system generates multi-level index
information in the off-chain storage layer. The first-level
index is organized by data source region, while the second-
level index is organized by data type and time range. The
index information is stored synchronously on-chain to
ensure integrity.

2.5. Data Analytics Layer Design

The data analytics layer is the core innovation that
distinguishes this architecture from traditional data sharing
schemes based on blockchain technology. The data
processing workflow includes two steps: data fusion and
graph modeling. In the data fusion step, a feature-level data
fusion approach is adopted. Given that the system receives

inputs from M data sources, each data source m yields

a unified-dimension feature vector h e[ “ after
passing through a feature extraction network. The fused
feature z is computed through attention-weighted
summation:

M (m)
2=Yan", a, =g PUul ?) (4)
m=1 z eXP(ﬂm (h(/)))

=1

where f, is a parameterized attention scoring

function. This mechanism enables the model to adaptively
learn the contribution of different data sources to specific
analytical tasks.

The graph modeling phase constructs the fused data into

a graph structure G =(V,E,X,A), where nodes can

represent analytical objects at different granularities, such
as regional economic entities, enterprises, or products, and
edges represent economic associations or collaborative
relationships between entities. This study adopts the GAT
as the core analytical model, with the node feature update
rule defined as:

(1 . . ! ! -1
hi") :G(Z] eN (z)a;)W( )h; )) 5)
where N (i) represents the neighbor set of node i,

()
i

attention coefficients. In contrast to Graph Convolutional

W s a learnable weight matrix, and ' represents

Networks (GCN), where the weights of the aggregators are
fixed, GAT can adaptively learn the weights of the
neighboring nodes, which can improve the ability of the
model to handle heterogeneous relations in the supply
chain network.

GNNs have been widely applied in supply chain and
economic network analysis. Empirical results suggest that
GNN-based models  considering  inter-enterprise
relationships significantly outperform basic models that do
not account for structural relationships in supply chain risk
forecasting [16, 17]. Abushaega et al. [18] used GNNs and
federated learning to solve multi-objective optimization
problems in supply chains, achieving a mean squared error
0f 0.198, thus providing a methodological reference for this
study.

Model outputs vary depending on the type of analysis.
For node-level analysis such as demand forecasting and
risk assessment, predictions are made directly from the
final-layer node features. On the other hand, for graph-
level analysis such as regional economic condition
prediction, node features are combined hierarchically to
produce graph-level representations. The experiments use
demand forecasting to validate the analytics layer.

3. Experiments and Analysis

3.1. Experimental Setup

The experimental design includes two parts: blockchain
scalability —assessment and GNN analytics layer
performance evaluation. The blockchain experiments are
designed to verify the effectiveness of the proposed
hierarchical consensus strategy across different node
scales, while the GNN experiments are intended to verify
the effectiveness of the proposed data analytics layer in
supply chain cooperative prediction tasks.

The experimental blockchain platform is based on
Hyperledger Fabric 2.4. Hyperledger Fabric is a leading
blockchain platform for enterprise consortium blockchain
networks, featuring modular architecture and pluggable
consensus and channel functionality [19,20]. The test
environment is deployed on a cloud server cluster, where
each blockchain node runs on a separate virtual machine
instance with 4 CPU cores and 8 GB of memory. The
network latency among nodes is set according to cross-
regional collaboration scenarios, with intra-region latency
set to 5-15 ms and inter-region latency set to 30-80 ms. The
parameters are set based on typical network transmission
characteristics in cities within the Yangtze River Delta
region. Performance testing utilizes Hyperledger Caliper, a
widely used blockchain benchmarking tool that supports
customizable transactional workloads and multi-
dimensional metric measurement. The test transaction
types include data upload, data query, and permission
modification operations, simulating typical operation
patterns in cross-regional data sharing.
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The GNN experiments are based on the SupplyGraph
dataset [21], one of the few publicly available benchmarks
for supply chain GNNs. The dataset is based on real-world
operational data from a large fast-moving consumer goods
enterprise and includes 40 product nodes and four types of
relationships: product group, subgroup, production plant,
and storage location. The node features include four
temporal dimensions—production volume, sales orders,
distribution delivery, and factory issues—across 221 time
points, spanning from January to August 2023. Despite the
small scale, the veracity of the data, coupled with its public
availability, makes it a suitable benchmark dataset for
supply chain GNN research. In the context of cross-
regional economic collaboration, demand forecasting
accuracy is essential for coordinating regional production
plans. Therefore, demand forecasting is selected as a
validation task for the GNN analytics layer. GNN models
are implemented using PyTorch and PyTorch Geometric.
The training process uses the Adam optimizer with a
learning rate of 0.001 for 200 epochs. Table 2 presents a
summary of key configuration parameters in the
experimental environment.

Table 2. Experimental configuration

Component Parameter Value
Blockchain Version Hyperledger Fabric 2.4
Platform P & '
Block Size 50 transactions
Block Timeout 2 s
Node 4 vCPU, 8GB RAM
Configuration
Intra-region 5-15 ms
Latency
Inter-region 30-80 ms
Latency
GNN Module Framework PyTorch 2.0 + PyG 2.3
Dataset SupplyGraph
Nodes / Edge 40/4
Types
Time Steps 221 (Jan-Aug 2023)
Optimizer Adam (1r=0.001)
Training
Epochs 200

3.2. Blockchain Scalability Evaluation

The scalability tests for blockchain measure performance
along three dimensions: throughput, consensus latency,
and communication overhead. Experiments were carried
out for four node configurations: 16, 32, 64, and 100 nodes,
each repeated five times and averaged to reduce random
fluctuations. The control group used standard PBFT for
consensus, while the experimental group used hierarchical
grouped PBFT as proposed in this study. The selection of
group count k follows two principles: first, ensuring that
the number of nodes per group n/k is an integer to simplify
implementation; second, approaching the theoretical
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optimal value. vn as closely as possible to balance intra-
group and cross-group communication overhead.

Throughput is quantified as the number of committed
transactions per second (TPS). The testing mechanism uses
an open-loop loading mode, where transactions are
dispatched at constant rates and the number of successfully
confirmed transactions per unit time is measured. In a 16-
node network, traditional PBFT achieves a throughput of
856 TPS, while the hierarchical approach achieves 894
TPS, showing only a small difference. This is because the
low overhead associated with consensus communication in
small-scale networks limits the potential benefits of
hierarchical grouping. As the number of nodes increases,
the gap between these two schemes increases. In a 32-node
network, the standard PBFT protocol achieves 612 TPS,
while the hierarchical scheme achieves 743 TPS,
representing an improvement of 21.41%. In a 64-node
network, the standard PBFT protocol decreases to 287
TPS, whereas the hierarchical approach reaches 594 TPS,
a 106.97% improvement. In a 100-node network, the
standard PBFT protocol reaches 148 TPS, whereas the
hierarchical approach reaches 453 TPS, a 206.08%
improvement. The degradation of the throughput capacity
due to higher node numbers is inherent in the design of
distributed consensus  algorithms. However, the
hierarchical scheme greatly mitigates this effect by limiting
the number of active participants in each iteration of
consensus formation. Figure 2 shows the throughput
comparison curves for different node scales.

1000 T T
Standard PBFT
Hierarchical PBFT

Throughput (TPS)

200 b

0 . L . .
16 32 64 100

Number of Nodes

Figure 2. Throughput comparison under different
node scales

Consensus latency is defined as the time interval from
when a transaction is sent until it is confirmed. In a 64-node
system, standard PBFT shows an average consensus
latency of 1823 ms with a standard deviation of 287 ms,
while the hierarchical approach shows an average latency
of 694 ms with a standard deviation of 143 ms, representing
a 61.93% reduction. The reduction in latency is mainly due
to the hierarchical model used, reducing the number of
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nodes involved in consensus in every round. For example,
in a network comprising 64 nodes and 8 groups, intra-
group consensus involves only 8 nodes, while cross-group
consensus involves only 8 representative nodes. Unlike
PBFT, where all 64 nodes take part in reaching consensus,
this process considerably lowers the number of messages
exchanged between senders and receivers.

The overhead of communications in terms of messages
is computed using the number of messages that are sent
during a single consensus operation. The conventional
PBFT algorithm exhibits a complexity of O(n?)
communications in terms of its prepare and commit phases,
as each node broadcasts messages to all other n-/ nodes
within both phases, resulting in a total number of 2n(n-1)
messages. The total number of messages in the hierarchical
approach comprises both intra-group and inter-group
components. Given a system with n nodes partitioned into
k consensus groups with n/k nodes per group, the intra-
group two-phase message count is k X 2 X (n/k) x (n/
k — 1), and the cross-group two-phase message count is
2xkx(k—1). Taking 64 nodes with k =8 as an
example, the intra-group message count is 8 X 2 X 8 X
7 = 896, the cross-group message count is 2 X 8 X 7 =
112, totaling 1008 messages. This represents an 87.50%
reduction compared to the standard scheme’s 2 X 64 X
63 = 8064 messages. Table 3 presents a comparison of
performance metrics under different node scales.

Table 3. Performance comparison between standard
and hierarchical PBFT

Messages
Throughp  Latenc  per
ut (TPS) y (ms)  Consensu
s

Nodes  Scheme k

16 Standard — 856 423 480

16 Hierarchi o ¢, 387 120
cal

32 Standard — 612 847 1984

32 Hierarchi o ;5 516 472
cal

64 Standard ~ — 287 1823 8064

64 i‘frarc}“ 8 594 694 1008

100 Standard ~ — 148 3156 19800

100 Hierarchi 1 55 1087 1980
cal 0

The results show that the hierarchical clustering method
gives significant gains when dealing with nodes in large
numbers of nodes. The throughput decreases by 82.71%
when using the PBFT technique with nodes from 16 to 100,
while it decreases by 49.33% when using the hierarchical
method. Moreover, concerning the communication
overhead, the hierarchical approach lowers the message
counts by 75.00% compared to the traditional approach
with 16 nodes, while it lowers the message counts by
90.00% for 100 nodes. As indicated by the findings, the
optimization effect of the hierarchical approach on
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communication overhead increases with more nodes. The
capability proves essential in situations where economic
collaboration takes place across regions, as it allows the
system to maintain high levels of performance despite an
increasing number of regions and organizations involved.

3.3. GNN-based Analytics Evaluation

The data analytics layer evaluation uses demand
forecasting tasks to assess the effectiveness of GNN
models. Demand forecasting aims to predict future demand
quantities using historical sales order data, a fundamental
task in supply chain collaborative planning. The testing
procedure follows a sliding window framework, which
utilizes observations from the preceding 7 time steps to
predict demand at the next time step. The dataset is split
into 70% for training, 15% for validation, and the
remaining 15% for testing. This data split ensures that the
evaluation does not measure the model’s ability to
memorize historical data.

Four models are compared in this study. The Multi-
Layer Perceptron (MLP) acts as a baseline, ignoring graph
information entirely. GCN uses fixed-weight aggregation
of neighbor information. GraphSAGE uses a sampling-
based approach to information aggregation. GAT employs
attention mechanisms to dynamically determine neighbor
weights. MLP has two hidden layers with sizes of 64 and
32, respectively. GCN, GraphSAGE, and GAT are based
on a two-layer architecture with a hidden size of 64. GAT
employs four attention heads. The same training settings
are used for all models for fair comparison. The
performance metrics used are Mean Absolute Error (MAE)
and Root Mean Square Error (RMSE), where lower values
indicate better performance.

Table 4 presents the performance of each model on the
demand forecasting task. MLP achieves an MAE of 0.847
and RMSE of 1.124, serving as a baseline that reflects
predictive capability without utilizing graph structure
information. GCN reduces MAE to 0.612 and RMSE to
0.873, representing improvements of 27.74% and 22.33%,
respectively, compared to MLP. The results demonstrate
that relational information among products in the supply
chain network improves predictive performance. The
GraphSAGE algorithm obtains an MAE value of 0.583 and
an RMSE value of 0.841, showing some improvement
compared to GCN. On the other hand, GAT shows better
performance than other algorithms with an MAE value of
0.534 and RMSE value of 0.762, giving a percentage
improvement of 36.95%, and 32.21% respectively,
compared to MLP and percentage improvement of 12.75%,
and 12.72% respectively compared to GCN. The main
strength of GAT is the ability of the attention function to
differentiate between the importance levels of neighboring
nodes. Since the degree of relationships between different
products in the supply chain network is variable, the use of
fixed-weight aggregation does not suffice.
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Table 4. Performance comparison on the demand
forecasting task

MA RMS MAE RMSE

Model E E Improvemen Improvemen
t vs MLP tvs MLP

MLP 2'84 1.124 — —

0.61
GCN ) 0873  27.74% 22.33%
graphSAG (3)'5 8 0841 3117% 25.18%

0.53
GAT 4 0.762 36.95% 3221%

To further explore the performance of the network, the
distribution of the attention weights generated by the GAT
is analyzed. About the SupplyGraph dataset, since edges
are connected according to production plants, products that
are manufactured from the same plant have high demand
correlation because they share raw materials or production
capacity limitations. The distribution of attention weights
suggests that GAT models give higher weights to the edges
connecting nodes corresponding to items manufactured by
the same plant (average 0.31) compared to those
connecting nodes from different plants (average 0.14). The
above observation correlates well with the existing
literature in the area of supply chain management,
indicating that there is some association learning within the
model. The error distribution of different models is shown
in Figure 3.
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Figure 3. Prediction error distribution on the test set

The scale of the SupplyGraph dataset is small, as it
contains only 40 nodes and eight months of data. The
experiments presented in this paper primarily serve as a
proof of concept and highlight the benefits of using GNNs
over traditional approaches in supply chain prediction
problems. In actual cross-regional collaborative scenarios,
the number of nodes will far exceed that of this experiment.
Therefore, the GNN model architecture may need to be

adapted, potentially through the inclusion of sampling
techniques or hierarchical aggregation, to reduce the
computational burden associated with larger graph scales.

3.4. System Integration Analysis

This section discusses the coordination effect and
significance of each layer through an integrated
perspective. The blockchain layer provides data operation
records and validation capability, which can achieve up to
453 TPS at 100 nodes. This meets the necessary
performance criteria for conducting data exchange in cross-
regional cooperation. The smart contract layer enables
fine-grained permission management using risk-based
access control with millisecond-level execution delay for
each contract, thus avoiding any possibility of a bottleneck
being formed within the system. The data analytics layer
has reduced the error in forecasting demand by 36.95%
using the GAT model, thus offering a reliable decision-
making process for collaboration planning.

As opposed to the current approaches, what makes the
proposed architecture unique is that it involves the
seamless convergence of reliable data sharing and
intelligent analysis capabilities. The traditional approaches
to data sharing using blockchains, as suggested by Geng et
al. [3] and Tan et al. [14], are mainly focused on storing
data and do not have any inherent analytic functions.
Therefore, users need to transfer the data from one system
to another for analysis purposes, thus increasing the
likelihood of data leakage. The proposed approach enables
analysis within a trusted environment by integrating the
data analytics layer into the architecture. The analysis
results can then be recorded and audited. Table 5 compares
the characteristics of the proposed architecture with other
related solutions across different aspects.

Table 5. Feature comparison with related

approaches

Centralized Standard  Geng et al.
Feature Platform __ Fabric __ [3] Proposed
Decentralized No Ves Yes Yes
Trust
Scalable . . Hierarchical
Consensus N/A Limited Limited PBFT
Risk-aware Basic Contract- Contract-  Dynamic
Access Control based based Risk Scoring
On-chain/Off- Merkle-
chain Storage N/A Manual Supported indexed
Bu1lt-1r'1 External No No GNN-based
Analytics
Cross-region Protocol-
Coordination Manual Manual Supported level

4. Discussion

The hierarchical grouping strategy used in large-scale node
scenarios derives its performance benefits not only from
reducing communication complexity but more
fundamentally from its alignment with the governance

EAI Endorsed Transactions on
Scalable Information Systems
| Volume 13 | Issue 5 | 2026 |

2 EA 8



A Blockchain-based Transparent Data Ecosystem for Cross-regional Economic Collaboration: Architecture and Scalability

Analysis

structures inherent in cross-regional collaboration. In
regional economic integration areas like the Yangtze River
Delta and the Guangdong-Hong Kong-Macao Greater Bay
Area, participating entities naturally form collaborative
clusters defined by administrative, industrial, or supply
chain affiliations. The interaction intensity among entities
within clusters far exceeds that between entities from
different clusters. The grouping strategy described in this
study aligns the hierarchical structure of collaboration with
the consensus mechanism design. Findings on PBFT
protocol optimization show that the decrease in throughput
with increasing node numbers is mainly due to the
exponential growth of messages in fully connected
communication structures. The grouping strategy
addresses this limitation by limiting the scope of each
round of consensus [22]. Research on inter-agency
collaboration shows that trust establishment, willingness to
share resources, and coordination mechanism design play
vital roles in effective collaboration [23]. The hierarchical
consensus framework reduces coordination costs by
limiting cross-group communication while maintaining the
flexibility of efficient intra-group decision-making. This is
consistent with existing regional collaboration models,
which exhibit characteristics of “layered governance and
hierarchical coordination”. From this perspective, the
design of consensus protocols should not only focus on
achieving optimal performance metrics; it should also
consider compatibility with the governance structures of
the application contexts.

The improvement in prediction accuracy achieved by
GAT over conventional methods is evident. However, the
real significance of the data analytics layer lies in its ability
to audit the data analysis process itself. In conventional
data-sharing models, the data consumer performs analysis
after acquiring the data. This makes the entire analysis
process, including parameters and interpretation, non-
transparent. Data providers have no way to monitor proper
data usage. In cross-border or cross-administrative-region
scenarios, the lack of data sovereignty and accountability
is considered a major hindrance to data flow [24]. The
system design includes analytical modules in a secure
environment so that requests for analysis, execution of
models, scope of data, and output are recorded in a ledger.
Research related to applying smart contracts in access
control shows that including logic in contracts not only
simplifies permissions but also forms an authorization
record [25]. It further suggests that, in any case where
analysis takes place at the level of the data consumer, the
data provider could track the pattern of use through audit
trails, and thus establish an accountability chain in a
technical sense. The concept of “analysis as audit” might
be more successful in enabling information sharing than
strategies based on improving prediction alone.

However, the issue of “whether sharing is possible” is
addressed by technical design. The equally critical issue of
“whether there is willingness to share” in cross-regional
cooperation needs more extensive institutional and
governance structures. Studies analyzing blockchain
technology’s role in fostering economic growth indicate

2 EA

that the success of the technology is dependent on adjusting
regulatory structures, developing the digital abilities of
participating organizations, and creating effective systems
for benefit sharing [26]. While the design provides fine-
grained access controls and audit capability, it does not
consider economic aspects like pricing of data, revenue
sharing, and punishment for breaches. Studies on adaptive
security governance show that the smart contract allows
modifying security policies based on the risks incurred
during runtime, making the system evolve its governance
policies independently [27]. This method provides one
possible way of incorporating the incentives of the
economy into the framework. From a practical standpoint,
technical means alone are not enough to break down data
silos. There is also a need to create data ownership
regulations, regional coordination institutions, and
responsibility allocations. The possibility for further study
lies in combining smart contracts with the use of economic
incentives, including contract-based transactions for data
exchanges or revenue sharing based on contribution, such
that some elements of governance are embedded into the
system.

Several limitations should be acknowledged. In terms of
data analysis, the feature-level fusion method assumes that
the datasets have been preprocessed and are of equivalent
quality. However, there are considerable differences
among different regions regarding how economic data is
structured, the level of its granularity, as well as timeliness
and reliability. Regarding the existing multi-source data
heterogeneity literature, issues related to assessing data
quality, detecting data conflict, and uncertainty
quantification remain unresolved [28]. Thus, the
architecture requires upgrading in those aspects.
Specifically, in the experiment, the SupplyGraph database
contains only 40 product nodes and 8 months of time series
data. Compared to actual economic collaborations between
multiple regions that have thousands of companies and
years of history behind them, there is an order-of-
magnitude gap. This approach of scaling model
performance from small data sets to large scales requires
additional verification. Concerning platform choice, the
experimentation framework is based on Hyperledger
Fabric, primarily because of its maturity level and the rich
set of tools available for setting up consortia blockchain
networks. Comparisons between Fabric and private
Ethereum suggest that each platform has advantages and
disadvantages in terms of throughput, latency, and resource
usage, depending on the specific use case [29]. The
generalizability of the findings presented in this study also
requires validation on other platforms. Additionally, the
current integration of the data analytics layer and the
blockchain layer is loosely coupled, and the analytical
process is not directly secured. Future studies should focus
on tighter integration of these two layers, such as
incorporating  model inference into  verifiable
computations, as well as implementing privacy-preserving
computation techniques for handling sensitive commercial
data [30].
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5. Conclusion

The need for enhanced interregional economic
collaboration necessitates the establishment of a dual-
oriented data sharing infrastructure, with the initial focus
on developing trusted data exchange mechanisms to
address trust issues stemming from organizational
boundaries, and subsequently developing sophisticated
analytical capabilities to extract value from fragmented,
multi-source data. These two requirements have always
been treated independently in previous studies, creating a
fragmented approach in which systems are either
“trustworthy but not intelligent” or “intelligent but not
trustworthy.” This study aims to address both problems
within one integrated architecture. The main approach is to
extend blockchain trust mechanisms from the data storage
layer to the data analytics layer, making the analytical
process itself a trusted behavior that can be audited and
traced.

The hierarchical grouped consensus strategy serves to
demonstrate that scalability optimization does not have to
occur at the expense of decentralization. A fundamental
component of this strategy is identifying and utilizing
intrinsic hierarchical structures within the application
context. Administrative structures, upstream-downstream
linkages in industrial supply chains, and spatial proximity
in regional economic alliances constitute the natural
grounds upon which the hierarchy-based consensus model
can be divided. The superiority of GAT in predicting
demand justifies the need for using network structure data
to understand economic systems. Supply chains and the
regional economic system should not be treated as mere
collections of independent economic actors; rather, the
connections between such actors carry significant
predictive value, and GNNs provide an effective means of
harnessing such value.

Looking toward the future, the use of both technologies
would expand to include more than just the loosely-
coupled architecture mentioned in this study. With
technological  advancements such as  verifiable
computation and privacy-preserving machine learning,
there is a growing expectation that analysis will be
conducted through more secure execution environments,
achieving deep integration where “computation equals
consensus.” At the application level, the technical
feasibility of data sharing ultimately requires coordination
with governance mechanisms and economic incentives to
translate into actual collaborative action. The questions of
how to encode more complex collaboration rules within
smart contracts, how to devise incentive-compatible
mechanisms that facilitate data flow, and how to balance
transparency with commercial privacy protection are core
concerns in assessing the development potential of cross-
regional data ecosystems beyond the technical prototype
stage. The continued evolution of regional economic
integration is creating pressing needs for this research
while suggesting promising directions for technical
innovation.
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