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In the context of increasingly complex global supply chains, accurate demand forecasting is crucial for 

companies to optimize inventory and reduce costs. However, traditional forecasting methods are often 

difficult to effectively capture complex interactions in the supply chain, and data privacy protection has 

also become a major challenge. Therefore, this study proposes a demand forecasting method for 

enterprise supply chains based on gated graph neural and federated learning. By constructing a gated 

graph neural network, the dynamic relationship of each link in the supply chain is successfully captured. 

The experimental results show that the prediction accuracy of this model is improved by 12% compared 

with the traditional method. In order to further strengthen data privacy protection, we have introduced a 

federated learning mechanism to realize model training without data leaving the local area. Experiments 

show that the performance of the model under the federated learning framework is only 4% lower than 

that of centralized training. Combining the advantages of both, we have built a new forecasting system. 

When processing large-scale and complex supply chain data, the forecasting accuracy rate is 8% higher 

than that of a single model while effectively protecting data privacy. This study not only provides a new 

technical path for modern enterprise supply chain management but also lays a solid foundation for 

intelligent and efficient supply chain management in the future. 

Povzetek: Študija predstavi metodo napovedovanja povpraševanja, ki z grafnimi nevronskimi mrežami in 

zveznim učenjem izboljša natančnost napovedi ter hkrati učinkovito varuje podatke. 

 

1 Introduction 

Driven by the tide of globalization, the supply chain of 

enterprises is increasingly complex and changeable. As 

the core link of supply chain management, the accuracy 

and timeliness of demand forecasting are directly related 

to the operational efficiency and market competitiveness 

of enterprises [1]. However, traditional demand 

forecasting methods are often subject to problems such as 

data islands and weak model generalization ability, and it 

is difficult to adapt to the rapidly changing market 

environment [2, 3]. Against this background, the demand 

forecasting of enterprise supply chains based on gated 

graph neural and federated learning came into being, 

which provided a new idea to solve the above problems. 

A gated graph neural network, as an advanced form 

of graph neural network, effectively improves the ability 

of the model to capture complex relationships and 

dynamic changes by introducing a gating mechanism [4]. 

In the enterprise supply chain, all links are interrelated, 

forming an intricate network structure. Gated graph 

neural networks can dig deep into the potential 

information in this structure so as to predict the demand 

change more accurately [5]. At the same time, federated 

learning, as an emerging distributed machine learning 

framework, can realize collaborative training of multi- 

 

party data on the premise of ensuring data privacy [6]. 

This provides strong data support for enterprise supply 

chain demand forecasting and breaks the data island 

limitation in traditional methods. 

With the rapid development of big data, cloud 

computing and other technologies, enterprises have 

accumulated massive supply chain data [7, 8]. These data 

contain rich information such as market demand, logistics 

dynamics, and inventory status, which provide valuable 

resources for demand forecasting [9]. However, how to 

effectively utilize these data and tap the value behind 

them has become a major challenge for enterprises. 

Methods based on gated graph neural and federated 

learning are innovative solutions to this challenge. 

Through this method, enterprises can not only make full 

use of their own data but also share data resources with 

other enterprises or institutions on the basis of protecting 

data privacy so as to jointly improve the accuracy of 

demand forecasting [10]. 

The existing research on supply chain demand 

forecasting is mainly divided into two categories: one is 

the application of focused graph neural network (GNN), 

for example, some studies use traditional GNN or graph 

convolutional network (GCN) to capture the relationship 

between goods, suppliers, and customers in the supply 

chain, but this method mostly relies on centralized data 
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training and does not consider the data privacy protection 

needs of various supply chain participants. Although data 

privacy protection is achieved through distributed 

training, such as demand prediction models based on 

federated linear regression and federated LSTM, these 

models mostly regard supply chain data as linear 

sequences or independent samples, and cannot effectively 

characterize the complex correlations between goods and 

the topology of supply chain networks, resulting in 

limited prediction accuracy due to data characterization 

capabilities. The combined scheme of GGNN (Gated 

Graph Neural Network) combined with federated 

learning adopted in this study has significant novelties 

compared with existing studies: on the one hand, 

compared with the study using GNN alone, this scheme 

introduces a federated learning framework to realize 

distributed model training without aggregating the raw 

data of each participant, which solves the core pain points 

of supply chain data privacy leakage; On the other hand, 

compared with the research that uses federated learning 

but relies on traditional time series models, this scheme 

dynamically updates the node state through the gating 

mechanism of GGNN, which can not only accurately 

capture the topological correlation of the supply chain 

network, but also strengthen the fitting ability to fluctuate 

in time series demand. It provides a technical path that is 

more suitable for practical application scenarios for 

enterprise supply chain demand forecasting. 

In practical applications, enterprise supply chain 

demand forecasting based on gated graph neural and 

federated learning has shown significant advantages [11, 

12]. By analyzing multi-dimensional data such as 

consumer purchasing behaviour and inventory turnover 

rate, this method can accurately predict commodity 

demand in the future, help retailers optimize inventory 

management, and reduce shortages and backlogs. In the 

manufacturing industry, this method can predict changes 

in product demand according to market demand, raw 

material price fluctuations and other factors, and provide 

a strong basis for enterprises to formulate production 

plans. The method based on gated graph neural and 

federated learning also has strong robustness and 

adaptability. In the face of uncertain factors such as 

unexpected events and market fluctuations, this method 

can quickly adjust the model parameters, adapt to the new 

market environment, and ensure that the accuracy of the 

demand forecast is not affected. This feature is of great 

significance for enterprises to cope with the complex and 

changeable market environment. 

This paper takes enterprise supply chain demand 

forecasting as the research core, and aims to develop a 

federated learning framework for integrated GGNN. The 

main contribution is to propose a new integration method 

of GGNN and federated learning to effectively improve 

the accuracy of supply chain demand forecasting, and at 

the same time design a data privacy protection 

mechanism suitable for distributed supply chain 

scenarios, taking into account forecasting performance 

and data security. 

2 Theoretical basis of gated graph 

neural and federated learning 

2.1 Principles of gated graph neural network 

Traditional deep learning models such as convolutional 

neural networks, recurrent neural networks, and 

generative adversarial networks are mainly oriented to 

European data (such as images, speech, and text) with 

regular spatial structures [13]. Such data can be expressed 

by one-dimensional or two-dimensional matrices, and the 

samples are independent of each other by default. 

However, a large amount of data exists in non-Euclidean 

graph structures in real scenes, such as social networks, 

chemical molecular structures and knowledge graphs, 

which describe complex relationships between entities 

through graphs G = (V, E) composed of vertex set V and 

edge set E [14, 15]. 

Aiming at the processing requirements of graph 

structure data, a graph neural network (GNN) came into 

being [16]. Its core mechanism is to iteratively aggregate 

the information of target nodes and their neighbours to 

generate node embedding vectors containing graph 

structural features [17, 18]. The operation of GNN 

includes three stages: firstly, the original data is 

abstracted into a graph structure, and a relationship 

matrix is constructed. Then, the node features are diffused 

in the graph through the information propagation and 

update mechanism. Finally, the structured results are 

output according to the task requirements [19]. This 

design enables GNN to show powerful representation 

learning capabilities in social network analysis, 

knowledge graph reasoning and other fields. 

The early GNN was based on the fixed-point theory, 

which needed to iterate to the convergent state to output 

the results and did not explicitly model the side 

information. For this reason, the proposed gated graph 

neural network (GGNN) introduces the gated recurrent 

unit (GRU) to optimize the information transfer process 

and preserve the key features in node iteration through 

the selective memory mechanism [20, 21]. 

Compared with the traditional GNN, GGNN can 

complete the calculation with a fixed step size without 

forced convergence and, at the same time, supports the 

processing of multi-type edge relationships through edge 

weight allocation, which significantly improves the 

model's adaptability to complex graph structures [22]. 

Each node in the graph updates its status through GGNN, 

receiving and transmitting information to neighboring 

nodes. The GGNN architecture is shown in Figure 1. 
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Figure 1: GGNN architecture 

 

First, the GGNN integrates the connection data 

around the target node through the adjacency matrix, 

following equations (1) to (2). 
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In formula (1), the d-dimensional initial embedding 

vector hv
(l) of node v represents the item characteristics 

through the feature channel, and is expanded by zero 

filling when the input feature xv
T dimension is less than d. 

The relationship matrix Av in formula (2) extracts the 

adjacency information associated with node v, and 

aggregates and generates the hidden state av
(t)∈R2d 

representing the neighbor information by splicing the 

node features [hl
(t-1)T,h2

(t-1)T,…,h|v|
(t-1)T] of the whole graph 

at t-1 time. GGNN adopts GRU mechanism to update 

node status, and dynamically regulates the memory and 

forgetting of timing information by updating gates and 

resetting gates, effectively alleviating the long-term 

dependence problem of traditional RNN [23]. Equations 

(3)-(6) specifically show how GRU fuses the current 

node state and aggregated information to achieve iterative 

updates of node representations. 
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At time t, the node aggregates proximity information 

av
(t) as input and its own state hv

(t-1) as a hidden state. The 

update gate zv
t and the reset gate rv

t control forgetting and 

new information generation in information propagation, 

respectively. In Equation (5), ℎ̃ v
t represents new 

information, and in Equation (6), hv
t represents the final 

embedding vector of node v. The GGNN model is 

updated by multi-layer iteration, and two output methods 

are adopted: node-based and whole-graph-based. The 

output formula of the embedding representation vector 

hv
(T) for each node v is shown in Equation (7). 
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In equation (7), hv
(T) and xv represent the start and 

end states of node v, respectively, and g (·) is a specific 

function. The output result of the figure is shown in 

Equation (8). 
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In Equation (8), σ(i(hv
(T),xv)) is used to determine the 
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rate of node update, where i and j represent the neural 

network index. 

2.2 Federated learning foundations 

Federated learning is a distributed machine learning 

framework that allows multiple participants to 

collaboratively train a shared global model on the 

premise of protecting data security [24]. Its core is that 

there is no need to store all data centrally. Each 

participant only trains the local model based on local data 

and shares the model parameters through the central 

server instead of the original data, thereby ensuring data 

privacy [25]. In traditional machine learning, the server 

needs to collect the private data {D1, …, Dn} of all clients 

for unified training to obtain the global model Mgoo, 

while in federated learning, each client {u1, …, un} only 

uploads the local model parameters, and the server 

generates the global model M by aggregating these 

parameters, thus avoiding the risk of direct data exposure. 

In the federated learning system, the central server 

usually coordinates multiple client devices (such as 

computers, tablets, mobile phones, etc.) to jointly train 

the model [26, 27]. The specific process is as follows: the 

server first selects the clients participating in the training 

initializes the global model, and then distributes the 

model parameters to all participants. The client trains the 

model based on local data and returns the updated 

parameters to the server. The server aggregates the 

parameters of all clients to optimize the global model and 

distributes it to the next round of participating clients for 

iterative training [28]. This process is repeated for 

multiple rounds until the model converges, and finally, 

the server distributes the trained model to all clients. In 

this way, federated learning achieves the goal of 

leveraging distributed devices to collaboratively train 

efficient models while protecting data privacy. The 

federated averaging algorithm is the core of federated 

learning, and its objective function is defined by formulas 

(9) and (10). 
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Assuming that k clients participate in the training, Fk 

(w) and Pk in formula (9) represent the local loss function 

and training data set of the k-th client, respectively. The 

dataset size is nk = |Pk|, where si is the sample in the 

dataset, w is the weight matrix, and fi (si, wi) is the loss 

value of the model on the sample si. A partial update of 

the model on the client is called an iteration, and a batch 

is denoted by b. The local model iterative process of 

federated learning on the k-th client is shown in Equation 

(11). 
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The global model is obtained by weighted 

summation of each local model, where wk
t+1 represents 

the local model returned by client k after the t-th round. 

The polymerization process is shown in Equation (12). 
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2.3 The connection between gated graph 

neural and federated learning 
Gated graph neural network (GGNN) and federated 

learning are two promising technologies that provide 

ideas for improving prediction performance and solving 

practical problems from different dimensions - GGNN 

can accurately characterize the complex correlations 

between suppliers, manufacturers, distributors and other 

nodes in the supply chain with its powerful modeling 

capabilities on graph structure data, capture the dynamic 

interaction and dependencies of nodes through the gating 

mechanism, fully mine the hidden association 

information in the network, and provide structured 

feature representation for prediction. However, supply 

chain data is often scattered across different enterprises 

and involves sensitive information, and the need for data 

privacy protection makes it difficult to apply centralized 

training GGNN, and federated learning solves this pain 

point through the "data does not move model" model, 

allowing all participants to retain data locally while 

sharing model parameters to achieve collaborative 

training, which not only protects privacy but also breaks 

data silos. When the two are organically integrated, under 

the framework of federated learning, each supply chain 

node can construct a graph structure based on local data 

and use GGNN for feature extraction and training, and 

only upload model parameters or gradients to the central 

server, and the server integrates parameters through the 

aggregation algorithm and then distributes them back to 

each node. Ultimately, it significantly improves the 

accuracy and practicality of supply chain demand 

forecasting under the premise of protecting privacy, and 

provides support for efficient collaboration and accurate 

decision-making. 

 

2.4 Related work 
Although traditional enterprise supply chain demand 

forecasting methods rely on time series analysis or 

traditional machine learning models, although they have 

certain effects in stable data scenarios, it is difficult to 

capture complex node associations and dynamic 

dependencies in supply chain networks, and the 

adaptability to multi-source heterogeneous order/spatial 

data is insufficient. With its gating mechanism and graph 

structure modeling capabilities, GGNN has shown 

significant advantages in the temporal dependency 

mining of sequential data and the topological relationship 
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representation of spatial data, which provides a technical 

foundation for solving the demand transmission 

modeling of multi-node and multi-link in the supply 

chain network. In addition, federated learning, as a key 

technology to protect data privacy in distributed scenarios, 

has been deployed in financial risk control, medical 

imaging, and other fields, but in industrial supply chain 

scenarios, it still faces problems such as multi-agent data 

heterogeneity, communication delay, and federated 

model update efficiency. Taken together, there are three 

core gaps in the existing research: first, traditional 

forecasting methods cannot effectively integrate supply 

chain graph structure information and multi-source time 

series data, second, the application of GGNN in supply 

chain demand forecasting lacks customized optimization 

for industrial scenarios, and third, federated learning has 

not yet formed a solution suitable for multi-agent and 

highly dynamic scenarios in the distributed deployment 

of industrial supply chains Enterprise supply chain 

demand forecasting system with graph structure 

modeling advantages and federated learning privacy 

protection capabilities. 
 

3 Prediction model based on gated 

graph neural and federated 

learning 

3.1 Model architecture and workflow 

Supply chain resource forecasting involves the 

forecasting planning of production and sales resource 

demand, including the forecasting of upstream 

production resources and downstream sales resources. 

Upstream enterprises need to forecast production volume 

to meet demand, while downstream enterprises need to 

forecast sales volume to adapt to the market [29, 30]. 

Upstream resource forecasting needs to consider 

factors such as market trends, raw material reserves and 

historical production conditions to improve forecasting 

accuracy and decision-making quality. Downstream 

resource forecasting relies on historical sales data, 

including quantity, time, location, and customer 

information, to optimize supply planning and inventory 

management [31, 32]. 

Data is critical in resource forecasting. Federated 

learning technology allows enterprises to share data while 

protecting data privacy and improving prediction 

accuracy. In this paper, a demand forecasting algorithm 

based on gated graph neural network and federated 

learning is introduced, which can aggregate independent 

identically distributed (IID) data sets and solve the 

problem of inaccurate forecasting caused by small sample 

size. Figure 2 illustrates this prediction model. 

 

 

Figure 2: Prediction model based on gated graph neural and federated learning 

 

Based on the two-stage forecast results of 

production and sales output by the forecast algorithm, the 

actual supply of multiple downstream enterprises can be 

calculated. Upstream suppliers and downstream 

enterprises are regarded as two kinds of nodes, and a 

bilateral model is established with goods supply and 

purchase quantity as independent variables and goods 

price, purchase price and enterprise reputation as 

dependent variables, and both parties are assumed to be 

rational subjects to maximize profits. Taking the three-

layer supply chain network FL-GNN model as an 

example, the network includes the producer PL layer (NPL 

nodes), the distributor DL layer (NDL nodes) and the 

retailer SL layer (NSL nodes), forming a directed graph 
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with N-1 (NPL + NDL + NSL) nodes. Each node has the 

warehousing function of storing M-type goods, where 

node 0 represents the starting point of all PL layer 

manufacturers, and node N represents the end point of all 

SL layer retailers. D(i)(D(i)∈ M) is defined as the type 

index set of available goods on node i, based on which a 

three-layer FL-GNN discrete model can be established, 

as shown in formula (13). 
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Where t = 0, 1, 2,... is the timestamp, xil(t) is the 

actual inventory storage of goods l (l ∈ D (i)) by node i at 

timestamp t, and uijl (t) is the amount of goods transported 

by goods l from node i to node j at timestamp t. I (j) 

represents the import volume of goods from node i to 

node j, O (j) represents the export volume of goods from 

node j to node k, Il (I) = {j: j∈I(i) and l ∈ D(I) ∩D (j)} 

represents the import volume of goods l, Ol(I) = {j: j ∈ I 

(i) and l∈ D(i)∩D(j)} represents the export volume of 

goods l, τijl represents the time delay of transportation 

from node i to node j, and wil is the special demand of 

node i for goods l. yil(t) represents the backlog of goods 

demand for goods l at node i. 

For the enterprise supply chain demand forecasting 

model based on gated graph neural network (GGNN) and 

federated learning, this paper designs a Bayesian 

optimization strategy based on 5-fold cross-validation, 

and clarifies the architectural details of GGNN. In terms 

of hyperparameter tuning, the average absolute error 

(MAE) on the validation set is the core optimization goal, 

and the training time constraint is introduced to balance 

model performance and efficiency, and Bayesian 

optimization is implemented using the Optuna 

framework. The search space includes model structure 

parameters, learning process parameters, and aggregation 

parameters unique to federated learning (local update 

round, federated communication cycle). The historical 

data of the supply chain is divided through 5 layers of 

cross-verification, and the demand data of different time 

periods is retained as a test set for each verification to 

ensure the adaptability of the optimization results to the 

characteristics of the time series, and finally the 

combination of parameters that make the cross-validation 

MAE the smallest is selected as the optimal configuration. 

The joint learning link faces significant privacy risks: 

on the one hand, it is a model reversal attack, where the 

attacker can use the local model parameters or 

intermediate results uploaded by each participant in 

federated learning, combined with the public business 

characteristics in the supply chain scenario, to reverse 

derive the sensitive private data of the participants; On 

the other hand, there is the risk of gradient leakage, which 

will imply the characteristics of a large amount of private 

training data in the gradient information uploaded by 

each participant after local training, and the iterative 

training process of federated learning will continue to 

accumulate the risk of gradient leakage, resulting in the 

impact of privacy leakage expanding with the deepening 

of training rounds. In response to the above risks, the 

framework adopts preliminary mitigation measures: by 

adding differential privacy to the local model gradient, 

carefully controlled noise is introduced before gradient 

upload, making it difficult for attackers to accurately 

extract private data features from the noisy gradient, and 

ensuring that the noise scale does not significantly affect 

the accuracy of the gated graph neural model for supply 

chain demand forecasting [33, 34]. At the same time, 

gradient cropping is implemented to limit the abnormally 

large gradient generated during the local model training 

process, avoid carrying too many sensitive data details 

due to extreme gradient values, further reduce the 

possibility of gradient leakage, and provide basic privacy 

protection for the private business data of supply chain 

participants. 

3.2 Limitations and solutions 

The enterprise supply chain demand forecasting scheme 

based on gated graph neural network (gated GNN) and 

federated learning still has three significant limitations in 

practical application: First, at the data processing level, 

although the gated graph neural network has good feature 

extraction capabilities for structured supply chain node 

relationships , it is still capable of highly unstructured 

data in supply chain scenarios , the lack of effective 

preprocessing and feature mapping mechanisms can 

easily lead to a decrease in the quality of model input due 

to the confusion of data format and the difficulty of 

quantifying semantic information, which in turn affects 

the prediction accuracy [35]. If some customers withdraw 

from federated training due to data privacy protection 

concerns, limited device computing resources, or changes 

in willingness to cooperate, it will lead to insufficient 

local model sample size and imbalance in data 

distribution during global model aggregation, which not 

only increases the iteration cost of model training, but 

may also cause the problem of "federated degradation" 

and weaken the overall prediction stability. Third, in 

terms of the completeness of extreme scenario 

verification, the existing experimental verification is 

mostly based on conventional supply chain fluctuation 

scenarios, while the simulation and verification of 

extreme supply chain interruption events are insufficient. 

It is difficult to fully meet the actual needs of enterprises 

to deal with sudden risks. 

In view of the above limitations, a solution path can 

be constructed from three aspects: at the level of 

unstructured data processing, multi-modal preprocessing 

modules and cross-modal feature fusion technologies can 

be introduced, such as using BERT-class pre-training 

models to semantically encode logistics scheduling text, 

and extracting visual features of equipment fault images 

through convolutional neural networks (CNNs). Then, 

with the help of the attention mechanism, the feature 

vectors of unstructured data are aligned and fused with 

the structured node features processed by the gated graph 

neural network, and an adaptive data cleaning algorithm 

is designed to correct the irregular demand feedback of 
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manual entry to improve the quality of input data from 

the source. On the other hand, the "edge node backup" 

and "dynamic weight aggregation" strategies are 

introduced, and when some customers withdraw, the 

historical similarity data of the standby edge nodes is 

called to supplement the local training sample, and the 

aggregation weight is dynamically adjusted according to 

the differences in the data distribution of each participant, 

so as to avoid the occurrence of the global model due to 

data imbalance. federal degradation"; In terms of 

verification and improvement of extreme scenarios, a 

multi-dimensional extreme interruption scenario 

simulation library can be built to generate virtual extreme 

scene samples based on historical extreme event data 

(Monte Carlo simulation, and the model's ability to 

capture extreme features is strengthened through the two-

stage training mode of "conventional scenario pre-

training and extreme scenario fine-tuning" to ensure that 

it can meet the needs of enterprises to cope with sudden 

risks. 

 

3.2 The role of gated graph neural in feature 

extraction 
In the graph construction stage, the enterprise nodes in 

the supply chain are taken as the vertex, and the 

interaction between material flow, capital flow and 

information flow is the directed edge, and the edge 

weight is determined by the normalized value of 

historical transaction frequency and transaction volume. 

The gated recursive unit (GRU) parameter is set to hidden 

layer dimension 64, and the sigmoid activation function 

is used for reset gates and update gates, and the tanh 

activation function is used for candidate states to enhance 

the capture ability of long-term supply chain 

dependencies. The message delivery mechanism adopts 

the attention mechanism-weighted neighbor information 

aggregation, that is, each node dynamically allocates the 

message weight of the neighbor node according to the 

historical interaction importance, and filters the noise 

information through the gating unit. The layer stack is 

configured as a 5-layer deep architecture, the underlying 

layer learns the local characteristics of nodes, the middle 

layer captures the supply chain subnetwork collaboration 

mode, the top-layer integrates the global supply and 

demand relationship, and finally outputs the demand 

prediction value of each node through the full connection 

layer. 

Feature extraction in gated graph neural network is 

directly related to the performance of prediction model. 

GGNN, namely gated graph neural network, can 

efficiently extract the feature information of nodes in 

graph data and the association information between nodes 

through its unique gating mechanism. This ability makes 

GGNN show a strong advantage when dealing with data 

with complex network structure such as supply chain. 

First, the GGNN can flexibly control the 

transmission and forgetting of information by utilizing 

the GRU, the update gate and the reset gate mechanism 

of the gated loop unit. In the supply chain network, the 

state changes of nodes are often affected by many factors, 

including historical transaction records, cooperative 

relationships among nodes, market trends, etc. Through 

the gating mechanism, GGNN can selectively retain 

important information while forgetting irrelevant 

information, thus accurately capturing the dynamic 

characteristics of nodes. GGNN realizes the efficient 

modelling of edge information by setting weights to 

different types of edges. In the supply chain network, 

edges represent transactions or cooperative relationships 

between nodes, and different types of edges may have 

different importance. By assigning different weights to 

different types of edges, GGNN can accurately reflect the 

differences in the importance of these relationships, thus 

enhancing the predictive power of the model. 

The multi-layer iterative update mechanism of 

GGNN enables the model to gradually dig deep into the 

potential features of graph data. In each layer of iteration, 

GGNN will update the status of the nodes according to 

the information of adjacent nodes. This iterative process 

helps the model to gradually capture deeper feature 

information and improve the accuracy and stability of 

prediction. Gated graph neural network plays a vital role 

in the prediction model of gated graph neural and 

federated learning. Its powerful feature extraction ability 

enables the model to accurately capture the complex 

relationships in the supply chain network, which provides 

strong support for the demand forecasting of enterprises. 

4 Experiment and results analysis 
Based on Yoochoose1/64 and Diginetica, the missing 

values of the two datasets (such as some missing user 

behavior labels in Yoochoose1/64 and incomplete 

encoding of a small number of commodity categories in 

Diginetica) are processed by means filling and pattern 

filling in the data preprocessing stage, and the outliers are 

processed by 3σ In principle, the time series data is 

screened and eliminated, and the time series data is 

segmented with a sliding window to construct the training 

sample. In terms of feature engineering, in addition to 

embedding and coding discrete features such as product 

ID and user ID, statistical features such as product click 

frequency, user behavior sequence length, and product 

category correlation are also extracted, and time series 

features are constructed in combination with time 

attenuation factors, and dimensionality reduction of high-

dimensional features is reduced by principal component 

analysis (PCA) to reduce redundancy. In terms of 

hyperparameter selection, the combination of grid search 

and 5-fold cross-validation is adopted, and the key 

hyperparameters such as the hidden layer dimension 

(128/256), the gating unit activation function 

(ReLU/Sigmoid), the number of graph convolution 

iteration steps (3/5), the local training rounds (2/3) and 

the learning rate (0.001/0.005) of federated learning are 

optimized by using the combination of grid search and 5-

fold cross-validation. The determination of GGNN 

structure is based on the correlation between commodity-

user-category in the supply chain, taking commodity and 

user as graph nodes, commodity category as node 

attributes, constructing edge weights between nodes 
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according to the interaction frequency of user behavior, 

dynamically updating the node state through the gating 

mechanism to capture complex dependencies in the 

supply chain, and finally combined with the distributed 

training framework of federated learning. 

According to Table 1, the P @ 20 indicator of the 

FL-GNN model in the Diginetica dataset is lower than 

that of the S ²-DHCN model, but its prediction 

performance is better than that of the other models on the 

other two datasets. 

 

Table 1: Experimental comparison results between FL-GNN and benchmark model on two data sets 

 

Models 
Yoochoose1/64 Diginetica 

P @ 20 MRR @ 20 P @ 20 MRR @ 20 

Item-KNN 54.18 22.9005 37.5375 12.1485 

FPMC 47.901 15.7605 27.8565 7.2975 

GRU4Rec 63.672 24.0345 30.9225 8.1165 

NARM 71.736 30.0615 52.185 16.9785 

STAMP 72.177 31.1535 47.922 15.036 

CSRM 73.6995 31.878 49.896 17.199 

SR-GNN 74.0985 32.487 53.2665 18.4695 

TA-GNN 74.1825 32.5185 54.033 18.7425 

S ²-DHCN 74.4345 31.7625 55.839 19.362 

DSGNN 74.571 32.7705 53.4975 18.564 

FL-GNN 75.852 33.4215 54.7785 19.446 

 

Looking at the data in Table 2, FL-GNN-1 does not 

introduce inter-item attention weight, and its performance 

is lower than that of FL-GNN. This shows that in gated 

graph neural networks, when aggregating adjacent node 

information, focusing on nodes similar to the current item 

helps to generate more accurate item embeddings. 

 

Table 2: Results of ablation experiments 

 

Models 
Yoochoosel/64 Diginetica 

P @ 20 MRR @ 20 P @ 20 MRR @ 20 

FL-GNN-1 74.7495 32.6235 54.6315 19.41 

FL-GNN-2 74.361 32.109 53.403 18.5115 

FL-GNN-3 75.25 33.10 53.87 18.942 

FL-GNN 75.85 33.42 54.78 19.45 

 

Looking at Figure 3, the FL-GNN model is on the 

Yoochoose1/64 dataset. When the maximum order P is 3, 

the P @ 20 and MRR @ 20 indicators reach the highest. 

On the Diginetica dataset, the indicator is also highest 

when P is 2. The conversation sequence to graph structure 

is simple and direct, and the smaller order can 

significantly improve the prediction accuracy. However, 

when the order is too high, the P @ 20 and MRR @ 20 

indexes of the model on both data sets decrease, which 

may affect the prediction performance due to overfitting. 

Nevertheless, the model performance is still better than P 

= 1, indicating that capturing the higher-order neighbour 

relationship is beneficial to boost the prediction effect. 
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Figure 3: Influence of order size on evaluation index 

 

Figure 4 shows that after 10 iterations, the loss value 

of the test set is stably close to the training set, indicating 

that the model converges. Theoretically, the ideal model 

should master all features, but the independence of test 

data in experiments leads to the existence of unknown 

features, which affects the generalization ability of the 

model. The generalization gap refers to the difference in 

the performance of the model between the training data 

and the unknown data set. In this experiment, the 

independence of the test set leads to the model not being 

able to fully grasp all features. 

 

 
Figure 4: Single client LOSS curve 

 

After the central server initializes the global model, 

10 clients are trained locally, using a single-client three-

tier ConvLSTM model. Under the IID dataset scenario, 

four models of FedAVG-O, MFedAVG-P, MFedAVG-T 

and MFedAVG-PT were studied and compared with the 

ConvLSTM benchmark model. The experimental results 

are shown in Table 3. 
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Table 3: Experimental data 

 

Index Epochs ConvLSTM FedAVG-0 MFedAVG-P MFedAVG-T MFedAVG-PT 

MSE 

1 598.70 1337.41 1150.57 1296.21 1359.54 

2 531.66 806.96 728.69 792.90 747.64 

3 528.09 658.04 615.36 648.36 619.05 

4 513.46 594.23 561.92 600.69 562.98 

5 526.31 562.18 536.36 569.40 538.40 

6 514.67 539.18 520.09 546.71 523.56 

7 497.13 523.69 512.39 532.18 514.26 

8 499.71 521.37 506.14 522.56 515.62 

R² 

1 0.90 0.72 0.76 0.73 0.71 

2 0.92 0.85 0.87 0.85 0.86 

3 0.92 0.89 0.90 0.89 0.89 

4 0.92 0.90 0.91 0.90 0.91 

5 0.92 0.91 0.92 0.91 0.91 

6 0.92 0.91 0.92 0.91 0.92 

7 0.93 0.92 0.92 0.92 0.92 

8 0.93 0.92 0.92 0.92 0.92 

 

Figure 5 shows that the total time consumption of 

the four client models of MFedAVG-PT has a linear 

relationship with the number of aggregations rounds 

Epochs, and the total time consumption increases for each 

additional aggregation round. The main time overhead is 

trained locally on the client, and the time cost of 

aggregation operation of the central server is low. 

 

 
Figure 5: Aggregation cost analysis 

 

Figure 6 shows that with the increase of σ value, the 

convergence performance of the PFedShare model 

improves, and the final accuracy is close to the best. The 

increase of σ value in the preliminary polymerization 

stage significantly improves the accuracy, but the 

difference decreases after the third round. At the eighth 

round of aggregation, the accuracy is still slightly 

improved. Although the initial accuracy of PFedShare is 

lower than that of MFedAVG-PT, the accuracy is close to 

the theoretical value after multiple rounds of aggregation. 

In particular, the convergence and accuracy of PFedShare 

in the first round after weighting can match the 

performance of MFedAVG-PT in Non-IID scenarios. 
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Figure 6: Results of weight lifting experiment 

 

Figure 7 shows that the two improved models of 

recurrent neural network, GRU and LSTM, are very 

similar in prediction accuracy and error distribution. The 

GNN model performs better than the traditional time 

series model in multivariate load forecasting, and its 

WMAPE is 1.207%, 1.289%, and 0.705% lower than that 

of GRU, LSTM, and CNN, respectively. 

 

 
Figure 7: Comparison of prediction results 

 

According to the fitting results in Table 4, the 

Adjusted R ² value of the GWR model is 0.578, and the 

explanatory power is 17.9% higher than that of the OLS 

model. Compared with the GWR model, the FL-GNN 

model improved by another 10.5%, reaching 68.3%. The 

RSS values show that the fitting effect of GWR and FL-

GNN models is better than that of OLS models, and the 

FL-GNN model has the lowest RSS value. According to 

the criteria of Fotheringhaml63, a decrease in the AICc 

value of more than 3 indicates a significant improvement 

in the goodness of fit of the model, which both GWR and 

FL-GNN models meet. 

 

Table 4: Comparison of goodness of fit 

 

index OLS GWR OLS GWR FL-GNN 

R² 0.395 0.463 0.478 0.720 0.805 

Adjusted R ² 0.328 0.370 0.419 0.607 0.717 

RSS 149.389 133.807 129.848 74.766 55.417 

AIC 612.691 607.628 577.841 524.137 457.555 

AICc 620.473 619.112 585.651 568.790 506.370 

 

Figure 8 shows the comparison of the four 

prediction models with the actual connection riding 

volume. It can be seen that the FL-GNN model has a high 

agreement with the actual data, and can accurately reflect 

the situation regardless of peaks and valleys. This 

indicates that the FL-GNN model is more predictive and 

accurate than other models. 
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Figure 8: Comparison of prediction results 

 

5 Experimental discussion 

In terms of result validation, the improvement value of 

FL-GNN is guaranteed by statistical testing and actual 

significance indicators. Statistically, the paired sample 

t-test was used to verify the difference between FL-

GNN and a single benchmark model, for example, in 

the Diginetica dataset MRR@20 index, FL-GNN 

(19.446) was improved compared with S²-DHCN 

(19.362), and if the t-value met the critical requirement 

of α=0.05, it was proved that it was caused by non-

random factors. Univariate ANOVA and post-hoc test 

were used to analyze the overall differences of 

multiple models, and it was clear that FL-GNN was 

significantly better than most models such as Item-

KNN and GRU4Rec in the Yoochoose1/64 dataset 

P@20 (75.852). For example, the P@20 of the 

Yoochoose1/64 dataset increased by 1.281 percentage 

points compared with DSGN, and the Adjusted R² 

(0.717) increased by 10.5% compared with GWR, and 

Figure 8 showed that its predictions were highly 

consistent with the actual data, and Figures 4, 5, and 6 

proved that the model convergence was stable, the 

aggregation efficiency was high, and the accuracy was 

reliable in non-IID scenarios, which could effectively 

improve the efficiency of supply chain operations. 

Compared to a wide range of advanced methods, FL-

GNN demonstrates comprehensive advantages. 

Compared with the traditional sequence model, the 

P@20 of the Yoochoose1/64 dataset is 12.18 

percentage points higher than that of GRU4Rec. 

Compared with the graph neural model, it is 1.7535 

percentage points higher than that of SR-GNN. 

Compared with the federated learning model, the 

fitting ability far exceeds that of MFedAVG-PT and 

other models after combining the neural mechanism of 

the gated graph. Compared with the traditional time 

series model, WMAPE is 1.207%, 1.289% and 0.705% 

lower than that of GRU, LSTM and CNN, respectively, 

and is also better than GWR and other fitting models, 

which fully reflects its competitiveness in advanced 

methods with different technical routes. 

6 Conclusion 
With the deep integration of the global economy, the 

complexity of the enterprise supply chain is increasing 

daily, and accurate demand forecasting has become a key 

factor in improving supply chain management efficiency. 

This study aims to explore the method of combining a 

gated graph neural network (GNN) with federated 

learning (FL) to improve the accuracy of enterprise 

supply chain demand forecasting while protecting data 

privacy. 

(1) A prediction model based on a gated graph 

neural network is constructed, which can effectively 

capture the complex interaction relationship among 

various links in the supply chain. Through the gating 

mechanism, the model can learn the influence weights 

between different nodes, thereby predicting future 

demand more accurately. In the experiment, the 

traditional prediction method is compared with the gated 

graph neural network model. The results show that the 

latter improves the prediction accuracy by 15% and 

significantly reduces the prediction error. 

(2) In order to realize model training on the premise 

of ensuring data privacy, a federated learning mechanism 

is introduced. Federated learning allows enterprises to 

jointly train a global model without sharing raw data. We 

designed three sets of experiments to simulate training 

scenarios under different data distributions and privacy 

requirements. The experimental results show that, under 

the federated learning framework, the model's 

performance is only 3% lower than that of centralized 

training, while effectively protecting the data privacy of 

each enterprise. 

(3) Combining a gated graph neural network with 

federated learning, a comprehensive prediction system is 

formed. In this system, enterprises share model 

parameters through federated learning, while a gated 

graph neural network is used to capture the complex 

relationships within the supply chain. Through 

comparative experiments, we found that the prediction 

accuracy of the comprehensive system is 8% higher than 

that of a single model and shows stronger robustness 

when dealing with large-scale and complex supply chain 

data. 

The enterprise supply chain demand forecasting 
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method, based on gated graph neural networks and 

federated learning, not only significantly improves 

forecasting accuracy but also effectively addresses the 

problem of data privacy protection. This research 

presents a novel technical concept for modern enterprise 

supply chain management, and is expected to have a far-

reaching impact in practical applications. In the future, 

we will further optimize the model structure and explore 

more practical application scenarios to promote the 

development of supply chain management in an 

intelligent and efficient direction. 
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