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Abstract: Globalization has contributed to the increasing complexity of supply chain structures. In
this regard, precise demand forecasting for the intricate supply chain holds paramount importance in
effective supply chain management. Traditional statistical models and deep learning methods often
face challenges in efficiently discerning correlations within a myriad of interconnected demands. To
tackle this issue, this paper proposes an intricate supply chain demand forecasting method based
on graph convolution networks adept at handling non-Euclidean data. First, the companies within
the supply chain are treated as nodes in the graph structure, and the relationships between them are
treated as edges, with demand data serving as the features of these edges. Then, a graph convolutional
network is constructed to aggregate node and edge information. Through a multi-layer network, the
relationships among nodes, edges, and historical demand are established to facilitate the prediction
of supply chain demands. In this process, the graph convolutional network incorporates supply
chain connectivity information into demand time series analysis. This integration of surface-level
topological features and deeper latent correlation attributes across the supply chain’s nodes refines
the demand forecasting precision across the entire supply chain. The validation experiment in this
paper is grounded in sales data of a singular product from multiple sales nodes of an electronics
company. The results demonstrate that the proposed method surpasses four other traditional demand
forecasting algorithms significantly in terms of accuracy, providing substantial evidence for the
superior performance of graph networks in the analysis of intricate supply chain relationships.

Keywords: demand forecasting; supply chain management; graph neural network; deep learning

1. Introduction

Demand forecasting entails predicting future customer demand for a specific product,
holding significant importance in the broader context of supply chain planning, encompass-
ing production planning [1] and inventory management [2]. Accurate demand forecasting
provides critical support for production planning and inventory management, effectively
reducing operational costs and enhancing profitability [3]. Through demand forecasting,
firms can optimize production scheduling and avoid overproduction or inventory buildup,
thereby minimizing resource waste and storage expenses. Furthermore, precise demand
forecasting increases a company’s flexibility in responding to market fluctuations. Conse-
quently, demand forecasting plays a vital role in supply chain management, significantly
improving operational efficiency and competitive advantage [4]. Demand forecasting can
be viewed as a time series forecasting task, typically relying on historical data and its tem-
poral features [5]. However, the supply chain encompasses not only time-related features
but also complex topological relationships, where the supply and demand interactions
among different entities form a complex supply chain network. These relationships often
exhibit intricate interactions. The demand of each entity is influenced not only by its own
demand and associated features but also by the competitive and cooperative dynamics with
related entities [6]. When the available supply chain data are limited to historical demand

Sustainability 2024, 16, 9608. https://doi.org/10.3390/su16219608 https://www.mdpi.com/journal/sustainability

https://doi.org/10.3390/su16219608
https://doi.org/10.3390/su16219608
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/sustainability
https://www.mdpi.com
https://doi.org/10.3390/su16219608
https://www.mdpi.com/journal/sustainability
https://www.mdpi.com/article/10.3390/su16219608?type=check_update&version=2


Sustainability 2024, 16, 9608 2 of 15

data, traditional time series forecasting methods fail to capture the potential interactions
between different entities and struggle to achieve effective predictions due to the lack of
feature data. Considering the connection information among different entities embedded
in the historical demand data, applying graph theory can transform these entities and
their relationships into graph data. By employing graph analytical methods, it becomes
possible to extract the underlying interactions among different entities from the limited his-
torical demand data, thereby having the potential to significantly improve the accuracy of
demand forecasting.

Deep learning methods have been widely applied to time series forecasting tasks,
where traditional deep learning typically utilizes Euclidean space data. However, graph
data, such as social networks, e-commerce [7], and citation networks [8], represent irregular
non-Euclidean structures, posing challenges for traditional deep learning methods to
effectively extract features from such data. Consequently, graph neural networks have
been developed to address this issue. Their distinctive structure and mechanisms empower
them to adeptly capture the intricate features of graph data, overcoming the limitations
encountered by traditional deep learning methods when confronted with irregular graph
structures [9]. Thus, graph neural networks (GNNs) offer a more potent and adaptable
framework for the analysis of graph data [10]. Currently, research on graph-based supply
chain demand forecasting is limited. Exploring how to structure supply chain demand
data in graph form and how to utilize graph neural networks for demand prediction are
important areas for investigation.

This article endeavors to reconstruct supply chain relationships by conceptualizing
entities within the supply chain as nodes and the relationships between them as edges. The
approach involves amalgamating historical demand data to formulate a time-series graph
representing supply chain demand, providing a more effective representation of the supply
chain’s topological information, which facilitates the optimal utilization of interaction
features between supply chain nodes. Subsequently, a graph convolutional network model
is established for extracting and processing the features of internode correlations within
the supply chain as well as the features of historical demand data and is employed for
forecasting the demand across the entire supply chain. The primary contributions of this
study are outlined as follows:

• Transforming an intricate supply chain network comprising numerous entities into a
graph data structure enriches the depiction of interenterprise relationships.

• A multi-layer GCN model efficiently processes graph data to predict retailer demand
for distributors, leveraging the topology and historical demand.

• Case studies and comparative experiments are executed to highlight the superiority of
GCN for forecasting in complex supply chain contexts.

The subsequent sections of this paper are structured as follows: Section 2 reviews
the pertinent literature related to the research work. Section 3 presents an elucidation of
the graph neural network model formulated in this paper. In Section 4, a practical case
is introduced for the analysis and demonstration of the proposed model and algorithm.
Section 5 provides a summary of the research study and outlines potential future directions.

2. Related Work

In recent years, research on demand forecasting has been broadly categorized into
two main methodological approaches as follows: statistical methods and machine learning
methods. This section will elaborate on the relevant research content within these two
categories.

2.1. Traditional Time Series Forecasting Methods

Traditional time series forecasting methods, such as exponential smoothing [11,12]
and autoregressive integrated moving average [13,14], are commonly employed to predict
future trends and periodic features in time series data. However, relying solely on historical
data for predictions makes it challenging to achieve accurate results [15]. To address this,
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researchers have integrated multiple forecasting models and employed data preprocessing
techniques to enhance prediction accuracy. For example, Garcia-Ascanio et al. [16] applied
Vector Autoregressive (VAR) and iMLP (interval MultiLayer Perceptron) models to interval
time series, achieving monthly electricity demand forecasting for Spain over the next two
years at an hourly resolution. Es et al. [17] developed a novel gray seasonal forecasting
model for predicting monthly natural gas demand in Turkey, demonstrating superior pre-
dictive accuracy compared to SGM and SARIMA models. Petropoulos et al. [18] analyzed
the predictive performance of different method and time combinations in the context of
intermittent demand, proving that appropriate combinations can enhance predictive per-
formance and simplify the forecasting process. Guo et al. [19] addressed issues with the
lack of sophistication in demand forecasting methods for repairable aircraft spare parts
and inconsistencies between basic forecast data and actual consumption. They proposed a
dual-layer combination forecasting method based on relevant data, which achieves more
accurate predictions consistent with actual demand. Hu et al. [20] addressed the challenge
of energy forecasting by integrating neural networks with gray prediction models, thereby
developing interval gray prediction models that function without statistical assumptions.
The proposed models performed well compared to other interval gray prediction models.
Li et al. [21] introduced an uncertain time series model that leverages annual data to forecast
urban household water demand, demonstrating higher accuracy and ease of use compared
to traditional prediction models. Although the improved methods can enhance prediction
accuracy to some extent, they are limited in their ability to address the complexities of a
networked supply chain comprising multiple entities. These methods can only predict
linear supply chain relationships and fail to capture the intricate interactions between
different entities.

Traditional time series forecasting methods often require additional modeling efforts
to establish the relationships between entities, which not only increases complexity but may
also limit the model’s flexibility and adaptability. In contrast, machine learning approaches
possess the ability to automatically extract and construct relational features between differ-
ent entities from data, thereby simplifying the modeling process and enhancing efficiency.
This characteristic enables machine learning methods to more effectively identify potential
non-linear features and interactions. Moreover, machine learning methods outperform
traditional time series methods in data processing capabilities, allowing them to handle
more complex and diverse data [22]. Therefore, machine learning-based methods have
become one of the important directions in demand forecasting research.

2.2. Machine Learning Methods

Machine learning methods are broadly categorized into two main types, namely,
traditional machine learning methods and deep learning methods. Traditional machine
learning methods are support vector regression (SVR), Decision Trees, and Multilayer
Perceptron (MLP). For example, Xu et al. [23] proposed a SARIMA-SVR hybrid model
for aviation demand forecasting, highlighting the optimal accuracy of SARIMA-SVR3
through experiments and proving that incorporating Gaussian white noise is able to
increase forecasting accuracy. Kumar et al. [24] integrated fuzzy reasoning and artificial
neural networks to construct a framework for a big data-driven fuzzy classifier, surpassing
baseline time series data prediction methods in terms of optimality, efficiency, and other
statistical indicators. Lu et al. [25] combined variable selection methods and support vector
regression to establish a hybrid forecasting model for computer product sales, with the
proposed solution showing lower error than comparative models and identifying crucial
predictive variables. Spiliotis et al. [26] compared seven machine learning methods trained
both in a series-by-series and a cross-learning fashion, revealing that some methods achieve
superior results in terms of accuracy and bias in predictions. Traditional machine learning
methods rely on prior knowledge and expert experience, which limits their adaptability
in complex systems. This makes it challenging to capture the dynamic data features and
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complex relationships within supply chain systems, thereby restricting their predictive
capabilities and accuracy in practical applications.

On the other hand, deep learning methods encompass various network structures
and their variants, such as convolutional neural networks [27,28] and recurrent neural
networks [29,30]. These methods learn abstract representations of data through multi-
layered neural network models, offering stronger feature learning and representation
capabilities suitable for handling large-scale, high-dimensional data. Abbasimehr et al. [31]
achieved demand data forecasting for a furniture company using a multi-layer LSTM
network approach, automatically selecting the optimal prediction model through grid
search, outperforming other comparative time series forecasting methods in performance
indicators. Bi et al. [32] proposed a computer vision-based deep learning model encoding
tourism demand data into images for prediction, demonstrating the model’s performance
compared to seven benchmark models. Bandara et al. [33] associated individual time series
predictions with relevant time series, uniformly representing associated information using
a global training long short-term memory network, validating the superior performance
of the proposed method using real online market data from Walmart.com. Rodrigues
et al. [34] combined text information with time series data, introducing a network model
that integrates natural language processing and time series prediction. By fusing two
complementary cross-modal information sources, they significantly reduced errors in pre-
dictions. These studies demonstrate the advantages of deep learning in extracting features
from Euclidean data. However, when confronted with non-Euclidean data from complex
supply chains with irregular topological structures, such methods fail to fully capture the
potential associative features between different supply relationships, thereby limiting their
adaptability in demand forecasting. Kosasih et al. [35] introduced graph neural networks
into automotive supply chain analysis, achieving better predictive results than existing
algorithms. While this study did not extend to demand forecasting, it confirmed the efficacy
of graph neural networks in addressing supply chain complexities.

In summary, limited research exists on applying graph neural network methods to
supply chain demand forecasting. Existing deep learning research has not fully considered
associative features and model adaptability. To address this issue, this paper focuses on
the topological structure of supply chains, transforming supply chain relationships into
graphs. Then, utilizing graph neural networks to model and analyze the supply chain by
capturing more associative features in the supply chain, thereby improving the accuracy of
demand forecasting.

3. Methodology

This section first introduces the fundamental theory of GCN and then provides a
detailed explanation of the proposed method from four aspects as follows: data processing,
hyperparameter settings, model construction, and model training evaluation.

3.1. Graph Convolutional Network

The graph convolutional network (GCN) [36] is a deep learning model explicitly
crafted for processing graph-structured data. In contrast to traditional convolutional
neural networks, which are tailored for regular grid data, GCN is adept at handling graph
data. This characteristic renders it particularly suitable for the analysis and prediction
of supply chain structures. Its inherent compatibility with the topology of supply chains
enables its effective application in analyzing and forecasting the dynamics within supply
chain systems.

Consider a graph data set comprising N nodes, each endowed with D-dimensional
feature information. Let the N × D-dimensional matrix denoted by the node features be X,
while the relationships between nodes are captured by the adjacency matrix denoted as A.
The elements of the adjacency matrix represent the existence of connections between nodes
and represent the weights of edges. Each row in X represents the feature vector of one
node, and the elements of A represents the topological structure of connections between
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nodes along with potential weight information. The combination of X and A forms the
input for the GCN.

The GCN employs various propagation formulas between layers, outlined as follows:

H(l+1) = σ
(

D̂− 1
2 ÂD̂− 1

2 H(l)W(l)
)

(1)

where Â = A + I, and I is the unit matrix, referred to as the self-connection term; D̂ is the
diagonal matrix; W(l) is the weight matrix for the l-th layer, which is a trainable parameter
in the GCN network; H(l) is the node representation for the l-th layer, and H(0) represents
the input node features X; and σ is the activation function.

The inclusion of a self-connection term I in the adjacency matrix Â within the prop-
agation formula serves the purpose of enabling each node to take into account its own
information. This ensures the preservation of the original information and attributes of
the node, contributing to the control of information propagation intensity. This measure
helps prevent an undue dependence on information from neighboring nodes in the graph
convolutional layer, thereby maintaining a certain reliance on the node’s own features. The
subsequent step involves normalizing the adjacency matrix Â, and the calculation method
is as follows:

Â′ = D̂− 1
2 ÂD̂− 1

2 (2)

where d̂ii = ∑
j

âij. Specifically, for node i and its neighboring node j, each having corre-

sponding degrees di and dj, the calculation method for the adjacency matrix element is
as follows:

â′ij =
âij√
di · dj

(3)

Following normalization, the resulting adjacency matrix Â′ becomes a symindica-
tor matrix, with each element representing the normalized connection strength between
corresponding nodes. The normalized adjacency matrix, when multiplied by the node
representation H(l), facilitates the transmission and aggregation of node features. Sub-
sequently, a linear transformation is executed using the learnable weight matrix W(l),
followed by the application of a non-linear activation function, leading to the formation of
the new node representation H(l+1). This iterative process, achieved through the stacking
of multiple layers, enables nodes to gradually converge and propagate information within
the graph structure.

GCN accomplishes the propagation and aggregation of node features by normalizing
the adjacency matrix, executing a linear transformation with the combination of node
features, and mapping them to a new feature space. The incorporation of a non-linear
activation function enhances the ability of the model to capture non-linear relationships.
This iterative process stacks multiple layers to integrate and transmit information within
the graph structure, enhancing the model’s capabilities for various graph-related tasks.

3.2. Proposed Method

This article seeks to develop a model capable of accurately predicting demand between
various nodes within a complex supply chain. Leveraging the adaptability of GCN to
supply chain data and their demonstrated superior performance, we construct and train a
multi-layer GCN model to forecast overall demand data in the supply chain. The schematic
diagram of the proposed method is illustrated in Figure 1.
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The method proposed in this article comprises five main components as follows: data
processing and dataset splitting, setting hyperparameters, model construction, and model
training and evaluation. The specific details of each component are outlined as follows:

3.2.1. Data Processing and Splitting

Given that the original supply chain data lacks a graph structure and is unsuitable for
direct utilization in graph neural network models, preprocessing of the raw data becomes
imperative. The initial data must undergo transformation into a time series graph format
to facilitate effective training and prediction within graph neural network models.

The process of constructing a time series graph involves two distinct steps as fol-
lows: supply chain decomposition and time series graph construction. Let G = (V, E)
be the supply chain graph, where V = {v1, v2, . . . , vn} represents the set of nodes and
E = {e1, e2, . . . , en} represents the set of edges denoting connections between nodes.

First, the supply chain is decomposed at the topological level. Different entities within
the supply chain are abstracted into nodes vi in the graph. Then, the entity types and other
node features are constructed into the node feature vector X ∈ Rn×m, where n represents
the number of nodes and m represents the dimensionality of node features. Second,
historical demand data between different nodes at

ij, combined with edge ek = (vi, vj), are
converted into the adjacency matrix A of the supply chain graph at each time step. Finally,
the topological information of the graph and the weight information of the edges are
amalgamated to obtain a time series graph sequence T = {G1, G2, . . . , Gt} containing t time
steps, where Gi = (X, A). The construction process of the time series graph is elucidated
in Figure 2.
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Different entities within the supply chain are abstracted into nodes vi in the graph,
and representations of edges ek = (vi, vj) are derived based on the connections between
nodes. Subsequently, a node feature vector Fv ∈ Rn×m is constructed, encapsulating the
information inherent to each node, with m representing the dimensionality of node features.
This establishes the topological structure of an individual graph. Next, the original supply
chain data are decomposed into demand data wt

ij between distinct nodes at the time scale,
constituting the weights of edges within the graph. Finally, the topological information of
the graph and the weight information of the edges are amalgamated to obtain a time series
graph sequence T = {G1, G2, . . . , Gt} containing t time steps, where Gi = (V, E, We). The
construction process of the time series graph is elucidated in Figure 2.

In the data preprocessing stage, after transforming the original supply chain data, it
is important to divide the time series graph data into a training set and a test set. This
step ensures the model can generalize well to unseen data after training. Typically, the
training set contains most of the data and is organized in chronological order to maintain
the temporal sequence. Each data sample comprises an input graph Gi and an output graph
Gi+1 serving as the label.

The main role of the training set is to provide the model with diverse data for effective
learning of patterns and features. During training, the model extracts features and makes
predictions based on this dataset. After training, the model is validated using the test set,
which contains unseen data. This validation assesses the performance of the model and
generalization ability. The results on the test set provide an objective measure of predictive
effectiveness and validate its practical use in real-world situations. Dividing the data into
training and test sets, along with the evaluation process, are essential steps in training and
validating machine learning models, ensuring their reliability and robustness.

3.2.2. Setting Hyperparameters

Although graph neural networks are well-suited for supply chain graph data, effective
feature extraction and prediction require careful tuning of various hyperparameters. These
hyperparameters must be set in advance and cannot be learned during model training,
significantly impacting model performance. Therefore, ongoing adjustments before training
are essential for achieving optimal results. The key tunable hyperparameters in this process
include the following:

1. Number of GCN Layers: Increasing the number of hidden layers may augment
the model’s capacity to learn complex graph structure features, but it concurrently
introduces complexity. However, an excess of GCN layers can lead to diminished
model performance. Hence, striking a balance in the model’s expressive power based
on the graph data’s complexity is essential, requiring the selection of an appropriate
number of GCN layers.
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2. Number of Features: GCN feature extraction denotes the number of dimensions in the
features output by each graph convolutional layer. The determination of the number
of features is directly linked to the abstraction and capture of feature information
within the graph data. Augmenting the number of features may enhance the model’s
expressive power, but it could also result in underfitting and a notable increase in
computational burden.

3. Learning Rate: The learning rate serves as a hyperparameter governing the step size of
model parameter updates. A higher learning rate might induce unstable convergence
during training, whereas a lower learning rate could lead to excessively slow training.

4. Epoch Size: The number of iterations represents how many times the entire training
dataset is cycled through for model learning. An excessive number of iterations may
foster overfitting, while an insufficient number may result in underfitting.

The hyperparameter configuration entails assigning different values to each hyper-
parameter, generating a range of hyperparameter combinations, and experimenting to
determine the optimal combination for the final model parameters.

3.2.3. Model Construction

The model proposed in this paper comprises multiple layers of GCN for the extraction
of graph features, along with a linear layer for regression prediction. In the initial GCN
layer, the node features X of the input graph Gi serve as H(1), and the adjacency matrix A is
calculated following equation (1), yielding the node representations H(2) forwarded to the
subsequent layer. Post-processing by the initial GCN layer, the output node representations
H(2) encapsulate comprehensive features amalgamating supply chain topology information
and demand data. This H(2) is then fed into the successive GCN layer, where multiple
layers of the network engage in profound extraction of node representations, culminating
in the ultimate representation H(l) of the input graph data Gi by the GCN network, with l
denoting the number of GCN layers. Ultimately, a linear layer is employed to regress H(l),
yielding demand prediction results for the subsequent time step, specifically the predicted
adjacency matrix Â for Gi+1. This framework achieves demand prediction for diverse
connections within the supply chain network.

3.2.4. Model Training and Evaluating

After constructing the model, it is trained with the training set and then evaluated with
the test set. During training, all samples in the training set must be processed iteratively.
For each sample, the model predicts the demand matrix A, and the disparity between the
predicted matrix A and the actual demand matrix A is quantified using the defined loss
function. An optimization algorithm is then iteratively applied to adjust the parameters
W(l) of each GCN layer in the model, with the objective of minimizing the loss. This iterative
optimization process is meticulously designed to ensure that the model adeptly captures
the intricate relationships between nodes within the supply chain network, consequently
enhancing the precision of demand prediction.

Following the completion of training, the model is evaluated with the test set. This
assesses its performance on unseen data using various indicators. The evaluation validates
the model’s effectiveness with new data, ensuring its practicality and robustness in real
supply chain settings. It involves analyzing demand prediction accuracy and generalization
ability, providing insights into the model’s performance beyond the training data.

4. Case Study

In the assessment and analysis of the proposed algorithm’s performance, this paper
undertakes a comparative study involving various algorithm models. The comparison
includes traditional statistical methods such as ARIMA, machine learning-based models
like MLP and SVR, and deep learning-based LSTM. ARIMA models were executed and
optimized using the Statsmodels package in Python, while the SVR models were imple-
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mented and optimized using the scikit-learn package in Python. The remaining models
were implemented using PyTorch 1.31.1 in Python 3.10.

4.1. Data Description

The experimental analysis uses data from a home appliance sales company, including
7 distributors and 150 retail stores. Each distributor supplies multiple retail stores, creating
a networked supply network. The data are sampled daily, with each record containing
the demand timestamp, distributor, retail store, and demand quantity. Covering three
years from 30 December 2019 to 30 December 2022, this dataset reflects the company’s
operational dynamics.

During preprocessing, the temporal aspect is emphasized by dividing the data into
daily segments. Daily demand data are combined with the supply chain topology and
then organized into time series graphs, resulting in 1097 graphs. For model training and
evaluation, the processed data are split chronologically into a training set (80% of the total
data) and a test set (20%).

4.2. Evaluation Indicators

The experiment utilizes root mean square error (RMSE) and mean absolute percentage
error (MAPE) to comprehensively analyze the performance of all models. RMSE quantifies
the magnitude of deviation between predicted values and actual values, providing a
measure of the overall accuracy. Meanwhile, MAPE is employed to assess the percentage
deviation of predicted values relative to actual values, offering insights into the precision of
the predictions. The definitions of these two evaluation indicators are outlined as follows:

RMSE =

√
1
n

n

∑
t=1

(yt − ŷt)
2 (4)

MAPE =
1
n

n

∑
t=1

∣∣∣∣yt − ŷt

yt

∣∣∣∣× 100% (5)

where n represents the sample size, yi denotes the actual demand vector among various
nodes at time t, and ŷt signifies the predicted demand vector among various nodes at
time t.

4.3. Experimental Parameter Settings

To identify the optimal model parameters, this study meticulously designs a series of
hyperparameter sequences for systematic exploration of the model’s hyperparameter con-
figurations. Through iterative model training processes aligned with the hyperparameters
presented in Table 1, our objective is to comprehensively assess the model’s performance
across various configurations. The ultimate aim is to pinpoint the hyperparameter combi-
nation that yields the best performance in demand prediction tasks.

Table 1. Values specified for each hyperparameter.

Hyperparameter Values

The number of GCN layer [1, 2, 3, 4]
The number of feature [8, 16, 32, 64, 128]

Learning rate [0.01, 0.001, 0.0001, 0.00001]
Epoch size [50, 100, 200, 300, 400]

Following training with various hyperparameter combinations, the optimal model
parameters are identified as a 2-layer GCN with 32 feature parameters per layer, utilizing
a learning rate of 0.0001 for 200 epochs. Tables 2 and 3 display the model performance
indicators obtained by individually tuning a single hyperparameter based on an optimal
parameter set, with the optimal parameters highlighted in bold. This set of hyperparameters
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employs the Adam optimizer, with RMSE serving as the loss function. The trained model
is then applied to predict the test set.

Table 2. Comparison of hyperparameter experimentation 1.

The Number of GCN Layer RMSE MAPE Learning Rate RMSE MAPE

1 6.662 12.037 0.01 14.671 41.93
2 3.298 8.562 0.001 6.514 17.933
3 6.535 21.868 0.0001 3.298 8.562
4 6.944 21.631 0.00001 7.167 21.196

Table 3. Comparison of hyperparameter experimentation 2.

The Number of Features RMSE MAPE Epoch Size RMSE MAPE

8 6.326 19.292 50 10.057 25.073
16 3.719 9.336 100 6.630 16.582
32 3.298 8.562 200 3.298 8.562
64 6.044 15.586 300 5.761 15.636
128 5.904 15.757 400 6.308 15.867

Given the daily volatility in actual supply chain demand, the 7-day moving average
prediction results demonstrate heightened utility. The application of a 7-day moving aver-
age effectively suppresses short-term fluctuations, rendering it more adaptable to demand
dynamics in the real supply chain. This, in turn, furnishes more reliable information for
supply chain management. Furthermore, the consideration of a seven-day cycle aligns
closely with actual business operations, enhancing the accuracy of data support for decision-
making in inventory management and production planning. Therefore, Figure 3 presents
the original demand prediction results between specific nodes alongside the prediction
results incorporating the 7-day moving average. Simultaneously, the original prediction
indicators for all nodes of the model are 3.298 RMSE and 8.562 MAPE, while the 7-day
moving average prediction indicators are 1.334 RMSE and 3.370 MAPE.
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The prediction results reveal that the original GCN model effectively aligns with the
overall trend of demand data at the daily scale. Although there is a certain degree of lag in
predicting demand changes at abrupt points, the results demonstrate the ability to track
short-term fluctuations in demand. Upon adopting a 7-day average demand, the disparity
between demand predictions and actual values notably diminishes, and the prediction
residuals show a substantial reduction. This signifies a significant enhancement in the
model’s predictive performance at the weekly time scale. In conclusion, the GCN model
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adeptly anticipates demand changes at the daily scale and accurately tracks demand at the
weekly scale, achieving more precise forecasting.

4.4. Comparison with the Widely-Used Algorithm

To demonstrate the superiority of the proposed method, this section selects four
methods for comparative analysis as follows: ARIMA, SVR, MLP, and LSTM, which
include traditional time series forecasting methods, machine learning methods, and deep
learning methods.

4.4.1. Experimental Settings for Comparison

It is important to note that the chosen comparative method is specifically designed for
processing and forecasting a single time series. Consequently, the data employed in the
comparative experiments exhibit variations. ARIMA independently trains and predicts
demand sequences for each node, whereas other algorithms utilize datasets constructed
using sliding windows with a size of 7 days. These datasets incorporate demand data from
all nodes, and the sliding window is applied to predict data for the subsequent day. The
parameter configurations for the comparative method are outlined in Table 4.

Table 4. Parameter settings for the comparative method.

Method Parameters

ARIMA Configured by Auto-ARIMA function

SVR
Kernel: Radial Basis Function (RBF)

Penalty parameter (C): 1.0
Epsilon: 0.1

MLP

Number of Layers: 2
Number of units in the hidden layer (n): 256

Activation function: ReLU
Learning rate: 0.0001

LSTM
Number of Layers: 2

Number of units in the hidden layer (n): 64
Learning rate: 0.0001

The comparative experiments employed corresponding datasets and performed train-
ing and prediction based on the specified experimental parameters. The training set-
to-test set ratio was established at 8:2. Subsequently, the prediction results, denoted as
the demand predictions ŷi from each node, were amalgamated to construct a matrix
ypred = [ŷ1, ŷ2, . . . , ŷn]

T comprising n rows of predicted data. Evaluation indicators were
subsequently computed by comparing this matrix with the actual values represented by
the ground truth matrix ytrue = [y1, y2, . . . , yn]

T .

4.4.2. Analysis of Experimental Results

Figure 4 presents a comparative analysis of various algorithms forecasting the de-
mand between the same nodes discussed before, alongside a compilation of the aggregate
residuals associated with each method. The comparative experiments computed indicators
at both daily and weekly scales. The results are presented in Table 5, with optimal values
highlighted in bold.
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Table 5. Comparative method performance for the overall demand.

Algorithm
Origin Data Smoothed Data

RMSE MAPE RMSE MAPE

ARIMA 4.172 10.681 1.324 3.430
SVR 3.854 10.719 1.863 5.155
MLP 4.221 10.868 1.880 4.873

LSTM 4.594 12.053 3.003 7.849
Proposed method 3.298 8.562 1.334 3.370

From the prediction results for the demand from a single node, it is shown that ARIMA
has the smallest residuals, and its prediction curve is closest to the actual curve. However,
further analysis reveals that ARIMA essentially uses the actual values from the previous
day as its predictions. While this approach can get better indicators, it holds no practical
value in actual supply chain management.

The aggregate residuals of the other three comparative methods are significantly
higher, and the prediction curves indicate that the performance of the other three methods
is worse than GCN. Among them, LSTM shows the worst predictive performance, primarily
due to the relatively weak temporal correlations in the purely historical demand data. In
the absence of other temporal features, LSTM struggles to establish effective features to
achieve effective prediction.

The experimental findings confirm that the proposed method consistently outperforms
other algorithms in forecasting overall supply chain demand, both daily and weekly, as
measured by RMSE and MAPE. Notably, the GCN stands out by leveraging historical
demand data and incorporating features from various demand links through a topologically
enriched adjacency matrix. This ability effectively builds demand relationships among
different nodes in the supply chain, leading to improved accuracy in predicting demand
fluctuations between these nodes.

Traditional algorithms focus on modeling individual time series, leading to isolated
demand features across different supply chain nodes. These methods do not capture
the relationships between adjacent nodes, limiting their accuracy in demand predictions.
By ignoring the interdependencies among various entities, these algorithms struggle to
improve forecasts based solely on individual node data. In comparison, the experiments
demonstrate the superior effectiveness of GCN in demand forecasting for intricate supply
chains. GCN effectively uses the topological information within the supply chain, allowing
them to identify the relationships between interconnected nodes. This capability enhances
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the accuracy of overall demand forecasts by incorporating both historical demand data
and the relational features of supply chain entities. Consequently, GCN provides more
accurate and reliable predictions, thereby improving decision-making in complex supply
chain environments.

5. Conclusions

This paper introduces graph theory into supply chain modeling and prediction tasks,
proposing a GCN-based method for predicting demand in complex supply chains. By
transforming the entities and their relationships within the supply chain into a graph
composed of nodes and edges, the method effectively leverages the topological information
of the supply chain. The GCN model is then employed to extract and analyze features from
the graph data, capturing the relational features among different nodes. Finally, a fully
connected layer is used to achieve regression predictions. This approach integrates supply
chain topological features with historical demand data, allowing it to enhance prediction
accuracy through the relational features among nodes, thereby providing more precise
decision support for supply chain management.

In this study, four widely used algorithms—ARIMA, SVR, MLP, and LSTM—were
selected for comparative analysis. The performance evaluation of all algorithmic models
utilized two distinct indicators, namely, RMSE and MAPE. The experimental outcomes
unequivocally demonstrate the superior performance of the proposed algorithm over the
four comparative methods. This substantiates the assertion that graph neural networks
exhibit greater adaptability in addressing the complexities of supply chain forecasting,
surpassing the efficacy of traditional single time series analysis and prediction algorithms.
It is worth noting that the data used in this study exhibits some limitations in terms of
node features and interactions between nodes. Future research endeavors could potentially
enhance the model’s predictive capabilities by incorporating more comprehensive features,
such as node features like storage, costs, and promotional information, as well as edge
features like transportation costs and transportation priority. Node features can be directly
included in the feature matrix. However, the proposed GCN cannot handle additional
relationship features between nodes beyond demand quantity. Therefore, it is necessary to
improve the GCN network to better represent the feature information between edges.

The proposed method enhances demand forecasting in intricate supply chains, en-
abling optimized inventory management without increasing stock levels. Accurate demand
prediction reduces resource waste from overstocking and helps avoid shortages, lowering
operational costs. In complex networked supply chains, this improves efficiency across
all stages and minimizes unnecessary resource use. Furthermore, it optimizes resource
allocation, reducing carbon emissions and energy waste during transportation. Thus, the
method not only supports inventory optimization and cost reduction but also contributes
to sustainability by minimizing environmental impact.
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