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Abstract: In  recent years, the  escalating economic uncertainty arising from Sino-US trade 
frictions has made the accurate forecasting of  trade volume a crucial yet challenging task, with 
wide-ranging implications for the  stability of  the  global supply chain. Precise trade forecasts 
are essential for supporting strategic decision-making and ensuring resilience across industries 
that rely on  international trade. To  address this challenge, this study introduces an  innovative 
predictive model, the  principal component analysis-simulated annealing-backpropagation neural 
network (PCA-SA-BPNN), specifically developed to  enhance forecasting accuracy within this 
volatile economic landscape. The  model utilizes principal component analysis (PCA) to  reduce 
the dimensionality of extensive datasets collected from search engines, simplifying the data while 
retaining critical information. Simultaneously, simulated annealing (SA) is applied to  optimize 
the backpropagation neural network (BPNN), effectively addressing the local optimization challenges 
often impair traditional backpropagation neural network models, which can hinder prediction 
accuracy. The effectiveness of the PCA-SA-BPNN model is demonstrated through comprehensive 
comparative experiments, demonstrating its superior performance compared to  other models, 
including principal component analysis-adaptive differential evolution-backpropagation neural 
network (PCA-ADE-BPNN) and principal component analysis-backpropagation neural network 
(PCA-BPNN) models, as well as standalone XGBoost and BPNN models. The PCA-SA-BPNN model 
achieves notably lower mean squared error (MSE), root mean squared error (RMSE), mean absolute 
error (MAE), and mean absolute percentage error (MAPE) values, with an  R² approaching  1, 
underscoring its superior predictive performance. This research thus offers valuable insights into 
how combining dimensionality reduction, optimization techniques, and neural network networks 
can significantly enhance trade volume forecasting amidst economic uncertainties. Furthermore, 
it provides valuable insights into the interplay between predictive accuracy, model efficiency, and 
resilient decision-making within global supply chain management, contributing to both theoretical 
advancements and practical applications in the field.

Keywords: Sino-US trade frictions, PCA-SA-BPNN, dimensionality reduction, model optimization, 
predictive accuracy.

JEL Classification: C38, C45, C53, F17.

APA Style Citation: Zhou, G., & Wu, Z. (2026). A resilient model for trade volume forecasting 
under economic uncertainty: Addressing challenges in the global supply chain. E&M Economics 
and Management, 29(1), 207–224. https://doi.org/10.15240/tul/001/2026-1-013 



208 2026, volume 29, issue 1, pp. 207–224, DOI: 10.15240/tul/001/2026-1-013

Marketing and Trade

Introduction
Over the past 20 years, globalization has rap-
idly expanded (Munir & Ameer, 2018), driving 
significant shifts in global political and economic 
landscapes (Panigrahi et al., 2018). China has 
emerged as  the  world’s second-largest eco-
nomy, and the  economic gap between China 
and the  United States is narrowing at  an  ac-
celerating pace. However, the  complex and 
evolving relationship between these two major 
economies continues to be a key source of un-
certainty for China.

The Sino-US trade friction is one of the most 
serious economic challenges China has 
faced in  recent years (Cheng et  al., 2023). 
The  logistics industry has emerged as  a  new 
catalyst and a  driving force for national eco-
nomic development in China (Zhou et al., 2024). 
However, trade tensions have led to rising costs, 
disrupting multinational operations and creating 
bottlenecks in China’s supply chains. This threat-
ens China’s role as a global manufacturing hub 
and poses risks to the global industrial network.

This study addresses the research question 
(RQ): How can trade volume be more accu-
rately predicted amid the economic uncertainty 
from Sino-US trade friction on the supply chain? 
Here, “accurately” means the model should reli-
ably forecast trade volume, with results offer-
ing valuable insights for regulatory bodies and 
government policies.

Forecasting is vital for supply chain 
management, helping businesses manage 
risks and align with demand. Accurate trade 
volume forecasts enable companies to  adapt 
to  market changes. As  a  major trade player, 
China’s supply chain trends significantly influ-
ence the  global economy and trade relations, 
thereby supporting sustainable cooperation. 
To  address this need, this study proposes 
the  principal component analysis-simulated 
annealing-backpropagation neural network 
(PCA-SA-BPNN) model to enhance trade vol-
ume forecasting accuracy.

BPNN offers a  unique advantage over 
traditional models that rely on  statistical and 
distribution adjustments (Lyu &  Zhang, 2019). 
However, traditional BPNNs often face local op-
timization issues due to dependence on  initial 
parameters and weights (Wang et al., 2015).

To address these limitations, the  model 
combines PCA  and SA  with  BPNN. PCA  re-
duces input data dimensionality, especially 
from real-time sources like Baidu, retaining key 

information, reducing overfitting, and improving 
generalization. It also identifies major factors af-
fecting trade volume, aiding strategic decisions. 
SA  enhances the  model by  optimizing BPNN 
weights and parameters, allowing occasional 
acceptance of suboptimal solutions to avoid lo-
cal minima. With each iteration, the probability 
of accepting a suboptimal solution decreases, 
ensuring algorithm stability. The  combination 
of PCA and SA helps the model better capture 
complex non-linear patterns, resulting in more 
accurate forecasts.

Despite some studies that have explored 
either PCA or SA in isolation with BPNNs, few 
have attempted to  combine these techniques 
into a unified PCA-SA-BPNN framework. This 
study aims to fill that gap by applying the hybrid 
model to forecast trade volume under the eco-
nomic uncertainty caused by  Sino-US trade 
friction. The  findings are expected to  provide 
practical insights for policymakers and enter-
prises seeking to  mitigate risks and enhance 
operational efficiency. The  remainder of  this 
paper will introduce the theoretical background, 
results and related discussions of this study.

1	 Theoretical background
1.1	 Leveraging search engine data for 

accurate forecasting
Collecting search engine data captures user in-
terests, offers real-time insights, and enhances 
prediction accuracy. Research shows a  clear 
link between social behavior and search data.

Tourism forecasting is crucial due 
to  the sector’s unique traits, like inherent vari-
ability and the  inseparability of production and 
consumption, attracting widespread attention. 
Search engine data reveals traveler behavior 
and intentions, prompting many researchers 
to use internet big data to forecast tourism lev-
els (Li et al., 2021; Sun et al., 2019). Yang et al. 
(2014) predicted local hotel occupancy rates 
at  a  destination in  the  United States based 
on  Internet traffic data from DMO  websites, 
and found that when using Internet traffic data 
as  a  time-sensitive leading indicator of  visitor 
behavior, performance improved significantly. 
Bigné et  al. (2019) investigated the  impact 
of DMO on Twitter activity and hotel stay during 
a  short vacation period, and found that some 
Twitter activities (such as  retrophile and user 
replies, tourism tweets and DMO feeds) could 
significantly predict local hotel stay. Wen et al. 
(2019) developed an ARIMA-ANN hybrid model 
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based on the Baidu index to predict Hong Kong 
travel demand from China. The predictive effect 
of  this model is superior to that of  the compo-
nent model. Bi  et  al. (2020) used LSTM and 
combined historical data, search engine data 
and weather data at the same time to forecast 
the daily number of  tourists in Jiuzhaigou and 
the  Huangshan regions. Their findings dem-
onstrate the  powerful predictive performance 
of this method compared to other models.

Internet search engine data can also  pro-
vide a new perspective for product sales data 
prediction, and the  data used to  predict must 
not only include consumer emotional attitude 
but also be forward-looking (Zhang et al., 2022). 
Kulkarni et  al. (2012) use search engine data 
to improve the accuracy of sales forecast. Their 
basic assumption is that there is a positive cor-
relation between product sales and the number 
of searches, similar to the study on the relation-
ship between the  volume of Google searches 
and the  scale of  influenza outbreaks (Lazer 
et al., 2014). Yu et al. (2019) proposed an oil 
consumption prediction model using Google 
search data, which outperformed models with-
out this data in global oil sales forecasts.

1.2	 Optimizing trade volume forecasts
Efforts have been made to  make these fore-
casts scientific, building theories upon a  solid 
statistical footing. The existing forecasting stud-
ies can be divided into statistical methods and 
artificial intelligence methods.

Statistical methods include time series fore-
casting, Kalman filtering, and the  grey model 
(GM). Time series forecasting is widely used 
in  finance, network data flow prediction, and 
power load forecasting, but all face the common 
issue of using past data to predict the future. Ji-
ancheng and Sheng (2011) proposed an adap-
tive filtering algorithm combining the extended 
Kalman filter (EKF) and innovative point adap-
tive estimation to  improve GPS  measurement 
accuracy, optimizing the algorithm for real-time 
performance in POS machines with large initial 
heading errors. GM (1,1) is a basic forecasting 
model for gray information and small datasets, 
but it performs poorly in  cases with weak ex-
ponential rules (Pei & Liu, 2021). The fractional 
gray model (FGM (1,1)) was developed to ad-
dress this (Wu  et  al., 2013), offering higher 
accuracy under certain conditions.

Different from statistical methods, artificial 
intelligence methods are data-driven and do not 

require accurate mathematical models. They 
use the adaptive and self-learning capabilities 
of  AI algorithms to  predict future deformation 
trends by extracting network structure parame-
ters from historical data. Key AI methods include 
support vector machine (SVM), long short-term 
memory neural networks (LSTM), and convolu-
tional neural networks (CNN). SVM  minimizes 
structural risk, balancing VC-confidence intervals 
and empirical error, outperforming other models 
in  generalization. SVM  training solves a  qua-
dratic programming problem with unique, opti-
mal solutions. LSTM, a type of recurrent neural 
network (RNN), excels in  long-term predictions 
and learning (Muzaffar & Afshari, 2019). CNN is 
good at capturing spatial or sequential features 
in data (Zhou & Wang, 2025). It removes noise 
from input data, enhancing feature extraction for 
better predictive modeling (Livieris et al., 2020). 

In  their investigation of  the detrimental ef-
fects of COVID-19 on the functioning of interna-
tional supply chains, Kazançoğlu et al. (2022) 
employed the developed system dynamics (SD) 
model, taking into account specific parameters, 
and evaluated the  effects of  COVID-19 on 
the global supply chain using Turkey and China 
as  case studies. The  impact of  COVID-19 on 
the global supply chain is reflected in  the vol-
ume of  import and export as  well  as  the  lo-
gistics of  international trade between nations. 
Therefore, this paper takes the total import and 
export volume of foreign trade in China’s supply 
chain as the data source of trade volume.

Forecasting import/export trade volume 
has been widely studied, with models based 
on  statistical methods and artificial neural 
networks (ANN). Sokolov-Mladenović et  al. 
(2016) used ANN for economic growth estima-
tion, while Alam (2019) employed ANN and 
ARIMA to forecast Saudi Arabia’s trade volume. 
The  findings demonstrated the  effectiveness 
of  ANN, ARIMA  (1,1,2), and ARIMA  (0,1,1) 
in  forecasting the  Kingdom of  Saudi Arabia’s 
annual total imports and exports. While statisti-
cal models struggle with the non-linear nature 
of trade volume data, ANN models can handle 
non-linearity but may suffer from overfitting, 
leading to  less accurate predictions. Some 
scholars suggest combining different models 
to improve prediction accuracy and stability.

1.3	 Advanced predictive models
The  BPNN  model is designed to  address 
non-linear problems, enabling random non-linear 
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mapping and autonomous learning of  input-
output relationships. As  a  mature, adaptive, 
and fault-tolerant non-linear mapping method, 
it  is widely used in  fields such as  finance 
(Chaâbane, 2014), electric power systems, 
economy (Claveria &  Torra, 2014), and water 
resources (López-Lineros et  al., 2014), often 
replacing traditional forecasting methods.

However, problems still exist in  the 
BPNN  model, one of  which is over-fitting due 
to  the  lack of  generalization ability (Kratzert 
et al., 2018). To address the limitations of linear 
algorithms and overcome the  issue of  local 
optima, non-linear optimization techniques like 
the  simulated annealing (SA) algorithm have 
been integrated with BPNN. Researchers tack-
led a prediction challenge in the electric indus-
try by utilizing a hybrid approach that integrated 
the  traditional BPNN with the  SA  optimization 
algorithm. This method successfully forecasted 
several parameters in wire electrical discharge 
processes, including cutting speed, average 
roughness (Ra), and maximum roughness (Rt). 
In  the field of metallurgy, Bahrami and Doulati 
Ardejani (2016) applied a  similar hybrid tech-
nique combining BPNN and SA to predict pyrite 
content in  coal washing waste piles. Compa-
rable approaches were also employed in other 
areas, such as  water quality assessment and 
earthquake forecasting.

An  excessive amount of  input variables 
can complicate the  BP  network structure and 
increase the  training load, reducing the  learn-
ing rate. One of the most popular data analysis 
techniques in  machine learning and artificial 
intelligence is principal component analysis 
(PCA) (Marukatat, 2023). PCA  can increase 
the  BP  neural network’s operating speed and 
simplify its structure. Numerous studies have in-
tegrated PCA and BPNN across various fields. 
Rajath Kumar et  al. (2015) proposed a  face 
recognition system based on PCA and BPNN. 
The  multivariate data set of  face photos was 
made simpler using PCA technology, and BPNN 
was utilized for training and learning to accom-
plish effective face recognition. The outcomes 
demonstrate how much faster the PCA-based 
facial recognition system is, but the recognition 
accuracy is affected, while the  BPNN is vice 
versa, and the system combining the two tech-
nologies is preferred. 

Traditional forecasting methods use simple 
linear models, limiting accuracy. Real-time 
search engine data enhances forecasting but 

large volumes slow processing. PCA  reduces 
dimensionality, improving model generalization, 
while SA  optimizes BPNN  parameters. Most 
studies combine BPNN with PCA or SA, but few 
integrate both for economic trade volume pre-
diction. This study proposes a PCA-SA-BPNN 
hybrid model to improve forecasting under eco-
nomic uncertainty, aiding supply chain planning 
and future trade operations.

2	 Research methodology
Fig.  1 displays the  PCA-SA-BPNN flow chart. 
This research introduces  SA to  improve 
the  BP  network and uses PCA to  extract nu-
merous unrelated principal components. Lastly, 
the  BP  neural network model that has been 
tuned is applied to predict the trade volume un-
der economic uncertainty in the supply chain. 

2.1	 Principal component analysis (PCA)
The primary goal of principal component analy-
sis (PCA) is to minimize sample data loss and 
information loss by  substituting new indepen-
dent principal components for the multi-dimen-
sional variables in  the  original data through 
linear transformation. A  primary component 
can be used to represent the original sample’s 
nature. The  first principal component reflects 
the  change in  the  raw data, while the miscel-
laneous principal component might reflect 
the  prototype’s many features (Tsai &  Yang, 
2015). The main calculation process of PCA is 
as follows (Li & Zhao, 2015): 

(1) Standardize raw data to eliminate dimen-
sional side effects

The unprocessed data are:

X = (xij )n×p = (X1, X2, … , Xp )	 (1)

A standardized formula is:

	
(2)

Amongst them:

	
(3)

The standardized matrix is:

Z = (zij )n×p = (Z1, Z2 , …, Zp )	 (4)
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(2) Finding the matrix of correlation coefficients

	
(5)

Z' is the transpose of Z, and R is an n × n 
symmetric matrix with all 1 data on the diagonal.

(3) Calculate the  correlation coefficient 
matrix’s eigenvalues and eigenvectors

After obtaining the  eigenvalues  λi via  
|λE – R| = 0, λi  are sorted by  size, where 
λ1 ≧ λ2 ≧ … ≧ λp ≧ 0.

By using (λE  − R)X  = 0, the eigenvectors 
ZXi are obtained:

ZXi = (ZXi1, ZXi2, …, ZXip )'	 (6)

(4) Ascertain the number of main components
The primary component’s rate of  contribu-

tion is:

	
(7)

The  previous m  major components’ com-
bined contribution rate is:

	
(8)

Generally, m  principal components with 
cumulative contribution rate CVi  ≥  85% are 
selected.

(5) Find the primary component’s expression

Fi = ZXi1 × Z1 + ZXi2 × Z2 + ⋯ + ZXip × Zp	 (9)

(6) Ascertain the role of the comprehensive 
evaluation

	
(10)

2.2	 Simulated annealing (SA) 
SA, introduced by  Kirkpatrick in  “optimization 
by  simulated annealing,” demonstrated its ef-
fectiveness in  solving combinatorial problems 
like TSP by using a physical annealing analogy. 
The algorithm escapes local minima by accept-
ing worse solutions at  higher temperatures. 
Its  application expanded through a  practical 
simulation for  TSP and later to  complex opti-
mization problems. The theoretical foundations 
were further enhanced with stochastic relax-
ation in image processing, connecting to Gibbs 
distributions and Bayesian restoration.

SA  is based on  thermodynamic principles, 
where a  material at  a  high temperature has 
a  greater likelihood of  transitioning between 

Fig. 1: Calculation flowchart of PCA-SA-BPNN

Source: own
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different states, but as  the  material cools, 
the  probability of  transitioning into less stable 
states diminishes. In  optimization, this is 
represented by  exploring the  solution space 
at  higher “temperatures” (or  randomness), al-
lowing the algorithm to accept worse solutions 
to escape local minima. As the temperature de-
creases, the algorithm becomes more focused 
on converging to a stable and optimal solution.

To summarize, the key formulas from recent 
work on SA are: 

(1) Energy/cost difference

∆E = E(Snew ) – E(Sold )	 (11)

This formula measures the  change 
in the objective function when transitioning from 
the current solution Sold to a new solution Snew.

(2) Acceptance probability

P = e – 
∆E

             
T

	
(12)

The  acceptance probability depends on 
the  current temperature  T and the  energy 
difference  ∆E. A  higher temperature or  small-
er  ∆E increases the  likelihood of  accepting 
worse solutions.

(3) Cooling schedule

T = αT	 (13)

The temperature is reduced by a factor of α 
after each iteration to gradually transition from 
exploration to exploitation.

2.3	 Back propagation neural network 
(BPNN) 

In  1986, Rumelhart, McClelland and other 
scientists proposed the  concept of  BPNN. 
One of the most popular neural network models 
is this multi-layer feed-forward neural network, 
which was trained using the error back propa-
gation algorithm. A BP neural network has three 
layers: input, hidden, and output. The input layer 
 

Fig. 2: Structure of the single hidden layer neural network model

Source: own
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uses known data, and the output layer predicts 
results. The simplest BPNN has one hidden lay-
er, but it can have more. The learning process 
involves forward propagation of information and 
backward propagation of errors. If the output is 
incorrect, the error is backpropagated to adjust 
the  network. The  erroneous signal modifies 
the weights and thresholds of neurons in each 
layer to satisfy the predetermined requirements 
as  it propagates back through the  network 
structure via the  original connection chan-
nel (Chen et  al., 2009; Mkadem & Boumaiza, 
2009). The  network structure then modifies 
the weights and thresholds of neurons in each 
layer to satisfy the prerequisites and backprop-
agates the erroneous signal in accordance with 
the original connection path.

Fig. 2 shows the BPNN model with single 
hidden layer, which belongs to  the most basic 
BPNN model (Li et al., 2018). 

It  is assumed that there are m  neurons, 
h  neurons, and p  neurons in  the  input layer, 
hidden layer, and output layer, respectively. 
Equations  (14–15) represent the  input and 
output values of  the hidden layer, while Equa-
tions  (16–17) represent the  input and output 
values of the output layer.

�Ij = ∑wji × xi + bj  
(i = 1, 2, 3, …, m; j = 1, 2, 3, …, h)	

(14)

yj = fh (Ij ) (j = 1, 2, 3, …, h)	 (15)

�Io = ∑w0j × yj + bo  
(j = 1, 2, 3, …, h; o = 1, 2, 3, …, p)	

(16)

yo = fp (Io ) (o = 1, 2, 3, …, p)	 (17)

The connection weights of the input layer and 
the hidden layer is represented by the symbol wji. 
The connection weights of the hidden layer and 
the output layer is represented by the  sym-
bol  woj. The input values of  the  input layer is 
represented by the symbol xi. The input values 
of the hidden layer and the output layer are rep-
resented by Ij and IO, respectively. The transfer 
functions of the hidden layer and the output lay-
er are denoted by fh and fp, respectively, while 
the threshold values of the hidden layer and the 
output layer are represented by bj and bo. Tan-
sig or logsin is the common activation function 
of  the  hidden layer, while purelin is the  ac-
tivation function of  the  output layer (Wang 
et al., 2015).

	
(18)

	
(19)

purelin(x) = x	 (20)

3	 Results and discussion
3.1	 Results
This paper uses the  National Bureau of  Sta-
tistics of China to search and collate the trade 
volume on the Chinese supply chain from Au-
gust 2018 to August 2023 (a  total of  5  years, 
61 months), and uses it as the neural network 
model’s output variable.

Input variables, or keywords related to  the 
trade volume under economic uncertainty due 
to  the  Sino-US trade friction on the  supply 
chain, are obtained from data on monthly Baidu 
searches. Before trade activities, most busi-
nesses use search engines like Baidu, China’s 
largest search engine. The Baidu index (http://
index.baidu.com), based on  extensive data 
since August 2018, tracks keyword search vol-
umes related to trade, reflecting user demand, 
characteristics, and public opinion. The monthly 
data used in  this research is the  product 
of  the  monthly average data and the  number 
of days in a month.

This paper uses the demand graph of Baidu 
index and related word recommendation 
technology to  identify potential keywords that 
enterprises are interested in when conducting 
economic trade on the supply chain.

(1) Determine the  search keywords for 
the  initial list. Merchants need to make deci-
sions in all aspects when conducting transac-
tions in  the  supply chain. When considering 
global supply chain trade relations, Tian and 
Sarkis (2023) mainly considers the  cutting-
edge technologies such as block chain and sus-
tainable production and the policy implications 
of consumption. Lin et al. (2023) found that in-
creased trade policy uncertainty reduced export 
volume and technological innovation channels, 
and inhibited the improvement of supply chain 
efficiency. Therefore, the  efficiency of  supply 
chain transactions is also  affected by  trade 
policy, technological innovation and economy. 
After comprehensive analysis, this paper finally 
takes information, technology, cooperation, 
management, economy and policy as the main 
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(3) Calculate the  correlation between 
keywords and the  trade volume under 
economic uncertainty on the supply chain. 
This paper multiplied the  monthly search 
data of  each keyword and the  days of  each 
month to  obtain  the  monthly data of  each 
keyword, then conducted correlation analysis 
between the  monthly data of  each keyword 
and the  trade volume data. The  correlation 
coefficient of  the  two was obtained. We  de-
termine the  greatest correlation coefficient 
between the  trade volume and the  keywords 
with a lag order of 0 ~ 6 by taking into account 
the  lag between the  search engine data and 
the trade volume.

(4) Identify the last keyword. The Pearson 
correlation coefficient was used in this study due 
to its simplicity, interpretability, and computational 
efficiency, which make it particularly suitable for 
analyzing high-dimensional search data. By cap-
turing linear correlations between keywords and 
economic activities or policy changes, it provides 
a clear and efficient way to identify relevant fea-
tures. In  this context, the absolute value of 0.6 
was chosen as  the  threshold for the  Pearson 
correlation coefficient between keywords and 
trade volume under economic uncertainty 
in the supply chain, resulting in the identification 
of 18 key keywords (Yang et al., 2015). These 
keywords are shown in Tab. 2.

factors of economic trade in  the supply chain, 
and the 17 key words are shown in Tab. 1.

(2) Expand search keywords. This paper 
uses the  demand graph of  Baidu index and 
related word recommendation technology 
to generate about 466 keywords on the basis 

of  the  initial list of search keywords, and then 
deletes some invalid or  highly overlapping 
keywords, finally obtains 429 keywords. This 
step’s objective is to broaden the keyword set 
to as nearly represent the enterprise’s search 
requirements as feasible (Yang et al., 2015).

Factors Keywords

Information
Information sharing

Information symmetry

Information system

Management
Concept management

Talent management

Risk management

Technology
Digital technology

Technological innovation

Intelligence

Economy
Price

Logistics cost

Industrial structure

Cooperation
Contract trust

Development intention

Cooperation relationship

Policy
Laws and regulations

Social responsibility

Source: own

Tab. 1: Six main factors related to transactions in the supply chain and their keywords
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In order to test whether the data is suitable 
for PCA, KMO test and Bartlett sphericity test 
are performed on the  data. The  results are 
shown in  Tab.  3. The  KMO  value is  0.907, 
greater than  0.7, and the  significance is less 
than 0.05, demonstrating that PCA is supported 
by the data. The next step can be taken.

In  order to  make the  model less com-
plex, this paper standardize the  monthly data 
of 18 keywords collected to reduce dimensions, 
and finally obtains three principal components.

Tab. 4 illustrates how three common factors 
are retrieved based on the  eigenvalue larger 
than 1 principle, with a total variance contribu-
tion rate of 85.073%. Therefore, the three prin-
cipal components can have a major impact on 
the trade volume under economic uncertainty.

Determining the training-to-test ratio is cru-
cial before using neural networks. Bichri et al. 
(2024) employed an 8:2 training/test split to ex-
amine the impact of data distribution on model 
performance. The authors argued that this split 

Keywords Correlation coefficients
Information cocoon 0.758**

Digital transformation 0.744**
Data governance 0.747**

Achievement transformation 0.777**
Science and technology media −0.727**

Safety guarantee 0.764**
Talent team construction 0.745**
Improve the mechanism 0.780**

B2b information −0.695**
Platform economy 0.693**

Laws and regulations database 0.695**
ESG 0.690**

Resources −0.686**
Application optimization −0.680**

Resource sharing −0.649**
Transformation of scientific and technological achievements 0.604**

Integration 0.641**
Foresight 0.601**

Note: * indicates a significant correlation at the 0.05 level (double-tailed); ** indicates a significant correlation at level 0.01 
(double-tailed).

Source: own

KMO sample appropriateness measure 0.907

Bartlett sphericity test
Approximate chi-square 1,540.257

Degree of freedom 153.000
Significance 0.000

Source: own

Tab. 2: 18 keywords and their correlation coefficients with the trade volume 
under economic uncertainty on the supply chain

Tab. 3: KMO value and Bartlett sphericity test
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allows the  model to  better generalize, captur-
ing complex patterns during training while still 
providing a  reliable test set for evaluation. 
Therefore, this study also  adopts this ratio, 

using data from the  first 49  months (August 
2018–August 2022) as  the  training set and 
the  remaining 12  months (September 2022–
August 2023) as the test set. This ensures that 

Components Contribution rate (%) Cumulative  
contribution rate (%) Characteristic value

Component 1 70.192 70.192 12.635

Component 2 9.314 79.506 1.677

Component 3 5.567 85.073 1.002

Source: own

Tab. 4: Contribution rates and cumulative contribution rates of the three principal 
components

Fig. 3: Goodness of fit of the BP neural network model after optimization

Source: own
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both the training and test sets reflect the impact 
of  the pandemic, thereby supporting the mod-
el’s generalization ability.

In  order to  apply the  data, this paper cal-
culates the  principal component data by  using 
the component matrix obtained from the principal 
component analysis, and standardizes the prin-
cipal component data to the interval (−1, 1).

This paper predicts the trade volume under 
economic uncertainty on the supply chain with 
three principal components as  input variables 
and the trade volume as output neurons. A hid-
den layer is set to  predict the  trade volume. 
The  following are the  settings for the  neural 
network prediction model’s parameters:  
i) Input layer nodes: the  number of  princi-
pal components retained after PCA (e.g., 
numComponents);
ii) Output layer nodes: 1 node (since this is a re-
gression task);

iii) Tolerance: TolFun = 1e-6;
iv) Maximum iterations: MaxIter = 100;
v) Display progress: Display = “iter.ˮ

Fig.  3 illustrates the  performance of  the 
PCA-SA-BPNN model across different datasets, 
showcasing its regression fitting capabilities. To 
ensure methodological transparency, we clar-
ify that the  validation set was derived from 
the initial training data through an 80:20 split, 
serving exclusively for hyperparameter tun-
ing during model development. The  test set 
(20%  of  the  full dataset) remained strictly 
independent and was reserved solely for final 
evaluation.

The  model achieves an  excellent fit on 
the  training set with an  R-value of  0.97379, 
indicating a strong linear relationship between 
the  predicted and target values and suggest-
ing effective learning of  underlying patterns. 
On  the  validation set, the  R-value of  0.84545 

Fig. 4: Residual plot of the training and validation sets

Source: own
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reflects robust generalization on  data unseen 
during training, while the  test set yields an 
R-value of  0.69219, demonstrating moderate 
yet practical predictive capability for real-world 
scenarios. The overall R-value across all data 
is 0.90489, signifying relatively high predictive 
consistency. Although test set performance is 
slightly lower, residual analysis confirms strong 
generalization, as  errors exhibit no system-
atic bias (Feng et al., 2020). Residual plots for 
the  training and validation sets (Fig. 4) further 
validate the  model’s robustness, showing 
evenly distributed residuals around zero with-
out clear patterns indicative of overfitting or un-
derfitting. Similarly, the residual plot for the test 
set (Fig. 4) exhibits a comparable residual dis-
tribution, with points scattered randomly around 
the  zero line, further indicating the  absence 
of  systematic bias or  noticeable deviation. In-
tegrating findings across all residual plots, it is 
clear that the model maintains a balanced and 
reliable predictive performance without signs 
of significant overfitting or underfitting, thereby 

supporting its applicability and robustness for 
practical use.

Prediction error is used to  describe 
the  potential discrepancy between the  ac-
tual and projected values. An important phase 
in  the  forecasting process is forecasting error 
analysis. We can determine the model’s predic-
tion accuracy by computing the prediction error. 
The stronger the model, the higher the predic-
tion accuracy and the closer the predicted out-
comes are to the actual results.

To evaluate the  performance of  the 
PCA-SA-BPNN  model, this paper forecasts 
the trade volume from September 2022 to Au-
gust 2023 using the established PCA-SA-BPNN 
framework. A comparative analysis is also pro-
vided, highlighting the differences in predictive 
accuracy between the  PCA-SA-BPNN  model 
and other models, including the  BPNN, PCA-
BPNN, PCA-ADE-BPNN, and XGBoost models.

The forecasted results from the five predic-
tive models, alongside the actual trade volume, 
are presented in Fig.  5. This figure  compares 

Fig. 5: Comparison results of actual trade volume with those of PCA-SA-BPNN,  
PCA-BPNN, PCA-ADE-BPNN, BPNN, XGBoost

Source: own
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MSE, RMSE, MAE, and MAPE, demonstrating 
minimal prediction errors. Its R² value of 0.818 
indicates high accuracy and strong predictive 
power. PCA-SA-BPNN effectively captures 
main trends, leading in overall prediction perfor-
mance. While XGBoost performs well, it  trails 
behind PCA-SA-BPNN, with PCA-BPNN close 
behind. PCA-ADE-BPNN and BPNN perform 
the worst, with BPNN showing high errors and 
a  very low  R², underscoring PCA-SA-BPNN’s 
advantage in  complex predictions. Negative 
R2  values for models PCA-ADE-BPNN and 
BPNN indicate that their predictive accuracy 
was inferior to  a  simple mean predictor un-
der extreme economic shocks. This serves 
as an empirical warning against applying linear 
assumptions to non-linear crisis scenarios.

3.2	 Discussion
This paper develops a  PCA-SA-BPNN-based 
model to predict trade volume under economic 

uncertainty in  the  supply chain, validated 
by  a  numerical example. Integrating search 
engine data, especially the  Baidu index, en-
hances real-time accuracy by  reflecting public 
trends and sentiment shifts, which can directly 
influence trade volumes.

The  strong predictive performance of  the 
model can be attributed to  the  effectiveness 
of PCA in  reducing dimensionality, eliminating 
redundant information while preserving key fea-
tures. This not only mitigates the risk of overfit-
ting in BPNN but also enhances computational 
efficiency. Li  et  al. (2024) demonstrated that 
integrating PCA with BPNN improved the mod-
el’s goodness-of-fit (R²) from 0.85 to  0.986 
after dimensionality reduction, underscoring 
PCA’s  ability to  enhance sensitivity to  critical 
features. Simultaneously, SA optimizes the ini-
tial weights of  BPNN through global search, 
preventing the  model from being trapped 
in  local optima (Liu  et  al., 2020). Liu  et  al. 

predictions of various models (PCA-SA-BPNN, 
PCA-BPNN, PCA-ADE-BPNN, BPNN, and 
XGBoost) with actual values. The  PCA-SA-
BPNN model aligns closely with actual data, 
showing the best fit. PCA-BPNN performs stably 
with minor deviations, while XGBoost captures 
general trends despite some errors. BPNN  is the 
least stable, with notable fluctuations, and PCA-
ADE-BPNN has moderate accuracy, showing larg-
er errors in some cases. Overall, PCA-SA-BPNN 
performs the best among all models.

In  order to  further evaluate the  quality 
of PCA-SA-BPNN model, this paper uses MAE, 
MSE, MAPE, RMSE and MAPE to  evaluate 
the  prediction accuracy of  five models. They 
are calculated as shown in Equations (21–24). 
The prediction performance and error compari-
son results of models are shown in Tab. 5.

	
(21)

	
(22)

	
(23)

	
(24)

Tab.  5 indicates that the  PCA-SA-BPNN 
model achieves the  best performance across 
all evaluation metrics. It  yields the  lowest 

Model MSE RMSE MAE R2 MAPE (%)
PCA-SA-BPNN 0.573 0.757 0.624 0.818 9.494

PCA-BPNN 1.345 1.160 0.882 0.572 14.550

PCA-ADE-BPNN 7.036 2.653 2.118 −1.239 20.820

BPNN 52.245 7.228 5.274 −15.626 33.719

XGBoost 0.956 0.978 0.874 0.696 13.165

Source: own

Tab. 5: Model evaluation results
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(2020) also  showed that the  SA-optimized 
BPNN  model achieved higher prediction ac-
curacy than the standard BPNN model, making 
it particularly effective in the complex, uncertain 
environment of trade volume forecasting.

Although BPNN has been around for a long 
time, it  still holds significant advantages over 
other models in certain scenarios. For instance, 
while LSTM excels at sequential modeling, it re-
quires large datasets for effective training and 
imposes higher computational costs (You et al., 
2019). Transformer models, on the other hand, 
are prone to  overfitting and often necessitate 
data augmentation (Shorten &  Khoshgoftaar, 
2019). In  the  context of  this study, the  data-
set consists of monthly trade volumes, forming 
a  short time series with high dimensionality. 
LSTM’s tendency to underfit when confronted with 
limited sequence lengths would limit its applica-
bility here. For medium-sized, high-dimensional 
datasets where temporal dependencies are not 
dominant, the PCA-SA-BPNN framework proves 
highly efficient by  leveraging dimensional-
ity reduction and global optimization to achieve 
a  balanced trade-off between accuracy and 
computational efficiency.

In comparison, models like XGBoost, which 
excel with structured data, face challenges 
in  handling the  high-dimensional sparse na-
ture of  the data in  this study, particularly after 
PCA  reduces dimensionality. While XGBoost 
performs effectively in  certain scenarios, es-
pecially with tabular datasets, its tree-based 
structure may struggle to capture the complex, 
non-linear relationships present in  our feature 
set, which includes 429 keywords from search 
engine data. The discrete nature of XGBoost’s 
hyperparameters, such as  tree depth and leaf 
node count, presents additional challenges 
when attempting to  combine it with optimiza-
tion techniques like simulated annealing  (SA), 
which is better suited for continuous parameter 
spaces (Geng et al., 2024; Lee & Lee, 2014). 
As  a  result, while XGBoost demonstrates 
strong performance, the PCA-SA-BPNN model 
provides superior results by effectively integrat-
ing dimensionality reduction and global opti-
mization to address the unique characteristics 
of our trade volume forecasting task.

In practical trade volume forecasting, there 
is typically a certain tolerance for error. The ac-
ceptable margin of  error for trade volume pre-
dictions in supply chain management generally 
depends on the  specific business context and 

the  forecasting time horizon. In  most cases, 
an  error within  10% is considered acceptable 
(Yang, 2024). However, for forecasts with longer 
time horizons, due to  greater market volatility 
and increased data uncertainty, decision-makers 
may need to  adjust the  acceptable error toler-
ance based on specific business requirements. 
For example, in supply chain management, small 
discrepancies in  trade volume forecasts can 
have significant implications for inventory man-
agement, production scheduling, and demand 
planning. An  acceptable margin of  error allows 
businesses to  maintain a  buffer for disruptions 
while ensuring optimal resource allocation. 
Given the residual analysis in the current model, 
the  observed errors fall within this acceptable 
range, suggesting that the  model’s predictions 
are robust enough for practical use in  supply 
chain management. This is especially important 
when anticipating supply chain disruptions such 
as  those arising from geopolitical factors, like 
Sino-US trade tensions, which could affect trade 
volumes, inventory levels, and resource planning. 
By  forecasting potential disruptions, the  model 
provides valuable insights that allow businesses 
to mitigate risks and maintain operational efficien-
cy. The robustness of the PCA-SA-BPNN frame-
work, particularly in managing high-dimensional, 
sparse data, and its ability to avoid local optima, 
makes it a  reliable tool for navigating complex 
supply chain environments where uncertainty is 
high and accurate forecasting is critical for main-
taining competitive advantage.

Conclusions
The  results clearly demonstrate this model 
(PCA-SA-BPNN) provides good forecasting 
performance in  forecasting trade volume un-
der economic uncertainty within supply chains. 
With consistently lower MSE, RMSE, MAE, and 
MAPE values compared to other models, along 
with an R² closer to 1, the model provides strong 
evidence of  its predictive accuracy. This per-
formance is particularly significant because the 
PCA-SA-BPNN effectively balances the trade-off 
between accuracy and computational efficiency. 
The  integration of  principal component analysis 
(PCA) enhances the model by  reducing dimen-
sionality, discarding irrelevant data, and preserv-
ing key features that are essential for accurate 
prediction. This not only mitigates the risk of over-
fitting but also streamlines the computational pro-
cess, making the model more efficient in handling 
large, high-dimensional datasets.
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Moreover, the  use of  simulated annealing 
(SA) plays a critical role in the model’s optimi-
zation. By  applying global search techniques, 
SA ensures that the model avoids local optima, 
improving its ability to  navigate complex and 
uncertain environments. This ability to  find 
global optima contributes to the model’s overall 
predictive strength, especially in scenarios with 
high variability, such as  those found in  global 
trade forecasting.

This model offers substantial practical 
value, as  it enables managers to  allocate 
resources, such as production capacity, logis-
tics, and workforce planning – more effectively 
by  comparing predicted trade volumes with 
actual data. Importantly, its ≤10% MAPE aligns 
with the  acceptable error threshold for supply 
chain forecasts, providing operational reliability. 
The insights generated can also inform strate-
gic decisions, including investment planning, 
market expansion, and partnership selection, 
particularly in  light of  external challenges like 
the Sino-US trade conflict. By offering a reliable 
prediction tool, PCA-SA-BPNN empowers busi-
nesses to respond proactively to market chang-
es, optimizing decision-making processes and 
helping mitigate risks.

Furthermore, the  incorporation of real-time 
data from search engines, such as the Baidu in-
dex, enhances the model’s accuracy by captur-
ing public sentiment and trend shifts, which have 
direct implications for trade volumes. These 
innovations not only improve the model’s pre-
dictive capabilities but also support the broader 
digital transformation of  businesses, driving 
innovation in research, development, and tech-
nology across the  logistics and supply chain 
sectors (Zhou et al., 2022).

Despite the model’s strengths, some limita-
tions remain. The  use of  Pearson correlation 
for keyword selection primarily captures linear 
relationships, which may overlook non-linear 
dynamics such as  cyclical fluctuations or  de-
layed effects between search volume and trade 
volume. Additionally, the  dataset’s temporal 
scope may limit the  model’s application to 
long-term economic cycles. Finally, while dem-
onstrating robustness during the  study period 
(2018–2023), the  current results may be spe-
cific to  the post-COVID economic context and 
cannot guarantee generalizability across other 
economic regimes. Therefore, extrapolation 
beyond the observed timeframe remains a key 
limitation for future research to address. Future 

work could explore non-linear feature selection 
methods, extended temporal coverage, and 
rolling window validation to enhance forecasting 
stability across diverse economic conditions.
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