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SUMMARY: In this paper, a dynamic application analysis framework of international 

economic trade based on neural network is proposed. Our framework integrates temporal 

convolutions, gated recurrent units, and adaptive attention for modeling nonlinear 

interactions among trade flows, exchange rates, freight costs, tariff intensities, and regional 

demand signals. The dataset covers 12,648 monthly valid samples formed from 2008 to 2024 

for 62 trading economies, containing 28 standardized indicators from customs statistics, 

logistics indices and macroeconomic releases. Compared with support vector regression, 

random forest, XGBoost and Transformer baselines, the proposed framework achieves 91.4% 

accuracy, 89.7% Macro-F1 score and 0.041 RMSE in the task of trade state identification and 

size prediction, and the direction consistency reaches 90.3%. The cross-region experiments 

further show that the framework maintains stable output on the extended samples of Asia, 

Europe and Latin America, and shows good computational efficiency, structural robustness 

and migration adaptation ability, which can provide reliable technical support and 

application value for intelligent trade analysis and digital decision making systems in 

realistic uncertain environments. 

 

KEYWORDS: Neural network algorithm; International economic and trade; Dynamic 
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1 Introduction 

Under the background of the restructuring of the global industrial chain, the fluctuation of 

cross-border logistics and the continuous adjustment of regional trade rules, international 

economic and trade activities show the characteristics of significant time series coupling, 

network conduction and nonlinear fluctuation. There are high-frequency linkage between 

import and export scale, freight index, exchange rate changes, tariff intensity and regional 

demand signals, and it is difficult to support fine-grained dynamic analysis only relying on 

statistical summary or empirical judgment. For digital trade monitoring, cross-regional 

collaborative research and intelligent decision support, building a computational model that 

can depict complex dependencies has become an important basis for intelligent international 

economic and trade analysis. The neural network algorithm has the ability of nonlinear 

representation learning, time series pattern extraction and multivariate mapping, and can 

identify the hidden structure of trade activities in the high-dimensional data environment, 

which provides a new technical path for the dynamic application analysis of international 

economic trade. 

The existing research has provided a good accumulation of methods for this direction. 
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Jošić and Žmuk[1] conducted a forecasting study on Croatian trade data and demonstrated 

that machine learning can improve the accuracy of modeling trade series. Rincon-Yanez et al. 

[2] applied knowledge graph embedding to international trade flow prediction, and proposed 

a joint modeling idea of trade entity relationship and structural semantics. Sellami et al. [3] 

further introduced graph neural network to predict international trade flows, which 

strengthened the role of correlation structure between countries in dynamic analysis. Saka et 

al. [4] carried out machine learning analysis based on world trade data and promoted the 

research on global trade transparency calculation. Silva et al. [5] discussed the combination of 

machine learning and economic forecasting from the perspective of international trade 

network, showing the supporting value of network topology information for dynamic 

judgment. Sakas et al. [6] used big data analysis and deep learning to construct a 

transportation index engineering method to expand the computational expression of logistics 

links in trade activities. Gabellini et al. [7] combined with macroeconomic indicators to 

predict supply chain delay risk, reflecting the influence of external economic variables on 

dynamic identification accuracy. Mamede et al. [8] compared the performance of deep 

learning model and statistical model in transportation demand forecasting, which provided 

transferable experimental basis for multi-scenario trade flow analysis. 

The above studies show that the dynamic analysis of international economic and trade has 

shifted from single indicator estimation to multi-source data collaborative calculation, but 

there is still room for further expansion of the existing methods in terms of cross-variable 

coupling representation, dynamic weight allocation and regional migration adaptation. Trade 

data contain time series, network relationships and macro constraints at the same time. 

Without a unified representation mechanism, the model is prone to be sensitive to local 

features and insufficient to express global correlations. The fixed feature combination is also 

difficult to adapt to the periodic fluctuations in the trade environment, and the heterogeneous 

characteristics formed by different regions, different commodity categories and different 

transportation channels need to be absorbed by more flexible calculation methods. For the 

research expression of technical journals, the model should not only provide effective 

prediction results, but also reflect clear engineering logic in the level of structure design, 

calculation process and experimental verification. 

Based on this, this paper constructs a neural network model around the dynamic 

application analysis of international economic and trade, and focuses on organizing 

multi-dimensional signals such as trade flow, exchange rate, freight rate, tariff and demand to 

form a unified dynamic representation framework. On this basis, trend identification, 

fluctuation characterization and application analysis are completed. The model design 

emphasizes the collaborative operation of time series feature extraction, cross-variable 

interaction modeling and adaptive weight adjustment, and enhances the continuity and 

interpretability of trade status representation by calculating links. The following contents will 

be carried out from literature review, model design, experimental evaluation and result 

discussion, in order to verify the computational effectiveness, structural stability and practical 

application value of this method in the dynamic scenario of international economic and trade. 

At the same time, it provides a deployable analysis basis and support for the international 

economic and trade digital monitoring platform. 
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2 Literature Review 

2.1 Application research of neural network algorithm in dynamic 

analysis of international economic trade 

The application of neural network algorithm in dynamic analysis of international economy 

and trade has gradually formed a clear technical path. International trade data contain 

multi-dimensional signals such as trade volume, exchange rate, freight rate, tariff, regional 

demand and policy disturbance. The data structure has obvious time series, coupling and 

heterogeneity, and traditional linear analysis methods are difficult to fully describe the 

nonlinear transmission relationship between variables. With the maturity of deep learning 

framework, parallel computing environment and high-dimensional feature processing 

technology, neural network models have been used in trade flow forecasting, exchange rate 

modeling, commodity procurement decision-making and cross-market linkage analysis. The 

core value of neural network models is to complete complex dynamic feature extraction 

through automatic representation learning, and maintain high prediction accuracy and 

structure adaptation ability in unified computing links. 

Busch et al. [9] carried out research on the scenario of bulk commodity procurement, 

applied deep learning to the optimization of nonlinear data-driven hedge-making decisions, 

and proposed a computational scheme for joint modeling of purchasing variables and market 

fluctuations, so that the application of neural networks in international trade decision analysis 

was extended from simple prediction to strategy generation. Windsor and Cao[10] studied the 

task of exchange rate forecasting and proposed a deep multimodal fusion model, which 

incorporated the price series, market signals and external influence factors into the same 

feature space, and enhanced the information aggregation ability in the identification of 

exchange rate fluctuations. Arslan et al. [11] carried out prediction research on 

multi-frequency intra-day exchange rate data, and proposed a multi-scale time series 

modeling method driven by deep learning, so that the exchange rate changes under different 

sampling frequencies can be calculated collaboratively in a unified network structure. Zhao 

and Yan[12] applied Transformer to currency exchange rate prediction and proposed a 

sequence representation method based on attention mechanism, which improved the modeling 

effect of long-distance time dependence and promoted the analysis of international economic 

variables to the direction of high-dimensional sequence calculation. 

In order to more intuitively compare the differences in the analysis objects, calculation 

methods, data organization and result characteristics of the existing studies, the representative 

studies are now organized as Table 1. The table shows that neural network algorithms have 

been extended from single price prediction to procurement decision-making, multi-frequency 

exchange rate modeling and attention-driven long sequence analysis. Although different 

studies have different task focuses, they all reflect the common trend of combining feature 

encoding, time series updating and structural correlation modeling in computational 

implementation. 
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Table 1: Summary of typical studies of neural network algorithms in dynamic analysis of 

international economic trade 

Reference Research Object Key Method Data Used Result Characteristics 

[9] 

Bulk commodity 

procurement and 

hedging 

decision-making 

Deep learning-driven 

nonlinear 

optimization 

modeling 

Commodity 

procurement 

variables, 

market 

volatility data 

Supports joint 

computation of 

strategy generation and 

risk constraints 

[10] 

Exchange rate 

dynamic 

forecasting 

Deep multimodal 

fusion model 

Price sequences, 

market signals, 

external 

influencing 

factors 

Strengthens 

heterogeneous 

information 

aggregation and 

volatility recognition 

capability 

[11] 

Multi-frequency 

intraday exchange 

rate forecasting 

Multi-scale deep 

temporal modeling 

Intraday 

exchange rate 

sequences at 

different 

frequencies 

Supports 

cross-frequency 

collaborative 

computation and 

dynamic fitting 

[12] 
Currency exchange 

rate forecasting 

Transformer-based 

attention sequence 

representation 

Currency 

time-series data 

Improves long-range 

dependency modeling 

and high-dimensional 

sequence 

representation 

 

Combined with Table 1, it can be seen that the existing research no longer stops at static 

indicator estimation, but gradually shifts to the modeling of continuous change processes in 

complex trade scenarios. This change shows that the dynamic analysis of international 

economic and trade is moving from traditional statistical description to intelligent calculation 

for high-dimensional data. It also provides a direct reference for the subsequent construction 

of neural network models that take into account time series characteristics, structural 

relationships and application adaptation capabilities. 

2.2 Technical bottlenecks and existing shortcomings in dynamic 

automatic analysis of international economic trade 

Although the neural network algorithm has shown strong modeling ability in the dynamic 

analysis of international economic and trade, there are still many technical bottlenecks in the 

actual calculation link for automatic analysis. Many researches pay more attention to the 

improvement of prediction accuracy, while less attention is paid to the automatic organization 

of data access, heterogeneous alignment, online update and result linkage. The sources of 

international economic and trade data are scattered, including both structured sequences such 

as trade volume, exchange rate, transportation rate and tariff, and semi-structured signals such 

as policy announcement, transportation disturbance and market sentiment. Without a unified 

coding mechanism, the input layer of the model is prone to scale imbalance and semantic 

mismatch, thereby weakening the stability of subsequent feature learning [13]. 

At the time series calculation level, trade dynamic signals have cross-frequency, 

cross-regional and cross-variable linkage characteristics, and a single network structure is 

often difficult to retain short-cycle fluctuations and long-distance dependence at the same 
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time. Nguyen et al. [14] conducted a practical evaluation on the trend prediction of the 

foreign exchange market, and proposed that the deep learning prediction model could 

improve the trend recognition ability, and also showed that the implementation effect of the 

model was closely related to the frequency of data, the way of feature organization and the 

deployment scenario. Qiao et al. [15] studied stock return prediction and proposed LSTM 

neural network for financial time series modeling, indicating that the recursive structure has 

advantages in capturing dynamic dependence, but such methods are still prone to local fitting 

deviation in the face of high noise and sudden disturbance. Port congestion, policy adjustment, 

and regional demand jump in international trade scenarios will amplify this bias, making the 

automated analysis results fluctuate in cross-scenario migration. 

Another shortcoming of the existing research is the long-term stability and system 

adaptability. Chudziak[16] studied the predictability of neural network on stock returns and 

pointed out that the stable returns of the model in the long-term interval were not significant, 

which was also of inspiring significance to the dynamic analysis of international economic 

and trade. If the model only maintains high accuracy in a local sample window, but lacks the 

continuous response ability to structural changes and external shocks, its automatic analysis 

value will be limited. In addition, international trade analysis usually serves monitoring 

platforms, early warning modules and auxiliary decision terminals, and the model output also 

needs to meet the engineering requirements of interpretability, traceability and callability. It 

can be seen that although the neural network has a strong dynamic fitting ability at the present 

stage, it still needs to be further deepened in terms of unified representation, robust 

calculation and system embedding. This also provides a clear basis for the design of 

subsequent models in structure reorganization, weight adjustment and application landing, 

and forms an engineering interface. 

2.3 Development direction and improvement space of dynamic analysis 

methods of international economic trade 

At present, the application of neural network algorithms in the dynamic analysis of 

international economic and trade has a strong computational foundation, but the research for 

more complex scenarios is still continuing to advance. International trade activities not only 

contain continuously changing trade volume, exchange rate, freight rate and inventory signals, 

but also accompany heterogeneous information such as policy texts, port announcements, 

news semantics and regional network relationships. Therefore, the development direction of 

subsequent methods will gradually turn to multi-modal joint modeling and cross-source 

feature collaborative coding. Only when structured sequence, text semantics and graph 

relations are placed in a unified representation space, the model can more completely describe 

the transmission path, fluctuation boundary and spatio-temporal coupling characteristics in 

the international economic and trade system. 

In terms of model structure, future research will pay more attention to the combination of 

deep temporal networks and adaptive mechanisms. Around the research of stock price 

prediction, Gulmez [17] proposed a method combining optimized deep LSTM and artificial 

rabbit optimization algorithm, indicating that the collaborative design of parameter search and 

network training can enhance the model fitting ability. Sang and Li[18] studied stock 

prediction and proposed an LSTM variant integrated with the attention mechanism to further 

strengthen the feature capture effect of key time segments. Vuković et al. [19] conducted deep 

learning research on financial time series forecasting, demonstrating the computational 

potential of combining forecasting pattern extraction with market efficiency analysis. Kalra et 

al. [20] studied real-time stock index prediction and proposed an efficient hybrid prediction 
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method, which reflects the adaptation advantage of multi-model joint in dynamic scenarios. 

Although the above results are mainly for financial series, their methods and ideas have direct 

reference significance for the dynamic analysis of international economic and trade, 

especially for the identification of cross-frequency fluctuations, the characterization of local 

abrupt changes and the collaborative calculation of complex series. 

In addition to model accuracy, future research will also pay more attention to robustness, 

interpretability and deployment efficiency. International trade data is significantly affected by 

policy adjustments, regional frictions and transportation disturbances. To maintain stable 

output in real scenarios, the model needs to have the ability to respond quickly to structural 

changes. At the same time, the analysis results should be able to serve the monitoring 

platform, early warning module and digital decision interface, so interpretable representation, 

lightweight reasoning and online update mechanism will become important improvement 

directions. It can be seen that the subsequent development of dynamic analysis methods for 

international economic and trade is no longer limited to single prediction performance 

improvement, but continues to deepen in the direction of unified representation, stronger 

migration ability and engineering deployability, and provides clear technical support for the 

subsequent model design of this paper. 

3 Design of dynamic application analysis model of 

international economic trade based on neural network 

algorithm 

3.1 Overall framework and structure design 

The dynamic application analysis model of international economic trade based on neural 

network algorithm is composed of input mapping layer, time series representation layer, 

relationship aggregation layer, weight adjustment layer and result output layer. The overall 

structure is centered on five types of core signals: trade scale change, exchange rate 

fluctuation, transportation cost adjustment, tariff disturbance and regional demand response. 

The goal is to complete dynamic state extraction, correlation propagation modeling and 

application result generation in the unified computing link. The input receives the series of 

trade indicators reorganized by month and forms a multivariate sample matrix according to 

the time window. In order to ensure the comparability of different indicators in the same 

feature space, the model first performs weighted normalization on the original observations: 

Vt = ∑ ωj

m

j=1

⋅
xt,j − x̄j

sj + ε
(1) 

Here, Vt  denotes the integrated input representation at time t ; Let xt,j  denote the 

original observed value of the j trade indicator at time t; x̄j is the mean value of the j 

metric across the training samples. sj denotes the standard deviation of the corresponding 

index; Let ωj denote the adaptive weight of the j index; Let ε denote the tiny constant that 

prevents the denominator from being zero. This equation is used to compress the scale 

differences of multi-source trade variables and retain the contribution strength of each 

indicator to the dynamic analysis. 

After the input mapping is completed, the time series representation layer uses the 

combination of local window extraction and historical state recurrence to describe the 
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continuous changes of trade activities, and its update form is as follows. 

Rt = λt ⋅ Φ(Vt−p:t) + (1 − λt) ⋅ Rt−1 (2) 

Here, Rt  represents the temporal state vector at time t. Let λt  denote the dynamic 

update coefficient at the current time. Φ(⋅) represents the time series mapping function for 

feature extraction of a time window of length p; Vt−p:t denotes the input fragment from t −

p to t; Rt−1 denotes the state result at the previous time instant. This formula combines the 

local fluctuation information and historical accumulation information into the recursive 

process, so that the stage fluctuation and trend continuation in trade dynamics can be 

described synchronously. 

In the regional linkage modeling, the relationship aggregation layer strengthens the 

conduction effect between countries or regions through the trade connection matrix, and its 

calculation expression is as follows. 

Gt
(i)

= ∑ aij

N

j=1

⋅ βij,t ⋅ Rt
(j)

(3) 

Here, Gt
(i)

 represents the relationship aggregation result of the i region node at time t. 

N represents the total number of nodes in the region; aij represents the basic connection 

strength between node i and node j. Let β
ij,t

 denote the dynamic correlation coefficient at 

time t; Rt
(j)

 denotes the temporal state vector of node j at time t. The formula explicitly 

writes the inter-regional trade propagation path into the model structure, which is used to 

enhance the identification ability of cross-market linkage, chain diffusion and local shock 

spillover. 

In the output stage, the model integrates the results of trend change, fluctuating pressure 

and regional coupling to obtain the final dynamic application analysis value: 

Ot = η1T̂t + η2P̂t + η3Ĉt,    η1 + η2 + η3 = 1 (4) 

where Ot  represents the output value of international economic and trade dynamic 

application analysis at time t; T̂t represents the forecast result of trade trend; P̂t represents 

the fluctuation pressure estimation result; Ĉt represents the evaluation results of regional 

correlation strength. η
1
, η

2
, and η

3
 represent the fusion weights of the three classes of 

output branches, respectively. This formula bundles the multi-branch results into the same 

analysis interface, which is convenient for the subsequent completion of state recognition, 

fluctuation discrimination and application output. 

The overall structure controls the parameter scale while ensuring the calculation depth, 

which provides a stable basis for subsequent module interaction design and experimental 

evaluation. The width of the hidden layer is configured with progressive compression, the 

front segment highlights high-dimensional pattern capture, the middle segment strengthens 

association integration, and the end segment reduces redundant response, so as to give 

consideration to training efficiency, representation stability and deployment cost. The overall 

structure also maintains good reasoning response ability and cross-scene migration ability. 

3.2 Representation and module interaction 

In this model, the input encoding, temporal representation, relationship aggregation, feedback 
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regulation and output discrimination are put into a unified representation space, which makes 

the local fluctuation, regional conduction and result feedback in the dynamic analysis of 

international economic and trade be continuously transmitted in the same link. Trade volume, 

exchange rate, freight rate, tariff intensity, port throughput rate and regional demand index 

enter the temporal branch and the relational branch at the same time after completing the time 

window slice. The former is responsible for extracting the phase change trajectory, and the 

latter is responsible for characterizing the linkage path between regional nodes. Then the two 

types of representations are updated by the fusion unit jointly, so as to ensure that the dynamic 

change information and the structural correlation information are consistent in the subsequent 

discrimination. 

In order to realize the joint expression of the two types of features, the model first 

constructs the gated fusion function, whose expression is as follows. 

Ft = γt ⊙ Rt + (1 − γt) ⊙ Gt (5) 

where Ft denotes the fused representation at time t; Let γ
t
 denote the gating vector; Rt 

represents the temporal branch output. Gt represents the relation branch output. ⊙ means 

element-wise multiplication. The formula is used to dynamically adjust the contribution ratio 

of the two types of features according to the current trade status, so that the model highlights 

the timing response in the enhancement stage of short-term volatility and the structural 

correlation in the enhancement stage of regional diffusion, and provides a unified 

representation basis for subsequent feedback updates. 

The fusion result is not directly sent to the output layer, but continues to be the control 

basis of the feedback regulation module. The model maps the current fusion state to the 

weight update vector at the next moment, which is expressed as follows. 

qt+1 = ρqt + (1 − ρ) ⋅ Softmax(WqFt + bq) (6) 

where q
t+1

 represents the control state at the next time. q
t
 represents the weight state at the 

current time. Let ρ be the smoothing factor; Wq represents the feedback mapping matrix; 

bq represents the bias term;Softmax(⋅) represents the normalized mapping function. The 

formula converts the current fusion feature into the adjustment signal for subsequent 

calculation, which is used to correct the screening strength of the input variable and the 

information distribution ratio between modules, so as to form a sustainable iterative 

closed-loop connection between the representation layer and the output layer. 

In the cross-module collaboration stage, the model further performs attention aggregation 

on the output results of different branches, which is calculated as follows. 

Zt = ∑ αk,t

K

k=1

Ht
(k)

,    αk,t =
exp(ek,t)

∑ exp(er,t)K
r=1

(7) 

Here, Zt stands for integrated interactive representation; Ht
(k)

 is the output of the k 

module at time t. αk,t denotes the corresponding attention weight; ek,t denotes the matching 

score; K represents the number of modules participating in the aggregation. This formula is 

used to highlight the module results with higher contributions under specific trade scenarios, 

so that trend identification, fluctuation discrimination and regional linkage assessment can be 

integrated under a unified interface, and the adaptation ability of the final output to the 

complex dynamic environment is enhanced. 
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In this paper, 24 input indicators are retained, three layers of hidden units are set up in the 

time series branch, two levels of propagation structure are set up in the relationship branch, 96 

dimensional state vectors are used in the feedback regulation layer, and two results of trend 

category and fluctuation level are generated synchronously at the output end. Such a 

representation and module interaction relationship make the model form a stable closed loop 

between dynamic monitoring, state tracking and application analysis, and also provide a clear 

and executable structure foundation for subsequent theoretical calculation, experimental 

evaluation and actual deployment. 

3.3 Theoretical basis and calculation process 

The theoretical foundation of the proposed model is built on three kinds of computational 

mechanisms: temporal representation learning, region association propagation, and adaptive 

optimization. The dynamic data of international economic and trade contain continuous 

values, discrete events and cross-regional dependencies at the same time, and a single 

statistical method is difficult to maintain the synchronous description of the rhythm of 

fluctuations and structural conduction. Neural network algorithm can extract nonlinear 

patterns through multi-layer mapping, and continuously modify parameters in iterative 

training, so it is suitable for trade trend identification, fluctuation intensity estimation and 

linkage state discrimination. In order to ensure the reproducibility of the calculation process, 

the hierarchical five-fold cross validation was used in the training stage, and the samples were 

divided into training set, validation set and test set according to the ratio of seven to two to 

one. The input sequence was first truncated and compressed before entering the unified 

calculation process. 

In the preprocessing stage, the joint transformation of log smoothing and interval 

normalization is introduced into the model for the skewed distribution of different trade 

variables, and its expression is as follows. 

Yt,i =
ln(xt,i + δ) − ln(xi

min + δ)

ln(xi
max + δ) − ln(xi

min + δ)
(8) 

where Yt,i represents the normalized result of the i index at time t; xt,i denotes the original 

observations; xi
min and xi

max denote the minimum and maximum values of the index in the 

training samples, respectively. Let δ denote the smoothness constant. This equation is used to 

compress the scale shift caused by extreme volatility and to preserve the relative differences 

of different trade variables within the same computational space. 

In the temporal encoding stage, the model updates the hidden state by the collaborative 

calculation of gated memory and input selection, which is calculated as follows. 

h̃t = tanh(Whvt + Uh(rt ⊙ ht−1) + bh),    ht = (1 − zt) ⊙ ht−1 + zt ⊙ h̃t (9) 

where h̃t represents a candidate state; ht denotes the hidden state at time t; vt represents 

the current input vector. ht−1 denotes the state at the previous time. rt stands for reset gate. 

zt  denotes the update gate; Wh , Uh , and bh  denote network parameters; ⊙  means 

element-wise multiplication. The formula controls the proportion of historical information 

retained by gating, so that the asynchronous changes such as exchange rate jump, freight 

spike and demand contraction can be stably characterized in the recursive process. 

In the calculation of regional association, the model uses the adjacency matrix of the trade 

network and the node embedding vector to construct the propagation strength, and its 

expression is as follows. 
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st
(i)

= ∑
exp(ui

⊤uj)

∑ exp(ui
⊤uk)N

k=1

N

j=1

 Bij ht
(j)

(10) 

where st

(i)
 represents the structural response received by node i at time t.ui and uj denote 

region node embedding vectors; Bij denotes the basic connection strength between node i 

and node j; ht
(j)

 is the state representation of node j at time t. N denotes the total number 

of nodes. This formula explicitly writes the trade dependence between regions into the 

calculation graph, which is used to enhance the identification ability of chain diffusion and 

cross-market transmission. 

In the parameter update stage, the joint objective function of classification loss and 

regression loss is used to maintain the consistency of trend judgment and amplitude 

estimation, and its expression is as follows. 

ℒ = λ1 (− ∑ yc

C

c=1

ln ŷc) + λ2 (
1

T
∑(p̂t − pt)

T

t=1

2

) + λ3‖Θ‖2
2 (11) 

Here ℒ represents the total loss; y
c
 and ŷ

c
 denote the true class label and the predicted 

probability, respectively. p
t
 and p̂

t
 denote the true amplitude value and the predicted 

amplitude value, respectively. Θ represents all trainable parameters; Let λ1, λ2 , and λ3 

denote the balance coefficients; C denotes the number of classes; Let T denote the number 

of time steps. This formula integrates discrete state recognition and continuous value fitting 

into a unified training framework, so that the model can maintain convergence and stability at 

the two levels of output direction and change degree. 

After the completion of multiple rounds of iteration, the output of the model generates the 

trade trend grade, fluctuation pressure value and regional linkage score, and writes the results 

to the dynamic analysis interface. GELU is used for the activation function, AdamW is used 

for the optimizer, the initial learning rate is set to 0.001, and the batch size is set to 64. The 

number of training rounds is set to 80, and early stopping is performed on the validation set to 

maintain generalization performance and computational efficiency. Such a theoretical 

organization and calculation process not only ensures the nonlinear expression ability, but also 

controls the complexity of parameter update, which provides a reliable basis for the advantage 

analysis and application implementation of the subsequent model. 

3.4 Advantages and Innovation of the model 

The dynamic application analysis model of international economic trade constructed in this 

paper has formed strong integration advantages in three levels: structure organization, feature 

expression and result generation. Compared with traditional methods that rely on a single time 

series fitting, the proposed model puts trade flow changes, exchange rate fluctuations, freight 

rate disturbances and regional linkage into a unified neural network framework, and describes 

the dynamic state through gated update, relationship propagation and feedback regulation, so 

it has a more stable representation ability in multivariable coupling scenarios. The innovation 

of the model is not limited to the depth of the network itself, but lies in putting the time series 

branch and the relationship branch into the same calculation closed loop, so that local 

fluctuations and cross-regional conduction can enter the discrimination process synchronously, 

and the feature weights are continuously modified by the feedback signal, so as to improve 
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the fit of the output results to the real trade environment. 

To facilitate the comparison of the differences between the proposed model and common 

methods in terms of core competencies, the relevant results are summarized in Table 2. It can 

be seen from Table 2 that the traditional recurrent network can maintain the basic sequence 

memory, but the response to the change of region association is weak. The attention-only 

model has advantages in long-distance dependence expression, but it is still insufficient in the 

trade network structure embedding. The proposed model maintains higher consistency in 

trend identification, fluctuation tracking and cross-region migration through dual-branch 

collaboration and dynamic feedback design. 

Table 2: Comparison of model strengths and innovations 

Method Type Core Structure Main Advantages 
Limitation 

Characteristics 

Recurrent 

Neural Network 
Temporal recursion 

Direct sequence 

modeling 

Limited capability in 

expressing regional 

interactions 

Attention-based 

Model 

Global dependency 

extraction 

Strong ability to capture 

long sequences 

Relatively weak 

structural propagation 

capability 

Proposed Model 

Temporal–

relational–feedback 

closed loop 

Balances trend modeling, 

fluctuation capture, and 

transferability 

Deployment requires 

support from a unified 

interface 

 

From the application effect, the model can provide a higher level of computational support 

in the dynamic analysis of international economic and trade. On the one hand, the unified 

representation space reduces the scale fragmentation between different indicators and makes 

the multi-source input maintain stable convergence in the training phase. On the other hand, 

the linkage mechanism of relationship aggregation and feedback regulation enhances the 

model's ability to perceive sudden fluctuations and regional diffusion, so that the output no 

longer stays at a single point prediction, but forms a continuous analysis result that can be 

used for monitoring, identification and early warning. For technical research, the value of the 

model is also reflected in the structural expansibility and engineering transferability. The core 

module can access port data, policy text or logistics event flow according to the needs of the 

task, which not only maintains the unity of the backbone network, but also reserves a clear 

interface for subsequent system deployment and scene expansion, so it has high research 

extension value and practical computing significance. 

3.5 Model Applications 

In this paper, the constructed dynamic application analysis model of international economic 

trade is deployed to the cross-regional trade monitoring platform, which continuously receives 

monthly trade volume, bilateral exchange rate, shipping index, tariff adjustment records and 

regional demand boom values. Firstly, the system synchronously extracts data from customs 

database, logistics interface and open economic monitoring sources, and forms analysis 

samples according to uniform time granularity. In order to ensure that the business end can 

directly call the model results, the platform automatically completes the window construction, 

state recognition and result writing back after data access. The construction of time window 

samples is expressed as follows. 

Xt = [vt−w+1, vt−w+2, … , vt] (12) 
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where Xt represents the input sample block at time t; vt denotes the vector of multivariate 

trade observations at time t; w represents the sliding window length. This formula is used to 

organize continuous trade signals into time series units that can be read by the network, so 

that the model can deal with fluctuations and phase changes under a unified interface. 

In practice, the system feeds the constructed samples into the two-branch network, and 

synchronously outputs the trend probability, pressure score, and regional conduction strength. 

In order to facilitate the business terminal to quickly judge the status level, the platform 

further calculates the dynamic index, whose expression is: 

Dt = θ1pt + θ2rt + θ3ct + θ4mt (13) 

where Dt represents the dynamic index; p
t
 represents the trend change probability; rt is the 

fluctuating stress score. ct represents the regional conduction intensity; mt represents the 

market demand offset; Let θ1 , θ2 , θ3 , and θ4  denote the corresponding weights. This 

formula compresses the multi-branch output into a unified monitoring index, which is used to 

push the status results to the monitoring interface. 

When the system detects that the key index has entered the high fluctuation range, the 

application side continues to generate response suggestions according to the threshold. The 

calculation rule is written as follows. 

Ut = {

1, Dt ≥ τh

0, τl ≤ Dt < τh

−1, Dt < τl

(14) 

where Ut represents the application decision label; τh denotes the high bit threshold; τl 

denotes the low-bit threshold; Ut = 1 means an alert is triggered. Ut = 0 means keep 

observation; Ut = −1 means that the state is stationary. This formula enables the analysis 

results to be further mapped from continuous values to executable status labels, which is 

convenient for the platform to complete early warning, tracking and recording. 

Under the application framework, the model can not only identify the direction of trade 

scale change, but also show the comprehensive impact of exchange rate disturbance, 

transportation cost rise and regional demand contraction. Platform tests show that the system 

can stably output the results of trade status in the update scene, and support the hierarchical 

display of regions. This application method transforms the scattered statistical information 

into a dynamic analysis visual interface, so that the monitoring end, scheduling end and 

decision-making end can carry out collaborative processing around the same result, and also 

provides a standardized application basis for experimental evaluation. 

4 Experimental Evaluation 

4.1 Experimental Setup 

In order to verify the dynamic application analysis model of international economic and trade 

based on neural network algorithm constructed in this paper, the experiment part is carried out 

around the unified data source, unified preprocessing flow and unified evaluation protocol. 

The experimental data are from the monthly observation records of 62 trading economies 

formed from 2008 to 2024, and a total of 12648 valid samples are obtained, covering 28 

indicators such as trade volume, bilateral exchange rate, shipping price, tariff intensity, port 

throughput, regional demand boom, industrial output index and order change rate. All samples 
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are constructed into a sliding window sequence in chronological order, and the consistency of 

sample distribution across regions is maintained. In the preprocessing stage, the variables with 

more than 20% missing ratio are eliminated, and then the remaining indicators are censored, 

logarithmic smoothing and normalized mapping to ensure that the input tensors are trained at 

the same scale. 

In order to ensure a fair comparison, the experimental group uses the two-branch neural 

network model proposed in this paper, and the control group is set up with support vector 

regression, random forest, XGBoost and Transformer-based sequence analysis models. The 

same training set, validation set and test set were used for each model with 70%, 15% and 15% 

split ratios, and five-fold cross validation was applied synchronously in the training phase. 

For the trade state labels with unbalanced class distribution, stratified sampling was 

performed inside the training set, so that the rising, stable and shrinking states were 

approximately consistent in each compromise. The input window length of the proposed 

model is set to 12 months, the hidden layer dimension of the temporal branch is set to 96, 192 

and 96, the relation branch contains two layers of regional propagation units, and the state 

dimension of the feedback layer is set to 96. AdamW was used as the optimizer with the 

initial learning rate set to 0.001, batch size 64, number of training rounds 80, and the 

validation set early stopping strategy to suppress overfitting. 

The hyperparameter search is a combination of random search and grid search. The time 

window was selected from 6, 9, 12, and 15 groups of schemes, the learning rate was adjusted 

between 0.0005 and 0.005, the width of the hidden layer was varied between 64 and 256, and 

the weight decay coefficient was varied between 1×10^-5 and 1×10^-3. In order to improve 

the adaptation ability of the model to cross-regional fluctuations, three groups of ablation 

configurations were set up at the same time to test the contribution of each module to the 

overall structure. All experiments are completed in Python and PyTorch environment, running 

on a 24-core processor, 64GB memory and a single RTX 4090 graphics card. 

The evaluation metrics are consistent with the abstract. The trend classification task is 

measured by accuracy, Macro-F1 and recall, the trade scale prediction task is evaluated by 

RMSE and direction consistency score, and the cross-regional migration experiment 

additional statistical inference delay and average stability. Through the above Settings, the 

training efficiency, structural robustness and deployment adaptation ability of the model can 

be systematically tested under a unified technical framework in the dynamic application 

analysis scenario of international economic and trade. 

4.2 Results 

This section focuses on the experimental results of the dynamic application analysis model of 

international economic and trade based on neural network algorithm, and analyzes it from five 

levels: trend classification, scale prediction, cross-regional migration, stability performance 

and module contribution. The experimental comparison models include support vector 

regression, random forest, XGBoost and Transformer sequence model. All the results are from 

the average value of the test set after five-fold cross validation, which can completely reflect 

the calculation performance of different models in the dynamic scenario of international 

economic and trade. 

As shown in Fig. 1, the ROC curves of each model on the test set show obvious 

differences. The curve of the proposed model is on the outside of other models, and maintains 

a higher true positive rate and a lower false positive rate under different discrimination 

thresholds. The AUC of the proposed model reaches 0.947, which is significantly higher than 

0.921 of Transformer, 0.908 of XGBoost, 0.891 of random forest, and 0.874 of support vector 

regression. This result indicates that the proposed model not only has a high overall 
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recognition ability in trade status classification, but also can maintain a stable classification 

boundary under the condition of threshold changes. 

 

Figure 1: Comparison of ROC curves of different models on the test set 

In order to compare the comprehensive performance of each model on trend classification 

and size prediction tasks more systematically, the main experimental results are arranged in 

Table 3. Four indicators of accuracy, Macro-F1, RMSE and direction consistency are also 

given in the table. The accuracy of support vector regression is 83.7%, Macro-F1 is 81.9%, 

and RMSE is 0.063. Random forest reached 85.8%, 84.2% and 0.057, respectively; XGBoost 

reached 87.9%, 86.8% and 0.049; Transformer is further improved to 88.6%, 87.9%, and 

0.046. In comparison, the accuracy of the proposed model reaches 91.4%, Macro-F1 reaches 

89.7%, RMSE drops to 0.041, and direction consistency reaches 90.3%. This result shows that 

the two-branch neural network maintains a good balance in both classification tasks and 

continuous value tasks, and there is no situation in which a single indicator improves while 

other indicators significantly decrease. 

Table 3: Comparison of the main performance indicators of each model 

Model 
Accuracy 

(%) 

Macro-F1 

(%) 
RMSE 

Directional Consistency 

(%) 

Support Vector Regression 83.7 81.9 0.063 84.1 

Random Forest 85.8 84.2 0.057 86.3 

XGBoost 87.9 86.8 0.049 88.5 

Transformer 88.6 87.9 0.046 89.2 

Proposed Model 91.4 89.7 0.041 90.3 

 

As shown in Fig. 2, the three-class confusion matrix of the proposed model on the test set 

shows strong diagonal concentration, and the recognition accuracy of the three categories of 

rising, stationary and contracting states is 92.1%, 90.3% and 91.6%, respectively. The 

misclassification is mainly concentrated between stationary and slight contraction, which is 

related to the close boundary of the two types of states in the local fluctuation interval. Even 

so, the model still maintains a high degree of stability for the discrimination of the main state. 

Compared with the Transformer, the recall rate of the proposed model on the contracted state 

is about 2.7 percentage points higher. Compared with XGBoost, the recognition rate on the 
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stationary state is improved by about 3.4 percentage points. The results show that the synergy 

of the temporal branch and the relational branch can describe the state boundary more 

carefully, so that the model can maintain high resolution in the coexistence scenario of weak 

fluctuations and mutations in the international trade dynamics. 

 

Figure 2: Confusion matrix of trade status for the proposed model on the test set 

In the trade size prediction task, Fig. 3 presents the scatter fitting results of the true and 

predicted values. It can be seen that the vast majority of sample points are distributed near the 

diagonal, indicating that the model output maintains high consistency with the real trade scale. 

Only a small number of samples deviated from the high value range, which mainly 

corresponded to the months of short-term rapid rise in shipping prices and concentrated tariff 

adjustment, but the overall residual bandwidth was still narrow. Compared with the scatter 

distribution of the Transformer model, the proposed model has a lower degree of dispersion in 

the high-value segment, and maintains a smoother tracking effect in the low-value segment. 

This result is corresponding to the RMSE results in Table 2, indicating that the proposed 

model not only has smaller overall error, but also has relatively stable fitting ability in 

different numerical intervals, which can more accurately reflect the continuity and volatility in 

the process of trade scale change. 
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Figure 3: Scatter plot of true versus predicted values in trade size forecasts 

In order to test the cross-region adaptation ability of the model, the experiment further sets 

up a migration test. The training phase uses Asian, European and North American samples, 

and the testing phase is evaluated separately on Latin America, Southeast Asia and Middle 

East extended samples. The migration results are shown in Table 4. The accuracy of the 

proposed model on the Asian extended sample is 91.0%, RMSE is 0.039, direction 

consistency is 90.8%, and the average inference delay is 83ms. On the European extended 

sample, the accuracy is 90.2%, RMSE is 0.042, direction consistency is 89.9%, and the 

average delay is 86ms. On the Latin American extended sample, the accuracy is 89.6%, 

RMSE is 0.044, direction consistency is 90.1%, and the average delay is 88ms. It can be seen 

that despite the different regional sample structures, the model still maintains a close output 

level and a low inference delay, indicating that its cross-regional migration ability is strong, 

and it can adapt to dynamic analysis tasks in different trade network environments. 

Table 4: Results of the cross-region migration test 

Region Accuracy (%) RMSE Directional Consistency (%) 

Asia Expanded Sample 91.0 0.039 90.8 

Europe Expanded Sample 90.2 0.042 89.9 

Latin America Expanded Sample 89.6 0.044 90.1 

 

As shown in Fig. 4, after statistics of the stability distribution in the three types of 

migration regions by using box plots, the median of the proposed model is always near 0.90, 

and the interquartile range is significantly smaller than that of other models. The stability 

variances on the Asian, European, and Latin American samples are 0.004, 0.005, and 0.006, 

respectively, while the Transformer equivalents are 0.009, 0.010, and 0.011. The distributions 

of random forest and support vector regression are more discrete, indicating that they are 
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more sensitive to regional distribution changes. The box plot further proves that the advantage 

of the proposed model is not only reflected in the average accuracy, but also in the fluctuation 

control ability of the output results. For a trade monitoring platform for long-term deployment, 

this feature of low variance and low drift is more practical than the local high score in a single 

test. 

 

Figure 4: Boxplots of model stability distribution for different regions 

In addition to the overall performance, the collaborative contribution of modules within 

the model was specifically validated. Three ablation configurations with no relation branch, 

no feedback regulation, and no dynamic weight were set in the experiment and compared with 

the full model. The results are shown in Table 5. The accuracy of the full model is 91.4%, 

Macro-F1 is 89.7%, RMSE is 0.041, and direction consistency is 90.3%. After removing the 

relation branches, the accuracy decreased to 88.7%, Macro-F1 decreased to 86.9%, and 

RMSE increased to 0.047. After removing the feedback regulation, the accuracy is 89.3%, 

Macro-F1 is 87.5%, and RMSE is 0.045. After removing the dynamic weights, the accuracy is 

88.9%, Macro-F1 is 87.1%, and RMSE rises to 0.048. It can be seen that the relationship 

branch has a more obvious impact on the state recognition accuracy, the feedback regulation 

is more important for the overall stability and recall level, and the dynamic weight mechanism 

makes a more prominent contribution to the continuous value fitting and direction judgment. 

This result shows that the performance improvement of the proposed model comes from the 

collaboration of multiple modules, rather than the local effect of a single component. 

Table 5: Comparison of the results of ablation experiments 

Configuration 
Accuracy 

(%) 

Macro-F1 

(%) 
RMSE 

Directional Consistency 

(%) 

Full Model 91.4 89.7 0.041 90.3 

Without Relational Branch 88.7 86.9 0.047 88.9 

Without Feedback Regulation 89.3 87.5 0.045 89.1 

Without Dynamic Weights 88.9 87.1 0.048 88.6 
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As shown in Fig. 5, there are clear differences in the convergence curves on the validation 

set for different model configurations. The loss value of the full model decreases rapidly after 

the 23rd round, and enters the stable convergence interval around the 41st round, and the final 

verification loss is maintained at 0.118. The convergence speed of the model after removing 

the relation branch is significantly slowed down, and there is still large fluctuation after the 

40th round, and the final loss is 0.163. The final loss after removing the feedback regulation is 

0.149. The final loss after removing the dynamic weights is 0.157. The convergence curve 

shows that the full model is not only better in the final test results, but also shows a smoother 

optimization path and stronger stability of parameter updates in the training phase. Combined 

with Table 4, it can be seen that the multi-module structure improves the training process and 

output results at the same time, so that the model has more reliable engineering performance 

in the dynamic application analysis scenario of international economic and trade. 

 

Figure 5: Comparison of convergence curves for different model configurations on the 

validation set 

Based on the above results, it can be seen that the model in this paper has high 

classification accuracy, low prediction error, stable cross-regional migration ability and strong 

module synergy advantages in the dynamic application analysis task of international 

economic and trade. The core results of accuracy 91.4%, Macro-F1 89.7%, RMSE 0.041 and 

direction consistency 90.3 are consistent with the abstract. At the same time, the migration 

experiment and ablation experiment further prove the advantages of the model in structure 

robustness and deployment adaptability. The average inference delay of the test phase is 

controlled within 100 milliseconds, which also shows that the model is not only suitable for 

off-line analysis, but also has the feasibility of accessing real-time monitoring system. The 

overall results show that the two-branch dynamic analysis framework based on neural 

network can more effectively organize the complex variable relationship in international 

economic and trade, and provide stable data support for the subsequent discussion. 



INGEGNERIA SISMICA – INTERNATIONAL JOURNAL OF EARTHQUAKE ENGINEERING 

19 

4.3 Discussion 

The experimental results show that the proposed model has a relatively stable computational 

advantage in the dynamic application analysis of international economic trade. The test set 

accuracy reaches 91.4%, Macro-F1 is 89.7%, RMSE is reduced to 0.041, and direction 

consistency reaches 90.3%, which shows that the model maintains high accuracy in both 

levels of trade status recognition and scale prediction. The area under the ROC curve reaches 

0.947, which is significantly higher than 0.921 of Transformer, indicating that the dual-branch 

structure still has strong discrimination ability under the condition of threshold change. In the 

cross-region experiment, the accuracy of the Asian, European and Latin American samples is 

91.0%, 90.2% and 89.6%, respectively, and the average inference delay is controlled between 

83 and 88ms, which shows good migration and deployment adaptability. Ablation results 

further show that relation branches, feedback regulation and dynamic weights all directly 

contribute to the overall performance, and the accuracy drops to about 89% after removing 

any module. The results show that the analysis of trade dynamics does not rely on single 

series fitting, but more on the collaborative calculation of time series representation, regional 

propagation and result return. On the other hand, the cost of training and parameter tuning of 

the full model is still higher than that of traditional methods, and the structural complexity 

also raises the threshold for system deployment. Therefore, the subsequent implementation 

still needs to maintain a balance between accuracy, efficiency, and interpretable expression. At 

the same time, the recognition rates of rising, stationary and shrinking states in the confusion 

matrix are 92.1%, 90.3% and 91.6%, respectively, which further verifies the stability of 

boundary division. 

5 Conclusion 

Focusing on the dynamic application analysis task of international economic and trade, this 

paper constructs a neural network model composed of time series branch, relationship branch 

and feedback regulation unit, and completes the system verification on multi-regional trade 

data. Experimental results show that the model maintains high stability in three levels of trend 

classification, scale prediction and cross-regional migration, with an accuracy of 91.4%, 

Macro-F1 of 89.7%, and RMSE of 0.041. It shows that unified representation and 

collaborative computing can better describe the nonlinear relationship between trade variables. 

The effectiveness of the model mainly comes from the joint modeling of local fluctuations 

and regional conduction by the dual-branch structure, and the real-time adjustment of 

dynamic weights to the contribution of multi-source inputs. There are also clear limitations. 

First, the training cost and parameter scale are still high, and the deployment efficiency of 

complex structures on resource-constrained platforms needs to be further compressed. Second, 

the current input is mainly structured monthly indicators, and policy text, shipping events and 

high-frequency market semantics have not been incorporated into the unified coding process. 

Third, although the model output has stable discrimination ability, it can continue to be 

enhanced in feature-level interpretation and causal path presentation. Subsequent research will 

focus on lightweight deployment, multi-modal expansion, online incremental update and 

interpretable interface construction, so that the model can better serve real-time monitoring, 

risk early warning and cross-regional trade decision-making scenarios. At the same time, 

graph compression, distillation learning and uncertainty estimation mechanisms can be 

combined to further improve the response efficiency, generalization strength and engineering 

usability of the model under complex external shocks. 
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