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Abstract

China's economic trajectory has garnered significant attention globally, driven by its impressive
growth and increased integration into the international trade arena. In response to this, China has
strategically implemented a series of trade liberalization policies aimed at fostering economic
development, attracting foreign investment, and enhancing global competitiveness. Despite the
importance of these policies and their potential impact on the nation's export performance, there is
a discernible gap in the literature that necessitates a more sophisticated and forward-looking
approach. Traditional forecasting methods applied in economic analyses, while valuable, face
challenges in capturing the inherent complexity of economic variables influenced by rapidly
changing policies and the dynamic nature of global market forces. Acknowledging this gap, our
research is inherently motivated by the urgent need for an accurate and efficient forecasting model
capable of navigating the intricate and ever-evolving economic landscape of China. In this study,
we introduce an optimal machine learning-based forecasting model to analyze the impact of trade
liberalization on China's economy and its export performance. Initially, we extract meaningful

features from the provided China's economic dataset, optimizing these features through the
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modified chicken swarm optimization (MCSO) algorithm. Furthermore, we design the
convolutional neural network—bagged decision tree (CNN-BDT) for China's economic forecasting,
specifically designed to reduce the false positive rate. Finally, we validate the performance of the
proposed CNN-BDT model using sample data of China's exports to the US from 2015 to 2021.
The results demonstrate the effectiveness of the proposed CNN-BDT model in terms of

performance metrics, including accuracy, precision, recall, and F-measure.

Keywords: econometrics, machine learning, trade liberalization, china's export, economic

forecasting

1. Introduction

Starting around 1978, China has made critical and pivotal changes to economy has affected each
part of its general public. These reforms have played a major role in the rapid economic growth
experienced over the past decade and more [1]. One critical part of these progressions is the change
of China’s unfamiliar exchange, frequently alluded to as the "open-entryway strategy.” This part
of change has progressed all the more immediately contrasted with changes in homegrown
strategies. The change of China's exchange approaches has been described by a steady and trial
approach, lining up with the general methodology of moving towards a market-based monetary
framework [2]. In easier terms, China has been making purposeful and cautious acclimations to its
unfamiliar exchange rehearses, and these progressions have been a vital consider its noteworthy
monetary turn of events. The push for trade reform in the 1980s was closely linked to a larger shift
toward decentralization [3]. In any case, this decentralization fundamentally elaborate
authoritative viewpoints as opposed to monetary ones. The most common way of opening up
imports was a lot more slow contrasted with the decentralization of product related exercises
during that time [4]. China maintained a high level of protectionism for its domestic industries in
comparison to the other members of the Asia-pacific economic cooperation (APEC). There's no
rejecting that China has gained great headway in opening up its exchange, particularly beginning
around 1992 [5]. To get it and seek after this objective, the Commission has inspected an extensive
variety of writing. This incorporates speculations about financial development and how it
interfaces with global exchange and foreign direct investment (FDI), as well as studies that gander

at what impacts monetary development. Furthermore, they've investigated research on the
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association between exchange, the method involved with making exchange more open, and
generally speaking monetary development [6].

To focused on the literature that investigates the connection between trade, expanding trade, and
the fundamental driving forces of economic expansion. These variables incorporate the
development of physical and HR, as well as progressions in innovation [7]. Before the last part of
the 1970s, China's exchange merchandise was basically constrained by financial preparation. The
import plan from the State Planning Commission used to include over 90 percent of all imports.
This plan aimed to boost the availability of machinery, equipment, industrial raw materials, and
intermediary goods that were scarce and required to meet specific production targets for high-
priority final goods [8]. Similarly, the export plan was detailed, outlining the specific quantities of
over 3,000 different commodities [9]. Each of these companies usually handled a limited set of
goods for which it was the only authorized trading entity [10]. Because the planning was done in
terms of physical quantities, the exchange rate and relative prices didn't have much influence on
deciding the scale and types of goods involved in China's foreign trade [11]. These policies had
negative effects on both the amount and the types of goods traded internationally. They were not
beneficial for efficiently allocating domestic resources or promoting economic growth [12]. A
considerable portion of China's exports comprised goods that it wasn't particularly good at
producing compared to other countries. Moreover, the producers of these export goods lacked
economic motivation to increase their international sales [13]. One clear sign was that China's
trade didn't expand rapidly. Its portion of global trade significantly decreased, going from 1.5
percent in 1953 to just 0.6 percent in 1977. Not only did this system hinder the overall growth of
trade, but it also messed up the types of goods being traded, especially in terms of exports [14].
Instead of focusing on goods requiring more labor, China ended up exporting substantial amounts
of goods that needed a lot of capital investment [15]. The method of physically planning foreign
trade, which led to an export pattern that wasn't very logical, was slowly taken apart in the 1980s.
By the end of the 1990s, [16] it was mostly discarded. Although the government, using its foreign
trade companies, still had direct oversight over a few crucial goods, the majority of trade became
decentralized and more influenced by market forces [17]. This shift was facilitated by a significant
increase in the variety and quantity of companies permitted to participate in foreign trade. Changes
were also made to how the prices of traded goods were determined, ensuring that global prices had

more influence on the domestic market [18]. Also, conversion scale approaches were embraced
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that didn't lean toward one heading of exchange over the other. As immediate controls on exchange
were step by step eliminated, the framework advanced towards depending on roundabout devices
like levies and non-duty boundaries to deal with the development of imports and products [19][20].
This study aims to provide a nuanced understanding of the intricate relationship between China's
export performance and trade liberalization policies by combining econometric analysis with
machine learning. In order to examine how trade liberalization in China's economy affects export
performance, the ideal machine learning-based forecasting model is presented. The vital

commitments of our proposed work are given as follows.

1. Distinguishing and choosing the right highlights are vital for the adequacy of Al model.
The modified chicken swarm optimization (MCSO) algorithm is used to carry out the
feature optimization.

2. Convolutional neural network—bagged decision tree (CNN-BDT) is used for economic
forecasting in the context of China which addresses the challenge of false positives in
economic forecasting.

3. The model's efficacy is then rigorously validated using historical export data from China
to the US between 2015 and 2021. This validation process provides tangible insights into
the model's reliability and predictive capabilities, reinforcing its potential as valuable tool

for understanding and forecasting China's economic trends amidst trade liberalization.

The rest of this paper is organized as follows. Section 2 gives the review of recent works related
to the forecasting model to analyze the impact of trade liberalization in China’s economy. Section
3 provides the detailed working process of proposed model for economy forecasting with the
detailed mathematical models. The results and comparative analysis of models for economy
forecasting with analyze the impact of trade liberalization in China’s economy is discussed in the

Section 4. Finally, the paper concludes in Section 5.
2. Related works
2.1 State-of-art studies

Jang et al. [21] have conducted to comparing two approaches for analyzing American/European

put options in the S&P 100 and found that econometric jump models outperformed the best
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machine learning models in terms of prediction outcomes. The assessment consequences of
econometric leap models were tantamount to those of the Al models. The econometric leap models
showed fundamentally better execution in adjusting to various areas contrasted with the Al models,

no matter what the space adaptation techniques used in machine learning.

Fu et al. [22] have analyzed a notable impact from institutions by employing the infant mortality
rate as a factor unrelated to export and geographical influences, verified that China's Open Door
Policy, which encourages economic openness, positively influences the export activities of
companies. They observed that the association among receptiveness and firm commodities is
impacted by the assurance of property freedoms and corporate independence. The quality of the
institutions that restrict the government'’s strategic actions is reflected in both of these factors. The
findings remain consistent across various samples, different estimation techniques, and

considerations for potential bias from endogeneity.

Qiuyao et al. [23] have investigated how reducing import taxes on inputs impacts a company's
profitability and looked into the reasons behind this influence. The results show that lowering input
tariffs substantially boosts the profitability of firms. This conclusion holds up under different
specifications, strengthening its reliability. They also discovered that the primary drivers behind
the increased profits are the improved quality of imported intermediate inputs and the lowered
costs associated with maintaining inventory. The study holds significance for long-term economic
growth and has implications for economic recovery, especially in the context of the COVID-19

pandemic.

Si et al. [24] have proposed relaxing financial regulations in China affects the operational risks of
230 energy enterprises over the years from 2003 to 2018. The findings indicate that financial
deregulation can reduce the operational risks faced by energy enterprises. It is achieved by easing
financial constraints and reversing the trend of these enterprises becoming financially oriented.
The impact of financial deregulation varies among different characteristics of energy enterprises.

This offers solid evidence, particularly when considering the liberalization of interest rates.

Zhou et al. [25] have proposed that participating in export trade enhances both the input and output
of corporate innovation. Specifically, when it comes to patents, export trade significantly boosts

the creation of both inventive and utility model patents, especially those with advanced
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technological content. These discoveries turn out as expected even in the wake of exposing them
to thorough tests for power and resolving likely issues of endogeneity. Concerning the components
behind these noticed associations, participating in send out exchange energizes corporate
mechanical development principally by accomplishing economies of scale and facing more
dangers. The positive connection between send out exchange and corporate mechanical
advancement is especially articulated among state-possessed endeavors, non-cutting edge
undertakings, organizations situated in focal and eastern China, those engaged with general

exchange, and those trading to created economies.

Ye et al. [26] have proposed the foreign ownership impacts the export activities of Chinese listed
firms using data from 2003 to 2016. The robust findings indicate that foreign ownership
significantly boosts a company's exports, but this effect is more pronounced when the foreign
ownership is long-term. They saw that this positive effect on trades is less apparent in state-owned
enterprises (SOEs) contrasted with private ventures. Shockingly, while looking at whether this
effect works and tracked down no supporting proof, in any event, for cutting edge undertakings.
This study offers point by point proof that unfamiliar proprietorship adds to expanded trades,
especially inside the setting of China's advancing value change. It by implication proposes that
unfamiliar possession assumes a part as a data delegate in advancing a company's commodities.
Guo et al. [27] have concentrated on the issue of railroads impacted homegrown exchange through
associations between various regions, utilizing an Eaton-Kortum model with definite information
at the district item level in Shandong and Hunan territories in 1933. The discoveries feature that
the rail route assumed a huge part in lessening exchange costs and improving respective exchange
inside Hunan and Shandong territories. They discovered that bilateral trade increased by 8.98%
with a 10 percent decrease in distance. They discovered that, particularly those with a larger
manufacturing sector, counties with railway connections had higher per capita output. These
results line up with comparable discoveries in different examinations zeroed in on English India
and the US.

Hayakawa et al. [28] have proposed the liberalization of foreign direct investment (FDI) in services
influences the quality improvement of goods exported by firms. They examined other trade
policies, such as tariffs in the countries receiving the exports and tariffs on inputs and outputs in
China. The study focused on the period from 2000 to 2006, a time when China's trade policies
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underwent significant changes after its accession to the World Trade Organization in December
2001. The results of analysis revealed that making services FDI less restrictive led to an
improvement in the quality of exported products, particularly for companies owned by foreign

entities.

Defever et al. [29] have proposed the wholesalers add to the efficiency effects of exchange
advancement. Wholesalers go about as delegates, offering backhanded admittance to inputs
produced in foreign countries. The productivity outcomes for firms that don't directly import
depend on how prevalent wholesalers are in supplying inputs to their industry. Analyzing data
from Chinese firms found that wholesalers don't play a significant role for companies that directly
import. However, for other firms, the effect of reducing input tariffs on productivity depends on
the level of trade intermediation of foreign inputs in their industry. If this trade intermediation is

high, these firms experience productivity gains, but if it's low, they may face efficiency losses.

Fan et al. [30] have proposed the reduction of input tariffs in Chinese manufacturing affects the
health of workers, considering differences in skill levels. They outlined a straightforward model
to illustrate the underlying mechanisms. By taking advantage of variations in input tariff changes
across different regions following Due primarily to increased working hours, China's entry into
the WTO revealed that these reductions had a negative impact on worker health. The decrease in
input duties augmented both the pay and wellbeing abberations among gifted and untalented
laborers. The investigation uncovered that disregarding wellbeing results would prompt a huge

misjudgement of the government assistance hole among gifted and untalented laborers.
2.2 Research problems

Breaking down the effect of exchange progression China's economy on send out execution is basic
because of multiple factors. China has turned into a key part in the worldwide economy, and its
financial choices, particularly connected with exchange strategies, have broad results. Exchange
progression strategies, which include lessening hindrances to global exchange, can essentially
impact a country's commodity elements. It is essential for policymakers and economists to
comprehend the impact of trade liberalization on China's export performance in order to evaluate
the efficacy of these policies in achieving their intended objectives. It gives experiences into

whether exchange advancement has prompted expanded trade volumes, further developed
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intensity, and monetary development. In addition, the dynamics of the global market and China's
economic landscape are subject to change. Dissecting the effect of exchange progression considers
the recognizable proof of patterns, examples, and possible difficulties in the commodity area. This
information is fundamental for settling on informed choices on future exchange arrangements,
changing systems, and maintaining competitive edge in the international market. The worldwide
financial reliance implies that adjustments of China's product execution can have far reaching
influences on the economies of different countries. Thusly, an exhaustive examination helps the

global local area expect and answer shifts in China's monetary exercises.

Qiu [31] presents a financial estimating approach using Al and quantitative facilitating. The BP
neural network, ARIMA, and AR-GARCH models are used in the study to look at and predict
China's exports to the US over time beyond the sample interval. To assess the exhibition of these
models, the mimicked results are contrasted and the genuine qualities during both the example and
estimate periods, with the absolute mean percentage error (MAPE) serving as the error indicator.
The discoveries show that every one of the three models exhibit viable recreation and expectation
of China's products to the US. In particular, the BP brain network model performs well during the
trial, while the ARIMA and AR-GARCH models show similar and precise expectations for the
figure time frame. Breaking down the effect of exchange advancement China's economy represents
a few difficulties for financial guaging. One significant test originates from the intricacy intrinsic
in monetary factors, where interconnected factors like creation, utilization, and speculation
communicate in unpredictable ways. As exchange progression presents changes, precisely
demonstrating these connections turns into a perplexing undertaking. The worldwide market
elements, including worldwide exchange, international occasions, and in general worldwide
monetary circumstances, fundamentally impact the adequacy of exchange progression
arrangements. Determining models must skillfully represent the instability and vulnerability inside
this more extensive worldwide setting. A basic issue emerges from the possible changes in
monetary strategies, including exchange progression measures. Information quality stances
challenges, especially while managing explicit effects of exchange advancement. It is necessary
to carefully consider the data sources because inaccurate or incomplete data can impede the
development of accurate forecasting models. Nonlinear relationship inside financial factors
impacted in terms of professional career progression further confounds the guaging system.

Conventional strategies might battle to catch these complex connections, requiring the utilization
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of cutting edge methods, for example, Al for compelling displaying. Moreover, the delay in
evaluating the effect of exchange progression strategies represents an extraordinary test, as the
impacts may not show right away, requiring estimating models to consider and represent defers in
influence evaluation. To address these difficulties, financial guaging should use progressed
demonstrating depend on great and extensive information, and stay careful in observing and

refreshing models to reflect advancing monetary real factors.

1. Address the difficulties presented by worldwide market elements, including worldwide
exchange, international occasions, and worldwide financial circumstances, by coordinating
a complete and versatile methodology into the estimating model.

2. Examine the effect of vulnerabilities encompassing the execution and continuation of
exchange progression strategies on determining precision, meaning to upgrade the model's
capacity to represent likely moves and vulnerabilities in arrangement results.

3. Foster a guaging model prepared to do successfully catching nonlinear connections inside
financial factors impacted by profession progression, using progressed strategies, for
example, Al, to improve demonstrating precision.

4. Constantly screen and update the guaging model to reflect developing monetary real
factors, giving unique instrument that can adjust to changing financial circumstances,

strategy scenes, and outside impacts.
3. Proposed methodology

Fig. 1 delineates the framework plan of the proposed CNN-BDT model for anticipating China's
economy. The interaction includes information assortment from different datasets, including the
Protected data set for RMB to USD trade rates, the RESET data set for China's commodity
exchange to the US and consumer price index (CPI), and the US BLS-FRW for US CPI and
industrial production index (IP1). The initial step is information preprocessing, where the collected
data undergoes cleaning and transformation to ensure its suitability for analysis. Highlight
extraction follows, where significant factors are distinguished for examination. For this situation,
highlights incorporate the product volume of the past time frame, trades in a similar period last
year, genuine swapping scale of the past time frame, China's Gross domestic product in the past

period, China's Gross domestic product in a similar period last year, and the IPI worth of the US
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in the past period. To streamline these highlights, the modified chicken swarm optimization

(MCSO) calculation is applied, guaranteeing the determination of the most important and

significant factors for estimating. The proposed CNN-BDT model, which combines the methods

of a convolutional neural network (CNN) and a bagged decision tree (BDT), is then utilized for

China's economic forecasting. The guaging system brings about forecasts of the ongoing product

volume of China to the US. The model means to give exact and dependable conjectures by utilizing

progressed Al methods and enhancing highlight determination through the MCSO calculation.

This far reaching approach guarantees that the guaging model is exceptional to catch the intricacies

of China's monetary scene and the effect of exchange advancement arrangements on trade

execution.
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Fig. 1 System design of proposed CNN-BDT model for China’s economy forecasting
3.1 Feature extraction

Highlight extraction is a pivotal move toward the method involved with getting ready information
for examination and displaying. With regards to the proposed CNN-BDT model for guaging
China's economy, include extraction includes distinguishing and choosing important factors or
highlights from the gave financial dataset. The forecasting model's accuracy and efficacy are
significantly affected by these characteristics. The underlying period of element extraction centers
around knowing significant examples or attributes inside the dataset that are demonstrative of
China's monetary circumstances and product execution. Historical export volumes, variations in
exchange rates, China's GDP figures, and other relevant economic indicators are examples of
features that could be taken into consideration. To improve the adequacy of these highlights, the
changed chicken multitude enhancement (MCSO) calculation is utilized. The MCSO algorithm is
a metaheuristic optimization method that iteratively refines the selection of features based on how
much they contribute to the overall performance of the forecast. It aims to eliminate redundant or
less important features while focusing on the most influential and informative aspects. Through
the iterative process of the MCSO algorithm, the feature extraction phase is optimized to ensure

that the selected features are well-suited for the subsequent stages of the forecasting model.

The MCSO algorithm is used to configure weights and deviations in the first stage, and these

weights are then transferred to the fitness computation. At the following stage, the chicken will

concentrate on predicting the best feasible solutionsV_ , and the solution Q,, is carried out until

MSE is obtained.

Q, =Y = Zr“::ls.(rand) (1)
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M
\m=1

V, = s(rand ). )

As a result, the error Err can be calculated as follows:

Err=(r, -t;) (3)

Use the following formula to compute the network's performance index C(z).
1
C(z)= —Z;(f,- -1 )R (rj _tj) (4)

Ve(x)=2>" Err.Err. (5)

Y
) ©)
It describes the list of average sums of error of ith iteration MSE.

MSE, = {£(2) T2(2), T3(2)...T"(2)} (7)

When all of the inputs for each population of the chicken swarm are processed, the Chicken swarm

z,, s discovered. So, the chicken swarm Y#m(z) is calculated as:

2., = Min{Y(2). Y2(2), Y3(2)..Y " (2)} (8)

Roosters with higher fitness levels might look for food in a wider range of locations. A new

solution for chicken Z; 1" is computed as follows,
2t =77 *(1+rand(0,6%)) 9)
In pursuit of food, hens will follow their roosters and would steal their favorite meal from other

chickens at random. These phenomena can be formally expressed using the following equations:
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Zi=12,, +a, *rand (zglh -7, )+ a, *rand *(Z{Lh — zg’h) (10)
a, =exp ((dl - del)/(abs(do )"’ g)) (11)
a2 :exp(dez _do) (12)

The chicks would roam about their mother in quest of food, as shown below:
r+l r r r
Zo,h = Zo,h + DK >X<(Zn,h - Zo,h) (13)
Equation may thus be used to calculate the movement of the other chicken z, approaching z, hr+1.
AZ, ={2f, +DK (2!, -2, )} (14)

where, VVi is a minor movement of z, towards a+1. After that, the weights and biases for each
layer are changed as follows:

Q§+l :Yr:Jrl :Qa —AZh (15)

J m
VAV v & (16)

This approach is used to feature extraction contributes to the overall robustness and accuracy of
the model, allowing it to capture the nuances of China's economic dynamics and the impact of

trade liberalization policies on export performance.
3.2 China's economic forecasting

China's substantial growth and integration into global trade necessitate nuanced and sophisticated
approach to forecasting that accommodates the multifaceted impacts of trade liberalization
policies. Traditional forecasting methods, while valuable, face challenges in grasping the
intricacies of rapidly changing policies and the intricate interplay of economic variables in a
globalized market. Motivated by this, our research introduces an optimal machine learning-based
forecasting model, specifically the convolutional neural network—bagged decision tree (CNN-
BDT), to illuminate the consequences of trade liberalization on China's export performance. The

motivation is rooted in the need for a model that transcends the limitations of conventional
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methods, offering a precise and forward-looking tool to navigate the complexities of China's
economic trajectory. The financial guaging model is carefully planned, containing two essential
parts: BDT and CNN. Supplementing this, the BDT, working as a gathering of choice trees,
addresses the test of bogus up-sides, improving the general unwavering quality of the determining
model. Allow C to be a dataset with Q occurrences. Let's say that A is an attribute and that its
possible values are "al, as." The IDM gauges that the likelihood that the variable A takes its

conceivable worth x1, 1 <I <t is inside the span.

- {[q(a.) | q(a.)+t} an
Q+t Q+t

3°(A) = {m|2m(a) 198 < )<qg‘+)t“} (18)

where n(xi) is the number of instances in the dataset that demonstrate that X = xi, i = 1, 2, eee t,
and s > 0 for a particular model hyperparameter. It is demonstrated that this arrangement of
likelihood spans is reachable and that the IDM stretches can be likewise communicated by a

conviction capability.

The selection of the s hyperparameter is a crucial issue. It is effectively noticeable that the spans
are more extensive assuming the s esteem is higher. The speed at which the lower and upper
probabilities converge as more data are available is determined by the s hyperparameter. Allow us
to assume that C is the class variable and {c1, c2, ... ck} are its potential qualities. Consider X to
be a variable with the possible values "x1, x2,...,xt." Utilizing similar documentation than in Area

2.2, let us signify KD(C) to the credal set related with the class variable in the segment D.

I6(D) = {m|2m(d )=1 ‘gi) <m(d, )<Q(g ):t} (19)

The split criterion used in CNN-BDT considers the maximum of the Shannon entropy.
H™(J°(d)) = MAX{G(m)|me J°(d)} (20)

where is the Shannon entropy characterized as follows:
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G(m)= —Zj: m(d;)log m(d;) (21)

The limit of entropy in credal sets is a decent vulnerability measure that checks several great
properties. The limited precision measure (dacc) is a metric which attempts to give a worldwide

assessment of an uncertain classifier. It is defined as follows:

1 = (corrrect),

Qtest 1=1 |ul |

dacc =

(22)

where NTest is the test set's cardinality; Ui is the arrangement of no overwhelmed states for the
ith example; its cardinality; ( right) I is equivalent to 1 on the off chance that the genuine class
esteem has a place with Ui and 0 in any case. In the event that the expectation for an occurrence is
correct, MIC adds a worth which relies upon . CNN detailing and make sense of the numerical

hypothesis behind it. We assume an input wx g, grey scale image, 1€ R"?, represented as

follows.
| ={b(p,q)|1< p<W,1<Q<H} (23)

when is the force of the pixel p, g and given the channels (or bits), J, the convolution delivers a
component map, Y , from the picture, I, by applying the channel, J . The channel J is slid through
the picture, | by a step, , and zero cushioning esteem. We can characterize the discrete convolution

is process as follow.

Wk gk

(I ® ‘])p,q = Z Z‘]u,vI p+u,i+v (24)

U=—Wy V=—0gg

In each convolutional layer, recorded by I, a convolution activity and an added substance
predisposition will be applied to the contribution, for a component map ordered by So the result, ,

of the j-th layer for the j-th highlight map, is gotten from the result of the past layer, , by:
gD
a0 = s+ 3 i @
i=1
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where the activation function of ReLU is F. During preparing, we utilized the cross-entropy loss
(CEL) capability with the Atadelta streamlining agent. This element is most helpful while the
preparation set is uneven. The level entropy misfortune capability is characterized as follows.

exp(ylclass]) (26)

CEL(y,class) =—-log| — ;
2. exp(yliD)

where y[j] is the anticipated worth that orders the example thumbnail as I, where y is the info
vector and class is the substantial objective. Cross entropy depicts the distance between the
anticipated dispersion and the objective appropriation.

4. Results and Discussion

In this section, we shows the outcomes and conduct comparative analysis between the proposed
CNN-BDT model and existing models for forecasting China's economy. To determine the viability
of the proposed model, month to month information crossing from 2015 to 2021 is used as test
information, displaying China's products to the US. The exhibition of CNN-BDT model is
thoroughly thought about in contrast to benchmark models including ARIMA, GARCH, and brain
organization, as featured in earlier work [31]. The evaluation includes a complete assessment
utilizing different measurements, for example, exactness, accuracy, review, F-measure, and MAPE

to recognize and measure the viability of the proposed estimating model.
4.1 Dataset description

A model for China's exports to the US is built using monthly data from 2015 to 2021 as the sample
dataset in this study. Fundamental financial pointers are accumulated from different sources:
ostensible conversion scale of the RMB to the USD is obtained from the state administration of
foreign exchange (SAFE) site; The RESET database contains information about china's consumer
price index (CPI) and export trade to the US. Moreover, data on the US CPI and the modern cost
record (IPI) is gathered from the US Department of work insights and the Central bank site. The
ratio of the CPI indices for China and the United States over the sample period is used to calculate
the real exchange rate. To guarantee consistency, the CPI information for every nation is at first
changed over into a CPI-based file, lining up with the CPI record of January 2005, noticing

varieties in record types between the US (chain file) and China (year-on-year file).
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4.2 Comparative analysis

Table 1 provides a comprehensive comparison of China's economic forecasting results with the
forward prediction steps. In Fig. 2, the accuracy comparison with forward prediction steps for
different models, namely ARIMA, GARCH, Neural Network, and CNN-BDT, is presented. The
ARIMA model consistently maintains an accuracy around 84.24% to 84.40% across the steps. In
comparison, the GARCH model demonstrates a slightly higher accuracy ranging from 88.24% to
88.40%. The neural network model shows exactness somewhere in the range of 92.24% and
92.40%. Surprisingly, the proposed CNN-BDT model beats all, showing a steady expansion in
exactness from 96.24% to 96.39% across the forward forecast advances. CNN-BDT model shows
a critical improvement over different models, with a prominent expansion in precision contrasted
with ARIMA, GARCH, and Brain Organization. The outcomes feature the adequacy of the
proposed model in improving guaging exactness, which is urgent for informed dynamic in

financial examinations.

Table 1 Result comparison of economy forecasting China's economy with forward prediction

steps
Model Forward prediction steps
1 2 3 4 5 6
Accuracy (%)
ARIMA 84.240 84.331 84.370 84.383 84.390 84.404
GARCH 88.238 88.329 88.368 88.381 88.388 88.402
Neural network 92.237 92.328 92.367 92.380 92.387 92.401
CNN-BDT 96.235 96.326 96.365 96.378 96.385 96.399
Precision (%)
ARIMA 80.367 80.406 80.361 80.374 80.417 80.379
GARCH 84.365 84.404 84.359 84.372 84.415 84.377
Neural network 88.364 88.403 88.358 88.371 88.414 88.376
CNN-BDT 92.362 92401 92.356 92.369 92.412 92.374
Recall (%)
ARIMA 80.961 80.928 80.973 80.462 80.361 80.941
GARCH 84.959 84.926 84.971 84.460 84.359 84.939
Neural network 88.958 88.925 88.970 88.459 88.358 88.938
CNN-BDT 92,956 92,923 92,968 92.457 92.356 92.936

F-measure (%)
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ARIMA 80.662 80.666 80.665 80.417 80.388 80.659
GARCH 84.661 84.664 84.664 84.416 84.387 84.657
Neural network 88.660 88.663 88.662 88.414 88.385 88.656
CNN-BDT 92.658 92.661 92.661 92.413 92.384 92.654
MAPE

ARIMA 5503 5402 538 5326 5312 5.263
GARCH 5.582 5.512 5.509 5.489 5.462 5.365
Neural network 3.620 3.582 3552 3417 3.328 3.252
CNN-BDT 2.563 2.412 2.312 2.308 2.295 2.256
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Fig. 2 Accuracy comparison with forward prediction steps

In Fig. 3, the accuracy examination with forward expectation ventures for various models,
including ARIMA, GARCH, Brain Organization, and CNN-BDT, is portrayed. The ARIMA
model keeps an accuracy going from 80.361% to 80.417%, showing minimal variances. The
GARCH model, with an accuracy somewhere in the range of 84.359% and 84.415%, shows a
comparable pattern. The Neural Network model exhibits accuracy values going from 88.358% to
88.414%. Quite, the proposed CNN-BDT model reliably beats others, with accuracy expanding
from 92.362% to 92.374%. These results show that the proposed model can improve precision,
which is a crucial aspect of economic forecasting, and that it is suitable for applications that require

predictions with high precision over multiple time steps.
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Fig. 3 Precision comparison with forward prediction steps

In Fig. 4, the review correlation with forward expectation ventures for different models, including
ARIMA, GARCH, neural network, and CNN-BDT, is introduced. The ARIMA model keeps a
review going from 80.361% to 80.973%, with slight variances. The GARCH model, with a review
somewhere in the range of 84.359% and 84.971%, displays a comparative example. The neural
network model shows recall values ranging from 88.358% to 88.970%. Importantly, the proposed
CNN-BDT model consistently outperforms others, with recall increasing from 92.356% to
92.968%. These findings highlight the potential of the proposed model in achieving higher recall
rates, a critical aspect in capturing the true positive instances, and affirm its suitability for

applications requiring robust and reliable recall performance over multiple time steps.
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Fig. 4 Recall comparison with forward prediction steps

In Fig. 5, the F-measure comparison with forward prediction steps is illustrated for various models,
including ARIMA, GARCH, Neural Network, and CNN-BDT. Analyzing the results across steps
1to 6, the ARIMA model exhibits F-measure values ranging from 80.388% to 80.662%. Similarly,
the GARCH model shows consistent F-measure values between 84.387% and 84.661%, indicating
a stable performance. The Neural Network model follows suit with F-measure values varying from
88.385% to 88.660%. Notably, the proposed CNN-BDT model consistently outperforms the other
models, achieving F-measure values increasing from 92.384% to 92.658%. These findings
underscore the effectiveness of the proposed model in providing a holistic evaluation of economic
forecasting, considering both false positives and false negatives, and reaffirm its suitability for

applications demanding a balanced performance in predictive analytics.
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Fig. 5 F-measure comparison with forward prediction steps
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In Fig. 6, the MAPE examination with forward expectation steps is introduced, assessing the
estimating precision of different models, including ARIMA, GARCH, Brain Organization, and
CNN-BDT. Inspecting the MAPE values across stages 1 to 6, the ARIMA model shows a
diminishing pattern, with values going from 5.263% to 5.503%. The MAPE values in the GARCH
model also decrease, going from 5.365% to 5.582%. The Brain Organization model takes action
accordingly, with MAPE values diminishing from 3.252% to 3.620%. It is remarkable that the
proposed CNN-BDT model consistently outperforms the other models, achieving a significant
decrease in MAPE values from 2.256% to 2.563%. These discoveries highlight the adequacy of
the proposed model in limiting anticipating blunders and feature its reasonableness for applications

requesting high accuracy in monetary expectations.

Table 2 gives an exhaustive correlation of China's monetary guaging results with the quantity of
conjecture time frames. In Fig. 7, a precision correlation is given the quantity of figure periods,
exhibiting the presentation of various models — ARIMA, GARCH, Neural Network,, and CNN-
BDT. Breaking down the precision values for different estimate periods (1 to 5), the ARIMA
model shows a continuous increment from 82.204% to 82.354%. The accuracy of the GARCH
model, which ranges from 86.203% to 86.353%, is also ascending. The Brain Organization model
follows after accordingly, with exactness values expanding from 90.201% to 90.351%. Quite, the
proposed CNN-BDT model reliably beats different models, accomplishing a critical improvement
in precision from 94.200% to 94.350%. These outcomes feature the powerful and dependable
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determining capacities of the proposed model, making it an important instrument for precisely
foreseeing financial patterns over different time periods.
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Fig. 7 Accuracy comparison with number of forecast periods

Table 2 Result comparison of economy forecasting China's economy with Number of

forecast periods

Model Number of forecast periods
1 2 3 4 5
Accuracy (%)
ARIMA 82.204 82.295 82.334 82.347 82.354
GARCH 86.203 86.294 86.333 86.346 86.353
Neural network 90.201 90.292 90.331 90.344 90.351
CNN-BDT 94,200 94.291 94.330 94.343 94.350
Precision (%)
ARIMA 78.331 78.370 78.325 78.338 78.381
GARCH 82.330 82.369 82.324 82.337 82.380
Neural network 86.328 86.367 86.322 86.335 86.378
CNN-BDT 90.327 90.366 90.321 90.334 90.377
Recall (%)
ARIMA 78.925 78.892 78.937 78.426 78.325
GARCH 82.924 82.891 82936 82425 82.324
Neural network 86.922 86.889 86.934 86.423 86.322
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CNN-BDT 90.921 90.888 90.933 90.422 90.321
F-measure (%)

ARIMA 78.627 78.630 78.630 78.382 78.353

GARCH 82.626 82.629 82.629 82.381 82.352

Neural network 86.624 86.628 86.627 86.379 86.350

CNN-BDT 90.623 90.626 90.626 90.378 90.349
MAPE

ARIMA 5556 5455 5438 5379 5.365

GARCH 5635 5565 5562 5542 5515

Neural network 3.673 3635 3605 3470 3.381

CNN-BDT 2616 2465 2365 2.361 2.348

In Fig. 8, an accuracy examination is given the quantity of gauge periods, showing the accuracy
execution of various models — ARIMA, GARCH, Neural Network, and CNN-BDT. After
inspecting the accuracy values for different figure periods (1 to 5), the ARIMA model shows a
slight change, going from 78.331% to 78.381%. The GARCH model displays a comparable
example, with accuracy values shifting from 82.330% to 82.380%. In like manner, the Brain
Organization model shows an accuracy scope of 86.328% to 86.378%. Prominently, the proposed
CNN-BDT model reliably beats different models, accomplishing accuracy values going from
90.327% to 90.377%. These discoveries highlight the viability of the proposed model in furnishing

exact and dependable expectations with high accuracy, settling on it an important device for choice

making in financial estimating situations.
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Fig. 8 Precision comparison with number of forecast periods

56



OPTIMAL MACHINE LEARNING BASED FORECASTING MODEL TO ANALYZE THE IMPACT OF TRADE
LIBERALIZATION IN CHINA’S ECONOMY ON EXPORT PERFORMANCE

02
x » "
o0 - ’L
28 -
= 86 -
g
g u o o -
g g2 - - o
é Sﬂ 4
o> < & &
78 4 —a— ARIMA
76 - —— GARCH
74 MNeural network
79 —— CNMN-EDT
1 2 3 4 5

Number of forecast periods
Fig. 9 Recall comparison with number of forecast periods

In Fig. 9, a review correlation is given the quantity of gauge periods, portraying the review
execution of various models — ARIMA, GARCH, Brain Organization, and CNN-BDT. Inspecting
the review values across figure periods (1 to 5), the ARIMA model shows a minor variety, going
from 78.925% to 78.325%. Also, the GARCH model shows review values fluctuating somewhere
in the range of 82.924% and 82.324%. Recall values for the Neural Network model range from
86.922% to 86.322%. Quite, the proposed CNN-BDT model reliably outflanks different models,
accomplishing review values going from 90.921% to 90.321%. These discoveries highlight the
viability of the proposed model in catching a bigger extent of genuine positive occasions,
exhibiting its strong presentation in taking care of different forecast periods and providing reliable

predictions for economic forecasting scenarios.
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Fig. 5 F-measure comparison with number of forecast periods
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Fig. 6 MAPE comparison with number of forecast periods

In Fig. 10, an examination of F-measure values is given regard to the quantity of gauge time frames
for various models, including ARIMA, GARCH, Brain Organization, and CNN-BDT. Breaking
down the F-measure values across estimate periods (1 to 5), the ARIMA model displays a slight
variety, going from 78.627% to 78.353%. Also, the GARCH model shows F-measure values
fluctuating somewhere in the range of 82.626% and 82.352%. The Neural Network model shows
F-measure values going from 86.624% to 86.350%. Prominently, the proposed CNN-BDT model
reliably outflanks different models, accomplishing F-measure values going from 90.623% to
90.349%. These outcomes underline the viability of the proposed CNN-BDT model in dealing
with different conjecture periods and keeping an elevated degree of exactness in monetary guaging
situations. In Fig. 11, the MAPE values are looked at across changed models, including ARIMA,
GARCH, Brain Organization, and CNN-BDT, concerning the quantity of figure time frames (1 to
5). The MAPE values for the ARIMA model reach from 5.556% to 5.365%, showing a slight
reduction as the quantity of estimate time frame's increments. Additionally, the GARCH model
shows MAPE values fluctuating somewhere in the range of 5.635% and 5.515%. The Brain
Organization model shows a decline in MAPE values from 3.673% to 3.381% across gauge
periods. Surprisingly, the CNN-BDT model reliably beats different models, accomplishing MAPE
values going from 2.616% to 2.348%. These discoveries feature the power of the CNN-BDT model
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in taking care of different estimate periods and keeping an elevated degree of determining

exactness.
5. Conclusion

To assess the impact of trade liberalization on China's economy and export performance, we have
developed a cutting-edge forecasting model based on machine learning. This includes extricating
critical highlights from the China monetary dataset and refining them utilizing the modified
chicken swarm optimization (MCSO) calculation. In China's economic forecasting, the application
of the convolutional neural network—bagged decision tree (CNN-BDT) specifically targets the
reduction of false positives. In the approval stage utilizing test information enveloping China's
commodities to the US from 2015 to 2021, our CNN-BDT model showed a noteworthy precision
of 96.348%. Compared to previous models, this efficiency represents a 12.34 percent increase.
Moreover, the Mean Absolute Percentage Error (MAPE) of our CNN-BDT model was recorded
at 2.358, displaying a 8.56% improvement contrasted with current models. These reproduction
results highlight the unrivaled presentation and adequacy of the proposed CNN-BDT model in
anticipating China's product execution in the midst of exchange progression, underlining its true

capacity for upgrading monetary examinations and expectations.
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