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(e development of international agriculture trade during the COVID-19 pandemic has encountered significant challenges. (e
processing of international agricultural trade data using machine learning techniques needs to be improved to perform effective
analysis of agricultural trade. An essential issue for international agricultural trade is the accurate yield estimation for the
numerous crops involved in international trade. Data mining techniques are the necessary approach for accomplishing practical
and effective solutions for this problem. (is paper combined the bidirectional encoder representations from transformers
(BERT) model to conduct data mining and developed a trade data analysis system with efficient data analysis capabilities. Our
results indicate that our model does reasonably well and obtains adequate information in deciding international agricultural trade.
It can also be instrumental for policy and decision-making regarding international agricultural trade.

1. Introduction

(e COVID-19 pandemic has completely disrupted the
world economy. (e world economy is facing a reshuffle
situation; in particular, the agricultural economy is also
experiencing more significant fluctuations and challenges.
Agricultural trade is related to a country’s economy and
closely related to the needs of the people worldwide. China is
also undergoing a structural transformation of the agri-
cultural economy. (e development of international agri-
cultural trade is of great significance to the rise of China’s
overall economy [1].(e growth of international agricultural
trade requires Chinese agricultural products to have strong
international market competitiveness.(e effective means to
enhance competitiveness is to frame effective plans through
data analysis, increase the market share of Chinese agri-
cultural products, and effectively improve the market de-
velopment ability of Chinese agricultural products in
international trade. To improve China’s international ag-
ricultural trade competitiveness, it is necessary to use the
agricultural land [2] rationally. At the same time, we need to
combine the actual needs of the international people and the
economic benefits of agricultural products, China’s climate,

and land characteristics to choose crops with the best
economic benefits and a specific yield. Likewise, it is also
necessary to fully understand competitors’ agricultural
strength and products, seizing market opportunities, as well
as expanding sales channels for agricultural products.
Moreover, it is also required to focus on relevant interna-
tional trade policies of various countries. In particular,
forcibly interfering in normal economic trade through
political means in some countries will directly lead to large
fluctuations in international agricultural trade [3].

When formulating international agricultural trade de-
velopment plans, various factors must be effectively analyzed
to provide an excellent theoretical basis for the development
of international trade. However, the major problem in the
analysis of international trade is that the factors are un-
controllable. Moreover, it is challenging to discover the
influential factors from the massive international agricul-
tural trade data to establish the foundation for the subse-
quent development of international agricultural trade.
(erefore, it is essential to develop a scientific and effective
data mining system [4].

(e data mining process provides a framework to extract
nontrivial information from data. With the advent of
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massive storage, advanced data collection, and computing
paradigms, the data at our disposal are only increasing. To
extract information from these huge data assets, we need to
use advanced approaches like data mining algorithms, in
addition to standard statistical processing [5]. Although
many of these algorithms can extract valuable information, it
is up to the data mining professional to skillfully employ the
suitable algorithms and transform a business problem into a
data problem. Like any other technology, data mining
provides options in terms of algorithms and parameters
within the algorithms. (erefore, this study focuses on
developing international agricultural trade in combination
with the data mining model to improve the effectiveness of
data mining as much as possible and overcome the existing
problems [6]. (e major contributions of this work are as
follows:

(1) (is work combines the BERT model to conduct
international agricultural trade data mining and
analyzes the current situation of China’s agricultural
international trade

(2) It analyzes the future situation of China’s agricultural
international trade and explores the future devel-
opment direction of international agricultural trade

(e remainder of the paper is structured as follows.
Section 2 describes the related work. Section 3 illustrates the
proposed data mining model. In Section 4, different results
are given for model evaluation. Finally, the conclusion is
given in Section 5.

2. Related Work

Agricultural trade plays a significant role in the sustainability
of global and regional food systems. Trade among countries
allows food to shift from surplus to deficit areas. It helps to
increase the variety of products on offer. Without trade, the
pressure on local and national food systems would be much
greater and create significant burdens on natural resources
and government budgets. (e role of data mining in de-
veloping international agriculture trade is a leading next-
generation agricultural intelligence [7]. (is enables land
users to make better decisions by alerting them to hidden
patterns in discovered data. Statistics and machine learning
techniques are gaining popularity in the analysis of inter-
national agriculture trade data. (ere are different meth-
odologies developed and evaluated by researchers worldwide
in the field of agriculture trade data analysis. Ramesh and
Vardhan [8] analyzed the agriculture data for the years
1965–2009. Rainfall data were categorized into four clusters
by adopting the K-means clustering method. (e purpose of
this work is to find suitable data models that achieve high
accuracy and a high generality in terms of international
agricultural yield prediction capabilities. Rahman Motiur
et al. [9] studied the impact of climate conditions (rainfall
and temperature) on agriculture products. (e entire dataset
was divided into 3-month phases (March to June, July to
October, and November to February). In preprocessing
agricultural data, the average for every attribute was taken.
Clustering was performed to find the sharable group of a

region based on a similar weather attribute. (e authors in
[10] studied the effects of soil characteristics on the pro-
duction of agricultural products using data mining. K-means
clustering was used for clustering soils in combination with
geographical position system (GPS) based technologies. (e
authors in [10] have done a wide study on the predictive
ability of machine learning algorithms such as artificial
neural networks, multiple linear regression, regression trees,
support vector regression, and k-nearest neighbour on in-
ternational agricultural crop yield production [11]. Alberto
et al. [12] predicted the variation in wheat yield based on
online multilayer soil data and satellite imagery crop growth
characteristics. International agricultural trade data is
massive, including satellite images that also need lots of
cleansing to derail the targets [13]. (is study performs data
analysis of agricultural data using the BERT model to im-
prove China’s international agricultural trade development.
It constructs a trade data analysis system with data analysis
capabilities.

3. Data Mining Model

In this paper, data mining is implemented through the BERT
model. BERT is an open-source machine learning frame-
work. BERTstands for bidirectional encoder representations
from transformers. It is a deep machine learning model with
multiple layers in which every output element is linked to
every input element, and the weightings between them are
dynamically computed based upon their connection [14, 15].
(e general BERT transformation is shown in Figure 1.

(e output of each sublayer is expressed as

Sublayer output � norm(x +(sublayer(x))). (1)

(e position vector can be calculated by the following
equation:

PE(pos, 2i) � sin
pos

10002i/dmodel
 ,

PE(pos, 2i + 1) � cos
pos

10002i/dmodel
 ,

(2)

where pos represents the specific position of the keyword in
the massive data in the agricultural international trade data
and i is the direction vector. In data processing, to avoid data
saturation, the data needs to be normalized, which can be
expressed as

LN xi(  � α ×
xi − vL�����
σ 2

+ ε
 + β. (3)

(e decoder layer does not input the entire agricultural
trade data into the semantic vector C according to a fixed
length. However, it calculates c (i) based on the continuously
imported new agricultural trade information. (erefore, C
shows the real-time change. In this way, the new agricultural
trade information loss problem is solved.(is process can be
expressed as a three-dimensional form, as shown in Figure 2.

(e initial value Z0 is introduced, and it is matched with
h1 to generate a1

0. (ere are many match methods, including
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calculating the COS value of h1 and Z0. Z0 sequentially
performs a match operation with hi to calculate and obtain
ai
0. ai

0 is subjected to softmax processing, and a weight is
added to each ai

0. (en, the softmax-processed ai
0 is summed

to obtain c0. Because of the different weights, the probability
of c0 at this time tends to be closer to h1 and h2. At this time,
c0 is used as the input of the decoder layer to perform
decoder layer operations with z0 and generate z1. (e
generated z1 is again used as the initial value of the encoder
to perform a match operation with each h1. (en, c1 will be
obtained. In the same way, c1 and the output result y1 are
taken by the decoder operation to get z2, and then the al-
gorithm iterates in turn. Finally, the algorithm ends when it
encounters the EOS termination signal. (e process can be
represented as given in Figure 3.

(e specific calculation of encoder is

hi � tanh W hi−1, xi  + b( ,

oi � softmax vhi + c( .
(4)

(e semantic vector Ct is computed as

zt � tanh W zt−1, yt−1 ( ,

eti � z
T
t Whi,

ati �
exp eti( 


T
k�1 exp etk( 

,

ct � 
T

i�1
atihi.

(5)

In the above equation, ct is the semantic vector generated
at time t, and eti is the degree of influence of the hidden layer
state hi at time i in the encoder layer on the hidden layer state
zt at time t decoder layer. eti is normalized with probability
to ati. (e formula used is as follows:

z � tanh W zt, ct ( ,

oi � softmax v
!
zt + c .

(6)

First, the hidden layer state zt is calculated, and then the
attention layer zt is calculated; finally, the prediction result is
obtained. (e self-attention mechanism can be expressed
using the following equation:

Attention(q, v, k) � softmax
qk

T

��
d

√ v. (7)

We have

q
i

� W
q
a

i
,

k
i

� W
k
a

i
,

v
i

� W
v
a

i
.

(8)

After qi, ki, and vi are obtained, q1 is multiplied by ki
to get a1,1, a1,2, a1,3, and a1,4. Likewise, q2 is multiplied by ki
to get a2,1, a2,2, a2,3, and a2,4. By analogy, the ai,jmatrix can be

obtained. (en, this matrix is subjected to softmax pro-
cessing to obtain matrix ai,j. Using b1 �  a1.iV

i, b1 can be
obtained. By analogy, we get b2, b3, and b4.(e tanh function
is mainly used for binary classification tasks:

tanh(x) �
sinh(x)

cosh(x)
�

e
x

− e
− x

e
x

+ e
−x . (9)

(e softmax function maps a k-dimensional real-value
vector (a1, a2, a3, a4, L) to (b1, b2, b3, b4, L). Among them, bi is
a constant value between 0 and 1. According to the size of bi,
the purpose of multiclassification is achieved. (e formula is

σ zj  �
ezj


k
k�1 e

zk
. (10)

(e GELU function is as follows:

GELU(X) � 0.5X 1 + tanh
�
2

√
÷π x + 0.44715x

3
   .

(11)

Using the same sequence of calculations, ai is divided
into matrices qi, ki, and vi. At the same time, qi is divided
into qi,1 and qi,2, ki is divided into ki,1 and ki,2, and vi is divided
into vi,1 and vi,2.

q
i,1

� W
q,1 ∗ q

i
;

q
i,2

� W
q,2 ∗ q

i
,

k
i,1

� W
k,1 ∗ k

i
;

k
i,2

� W
k,2 ∗ k

i
,

v
i,1

� W
v,1 ∗ v

i
;

v
i,2

� W
v,2 ∗ v

i
.

(12)

After obtaining qi, ki, and vi, qi,1 is multiplied with ki,1 to
get ai,1. In the same way, qi,2 is multiplied by ki,2 to get ai,2.
Simultaneously, softmax processing is performed on ai,j to
obtain ai,j matrix. According to b1 �  ai,jVi,1, bi,1 and bi,2

can be obtained in the same way. Similarly, bi,1 and bi,2 are
multiplied by weight W0, to obtain bi.

4. Model Evaluation

(is work has analyzed the massive international agricul-
tural trade data, obtained effective information, and

Y1 Y2

Z1

Z0

Z2

C0 C1

Figure 3: Decoding layer calculation.
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predicted effective laws [16]. For data mining, we used the
competitiveness theory model, which is based on the Porter
model. Porter’s model identifies and analyzes five compet-
itive forces that shape every industry and helps determine an
industry’s weaknesses and strengths [17]. In the present
study, the five competitive forces analyzed were as follows:
suppliers, buyers, potential entrants, substitutes, and
product competitors. (e Porter analysis model is shown in
Figure 4.

Based on Porter’s analysis model, the analytical hier-
archy process (AHP) model was constructed. (e functional
structure diagram of the AHP model is shown in Figure 5.

To conduct a multifactor analysis of the international
agricultural trade data, we employed the AHPmodel. All the
factors were processed hierarchically, which is similar to the
decision tree structure. (e AHP is a method for organizing
and analyzing complex decisions. AHP provides a rational
framework for a needed decision by quantifying its criteria
and alternative options and relating those elements to the
overall goal. AHP is unique because it can quantify criteria
and alternatives [18]. (e construction of a model is gen-
erally followed by model verification. (e objective of model
verification was to ensure that the implementation of the
model is correct. We obtained a large amount of agricultural
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Figure 4: (e Porter analysis model.
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Figure 5: Structure diagram of the AHP model.
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international trade information from the Internet through
web crawler technology to verify the model.

4.1. Data Mining Ability. Data mining is a process of dis-
covering patterns in massive datasets involving methods at
the intersection of learning [19–22]. To evaluate the data
mining ability of the proposed model, we randomly
extracted 80 sets of data and applied the proposed data
mining technique. (e results are shown in Table 1 and
Figure 6, respectively. All the resultant values obtained are
greater than 80%, proving that the proposed data mining
model can perform better decision-making and perform
data mining on the international agricultural data more
effectively and efficiently.

4.2. Data Analysis Capability. (e pinnacle of analysis ca-
pability is applying advanced analytics to discover deep

insights, make predictions, and generate recommendations.
To check the data analysis capabilities of the proposed data
mining model, we employed the Porter model. In addition,
80 sets of valid data were also randomly selected for the
present study. Table 2 and Figure 7 show the evaluation
results of data analysis capability for the proposed model.
(e proposed model has greater potential and good effect
(data analysis >70) to analyze the international agriculture
trade more efficiently.

4.3. Decision-Making Ability. Decision-making ability
shows the proficiency of a system in choosing between two
or more alternatives. We evaluated the proposed model’s
decision-making ability, compared the decision-making
suggestions output with the actual situation, and used a
scoring method. (e obtained results for all the 80 datasets
are greater than 70 and are reported in Table 3 and Figure 8,
respectively.

Table 1: Statistical table of the evaluation of data mining ability.

No. Data mining No. Data mining No. Data mining No. Data mining
1 89.23 21 87.75 41 92.41 61 88.57
2 88.10 22 90.58 42 90.80 62 87.60
3 92.13 23 90.71 43 92.24 63 87.54
4 93.06 24 92.86 44 88.86 64 91.38
5 92.40 25 90.73 45 89.65 65 88.94
6 91.66 26 90.52 46 92.98 66 87.46
7 90.17 27 93.54 47 92.48 67 91.60
8 93.26 28 89.25 48 92.03 68 88.81
9 91.67 29 87.50 49 89.36 69 90.23
10 87.98 30 90.01 50 89.31 70 89.70
11 92.25 31 90.63 51 93.21 71 91.90
12 93.27 32 91.31 52 90.21 72 93.83
13 87.94 33 90.03 53 88.21 73 92.24
14 89.27 34 90.76 54 90.00 74 87.73
15 92.09 35 91.70 55 87.08 75 91.91
16 90.38 36 89.17 56 89.79 76 93.55
17 93.44 37 92.93 57 89.98 77 92.26
18 89.12 38 89.88 58 89.53 78 89.27
19 87.77 39 91.76 59 93.32 79 90.56
20 90.05 40 90.12 60 92.76 80 91.65
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Figure 6: Statistical diagram of the evaluation of data mining ability.
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Table 2: Statistical table of the evaluation of data analysis capabilities.

No. Data analysis No. Data analysis No. Data analysis No. Data analysis
1 76.16 21 80.35 41 76.78 61 77.17
2 85.43 22 76.83 42 82.28 62 76.89
3 83.52 23 80.62 43 76.34 63 80.11
4 79.81 24 85.37 44 78.37 64 83.82
5 76.80 25 81.59 45 78.90 65 82.29
6 83.17 26 84.35 46 82.16 66 76.39
7 86.87 27 82.06 47 82.16 67 82.10
8 86.80 28 79.85 48 83.43 68 86.18
9 76.46 29 79.59 49 78.09 69 81.37
10 86.66 30 83.40 50 84.51 70 78.64
11 80.55 31 82.39 51 84.10 71 80.46
12 85.63 32 83.10 52 79.45 72 82.89
13 85.15 33 77.57 53 79.08 73 79.91
14 76.92 34 83.35 54 83.80 74 77.37
15 82.12 35 77.84 55 80.96 75 79.22
16 80.09 36 79.15 56 76.96 76 84.73
17 80.46 37 84.99 57 81.47 77 80.94
18 77.08 38 86.21 58 81.09 78 77.26
19 78.76 39 76.22 59 84.07 79 83.81
20 83.62 40 76.84 60 79.30 80 85.19
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Figure 7: Statistical diagram of the evaluation of data analysis capabilities.

Table 3: Statistical table of the evaluation of system decision-making ability.

No. Decision effect No. Decision effect No. Decision effect No. Decision effect
1 79.45 21 72.00 41 78.96 61 74.08
2 80.74 22 77.76 42 72.52 62 71.02
3 79.46 23 80.00 43 78.52 63 74.30
4 69.82 24 77.95 44 72.24 64 76.14
5 75.57 25 79.31 45 72.75 65 72.13
6 79.04 26 69.99 46 77.71 66 73.29
7 72.26 27 70.91 47 79.42 67 72.23
8 76.36 28 74.53 48 78.69 68 76.89
9 70.05 29 73.56 49 72.87 69 71.55
10 69.86 30 73.27 50 78.29 70 70.18
11 70.54 31 70.80 51 75.08 71 79.27
12 69.43 32 73.07 52 72.88 72 79.09
13 75.10 33 69.81 53 74.46 73 73.12
14 69.23 34 70.13 54 72.18 74 75.05
15 78.48 35 73.16 55 73.01 75 80.74
16 79.82 36 76.66 56 69.83 76 69.50
17 72.28 37 79.89 57 73.01 77 80.98
18 77.39 38 76.94 58 72.76 78 79.74
19 72.36 39 78.94 59 69.48 79 70.92
20 70.91 40 73.23 60 78.75 80 79.42
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It can be concluded that the proposed data mining
system has more significant potential in deciding while
analyzing the development of international agricultural
trade.

5. Conclusion

Current research on international agricultural trade pri-
marily focuses on subjective comments and environmental
impacts. (is paper used the bidirectional encoder repre-
sentations form transformers (BERT) model and con-
structed a trade data analysis system with efficient data
analysis capabilities to increase the evaluation of interna-
tional agricultural trade development. We conducted min-
ing and analysis on the massive data of international
agricultural trade. As a result, we obtained adequate in-
formation to make effective decisions. Our results indicate
that our model does reasonably well and obtains adequate
information from international agricultural trade data.
Furthermore, this paper proves the feasibility of the pro-
posed model through experimental research.

Data Availability

(e data used to support the findings of this study are
available from the corresponding author upon request.
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