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Abstract. In this article, we tend to prove whether some economic indicators
related to the three industries are characteristics of the development status of
each country. Therefore, we first classify each country into developed, moderately
developed, and developing based on per capita GDP. After that, we conducted sur-
veys on 42 countries based on three industrial indicators: the employment rate of
the primary industry, the employment rate of the secondary industry, the employ-
ment rate of the tertiary industry, the proportion of agricultural added value inGDP,
the proportion of industrial added value in GDP, and the proportion of industrial
added value. Classification. The added value of the service industry accounts for
GDP and agricultural production index. Based on these data, we standardize to
avoid bias due to different measurements of these variables. Then, apply cor-
relation analysis to eliminate some variables. Next, hierarchical clustering and
decision trees help us find the criteria for classifying these countries into three
categories. After obtaining the category, we matched the classification result with
the category derived from GDP per capita, and successfully verified our hypoth-
esis through the chi-square test. Finally, we put forward some suggestions for the
development of moderately developed countries and developing countries based
on our research results.

Keywords: Main Industries · Developing Country · Developed Country ·
Normalization · Correlation · Decision-Tree · Chi-Square Test · Policies

1 Introduction

The three industries have different behaviors in countries with different development
situations. Zhang, Lin & Gong [14] point out that developing countries prefer a bank-
based financial system, while the financial structure of developed countries is more
dependent on the market [18]. The difference lies in the structure of the tertiary industry.
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Bogoviz, Osipov, Chistyakova, andBorisov (2018) remark that developed countries have
matured in Industry 4.0 and the secondary industry involves artificial intelligence, but
developing countries have difficulties in policy and funding issues [1]. Notice that the
situation in the agricultural industry is similar to other situations of main industry. From
the article of Keskin (2018), it can be seen that compared with developing countries,
precision agriculture through high-tech management of agriculture is more widely used
in developed countries [11]. These differences mean that the conditions of the three
industries are characteristics of different development national conditions. According
to Gryshova et al. (2020), research results pointed out that the situation of the three
major industries will affect the economic development and people’s well-being in all
countries [6]. Therefore, it is believed that economic indicators can reflect the situation of
the three industries. Our goal in this article is to examine the characteristics of countries
with different development status.We aim to usemachine learning technology to classify
countries through economic indicators related to the three major industries to show the
development status and various development status of a country.

2 Sorting and Analyzing Data

2.1 Data Collating

We first selected data related to three industries in 2019 from the “China Statistical
Yearbook”, for a total of 42 countries. In addition, there are 7 variables, for convenience,
we use symbols to mark them. The variables and their symbols are shown in Fig. 1.

According to Boyle (2021), those countries whose GDP per capita are over $25000
are classified as developed countries by economists, butmainly developed countries have
GDP per capitamore than $40000. Based onBoyle, in our paper, we classify 42 countries
into 3 categories, which are developed (GDP per capita> $40000), moderate developed
($25000 < GDP per capita < $40000) and developing countries (GDP per capita <

$25000). It is the category that we are going tomatch after we analyze on our 7 variables.

Notation Definition

Var 1 Employment rate of primary 
industry

Var 2 Employment rate of secondary 
industry

Var 3 Employment rate of tertiary industry

Var 4 Proportion of agricultural added 
value in GDP

Var 5 Proportion of industrial added value 
in GDP

Var 6 Proportion of service industry added 
value in GDP

Var 7 Agricultural production index

Fig. 1. Notations of variables
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Fig. 2. Snapshot of part of the original data

It is known that countries with a per capita GDP of more than US$25,000 belong to
developed countries, but Boyle (2021) infers that the per capita GDP of developed
countries should exceed US$40,000 [2]. Based on the analysis of [2], we analyze 42
countries and divide these countries into 3 categories, namely the developed countries
(per capita GDP > 40,000 US dollars), moderately developed countries (25,000 US
dollars < per capita GDP < 40,000 US dollars) and Developing countries (per capita
GDP < 25,000 USD). In these categories, we selected and analyze seven important
feature variables regarding the development of a country. Notice that However, there
are missing data in the agricultural production index. From the 2020 China Statistical
Yearbook, we only obtained data from year 2014 to 2016. In order to fill in the missing
data in 2019, we did research in the 2015–2020 yearbook and obtained the 2011–2016
agricultural production index. Then the gray model is used to predict the index in 2019.
After integrating the data for 2019, we import the excel file containing the original data
into the Jupyter notebook, as shown in Fig. 2.

2.2 Data Processing and Mapping

By importing the data,we found that these 7 variables have different dimensions.Accord-
ing to Daisy (2017), it is seen that different dimensions will influence the final result of
data analysis, so it requires normalization [9]. Therefore, we started to choose themethod
for normalization. The first method we tried was Z-score normalization. According to
Linda (2018), Z-score normalization requires that the original data distribute as nor-
mal distribution. Therefore, we were supposed to test whether the original data meet
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Fig. 3. Check for normal distribution.
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Fig. 4. Check for outliers.

the requirement. The results that we did normalization for every variable are shown as
follows:

From Fig. 3, we observe that the original data of all variables do not follow a normal
distribution. Therefore, it is impossible to apply Z-score normalization to the data. It is
suggested in [9] that min-max normalization is applied, but min-max normalization can
be performed efficiently under the requirement of no outliers in the data. Therefore, we
need to check whether our data has extreme values. The result is shown in Fig. 4.

Seen from the Fig. 4 that there are extreme values for every variable, therefore, min-
max normalization is not appropriate here; [7]. According to Santhakumaran (2011),
when there are extreme data, we could apply non-linear normalization, such as sig-
moid normalization which processes as Eq. (1). However, the results are not satisfied
because most data after normalization are close to 1, which means there are no big dif-
ference between data. Therefore, another non-linear normalization is applied, which is
log normalization which processes as Eq. (2).

x′ = ex − e−x

ex + e−x
(1)

x′ = log10 x

log10 max
(2)
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Fig. 5. Part of normalized data

Fig. 6. Correlation between variables

Finally, the normalized results are satisfied, and the part of data imported in excel
file is as shown in Fig. 5.

After normalization, we can start the analysis. The first step we need to do is to
test for correlation, because there may be correlations between variables. In addition,
according to Sympa, a major in statistics, when the correlation between two variables
is close to −1 or 1, one of them can be omitted. The relevant results are shown in the
Fig. 6.

From the results, it clearly displays that the pairs of variables have high correlation
with each other are Var1 and Var3, Var3 and Var4, Var5 and Var6. Finally, we determined
to choose Var2, Var3, Var5 and Var7 as variables of our project.

3 Data Processng by Machine Learning

3.1 Data Visualization and Hierarchical Clustering Method

Having selected variables that we tend to analyze. We initially add one column into
excel file which contains the normalized data. The column shows the classification of
countries based on the GDP per capita which classifies the countries into developed,
moderately developed and developing as we mentioned previously. In Fig. 7, we show
the definition of the developed, moderately developed and developing countries.
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The purpose of adding such information in the excel file is to match our decision tree
classification with the per capita GDP classification as much as possible. This is similar
to the situation where we want to figure out the rules of the game. What we have to do
is to make the rules we predict reach the real rules, and the real rules are the benchmark
in the process of exploration. The respective numbers of each category of country are as
shown in Fig. 8.

The classification method we chose is hierarchical clustering, because compared
with other machine learning methods such as KNN and K-Means, hierarchical clus-
tering can clearly show which countries belong to a category. KNN and K-Means can
visually display classification when processing two-dimensional or three-dimensional
data. Once we have four variables, we cannot clearly determine the category of the coun-
try. In addition, the hierarchical clustering also generates a heat map that describes the
correlation between the country and our 4 variables. The clustering results and related
graphs are shown in Figs. 9 and 10.

According to the results of hierarchical clustering, the 42 countries could be classified
into 3 categories as well, and we define these categories as A, B and C, following the
appearing order in Fig. 9 as yellow, green and red respectively. To sum the result up, the
chart is provided in Fig. 11.

In Fig. 12, we show the classification results of per capita GDP prosperity.
From Fig. 12, it can be inferred from Fig. 12 that C represents category 3, namely

developed countries. Because of their equal numbers, only two countries classified as C
belong to the first and second categories in the hierarchical cluster. In category A, one
belongs to category 2 and one belongs to category 1. In category B, 11 belong to category
1. Therefore, we can suspect that C represents category 3 (developed countries), but A
and B contain more category 1 than other categories. Therefore, we cannot even come up
with hypotheses to testwhetherA,B,C and 1, 2, and 3 have a one-to-one correspondence.

Fig. 7. Notation of different countries

Notation Definition Amount

1 Developing countries 28

2 Moderately developed 
countries 4

3 Developed countries 10

Fig. 8. The amount of different countries
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Fig. 9. Diagram of hierarchical clustering

Fig. 10. Diagram of correlation between countries and variables

In addition, despite the heat map, we cannot know the exact classification criteria. We
can observe that Var 7 and Var 5 have a relatively large impact on country classification.
Countries perform differently on each variable, but we don’t know the exact criteria for
classification, which means we don’t know how different behaviors of variables affect
The category of the country.
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Notation Amount

A 15

B 15

C 10

Fig. 11. The results of classification via hierarchical clustering

Notation Amount Notation Amount

1 28 A 15

2 4 B 15
3 10 C 10

Fig. 12. The comparison of results via two classifications

Fig. 13. The classification results of decision tree

3.2 Applying Decision Tree and Analyzing the Results

In order to obtain more accurate classification and its standards. We choose another
machine learning method, the decision tree. The decision tree can visually display the
specific criteria of the classification in numerical form.When applying the decision tree,
we only imported 4 of the 7 original variables for analysis. The results of the decision
tree classification are shown in Fig. 13.

In decision tree, there are X[0], X[1], X[2] and X[3]. When python deal with the
variables, the first one will be marked as index 0, therefore, X[0], X[1], X[2] and X[3]
represent for Var 2, Var 3, Var 5 and Var 7 respectively. In addition, we could figure
out the most important factor from the diagram of decision tree. According to Learn by
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Notation Amount Notation Amount

1 28 A 28

2 4 B 3
3 10 C 11

Fig. 14. The comparison of results via two classifications

Developed Moderately 
Developed Developing

Observed 10 4 28
Expected 11 3 28

Fig. 15. The comparison chart for Chi-square test

Marketing, the most crucial factor appears at the top of decision tree. Obviously, the
most important one in our classification is X[1], which is the Var 3 (employment rate of
tertiary industry).

Next, to make sure the accuracy of our classification, we filter obtain the categories
of 42 countries in excel based on the criteria of the decision tree. Also, we define these
categories as A, B and C The results of matching are as shown in Fig. 14:

To make sure A represents 1, we have to compare whether countries that A include
are countries included in 1, so as B and C. Fortunately, most countries belong to A are
included in 1, only one country comes from category 3; and countries in B are all in
category 2; andmost countries classified as C are in category 1, only one country belongs
to category 2. Therefore, the classification of decision tree is perfect, we could infer that
classification from decision tree could be matched with the result from GDP per capita.
However, for analysis purposes, we choose some statistics to prove accuracy. In [12],
the recommended chi-square is a non-parametric test because it can effectively test the
relationship between two variables. Therefore, in our project, wewant to test whether the
conditions of these three industries are related to the development of countries around
the world. Chi-square is appropriate here, so the reason for applying the chi-square test
is. Initially, we set the following assumptions:

H0: we could classify developing, moderately developed and developed countries based
on data related to three industries.
H1: data related to three industries cannot be regarded as features to classify countries
as developing, moderately developed and developed.

When processing the Chi-square test, we have concluded the results in Fig. 15.
In addition, since the total number of countries is 42 and the number of categories is

3, when the number of 2 categories is determined, the number of remaining categories
is fixed. Therefore, we only have 2 degrees of freedom, and we have chosen a 95%
confidence interval. Finally, the value of Chi-square is only 0.42, and the critical value
is 5.99. When the critical value is greater than the score of chi-test, we do not reject
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H0. Therefore, H0 is accepted, which means that the situation of the tertiary industry
(employment rate of the secondary industry, employment rate of the tertiary industry,
the proportion of industrial added value in GDP, agricultural production index) is related
to the development of various aspects. Country.

4 Policies Based on the Standard of Classification

4.1 Analyze the Standard of Classification via Decision Tree

First, we can conclude from the decision tree that Var 3 (employment rate in the tertiary
industry) is the most important variable. In (Learn by Market), the factors at the top of
the decision tree are the most important. In the results of our project, the variable at the
top of the decision tree is Var 3 (employment rate in the tertiary industry), so it is the
most important. In addition, Var2 (employment rate in the secondary industry) is also
important because the decision tree only classifies countries based on Var2 (employment
rate in the secondary industry) and Var3 (employment rate in the tertiary industry).

From the results of decision tree, we could transform the normalized date to original
ones and conclude the features of developed countries, moderately developed countries
and developing countries on three industries as follows:

⎧
⎪⎪⎨

⎪⎪⎩

Developed Countries :
Var 3> 76.7 %
or
71.14% < Var 3 < 76.7% andVar 2 > 23.56%

⎧
⎪⎪⎨

⎪⎪⎩

Moderately Developed Countries :
68.66% < Var 3 ≤ 71.14% and Var 2 > 23.56%
or
75.35% < Var 3 ≤ 76.7% and Var 2 ≤ 23.56%

⎧
⎪⎪⎨

⎪⎪⎩

Developed Countries :
Var 3> 68.66 %
or
68.66% < Var 3 ≤ 75.35% and Var 2 ≤ 23.56%

4.2 Policies for Developing Countries and Moderately Developed Countries

On the basis of the classification standard, we have also proposed some more developed
policies for moderately developed countries and developing countries. For developing
countries, our policy is first to help them achieve appropriate development; we tend to
help moderate countries become developed countries.

It can be seen that there are two types of developing countries. One is that the employ-
ment rate of the tertiary industry is lower than 68.66%, the second is that the employment
rate of the tertiary industry is between 68.66% and 75.35%, and the employment rate
of the secondary industry is less than or equal to 23.56%. The comparison between the
two types of developing countries and the two types of moderately developed countries
is as follows:
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Developing Countries Moderately Developed Countries

1 2 1 2

Var2 <=23.56% >23.56% <=23.56%

Var3 <=68.66% (68.66%, 75.35%] (68.66%, 71.14%] (75.35%, 76.7%]

From the table shown above, we could see clearly that the first category of developing
countries has two situations: employment rate of the secondary industry is more than
23.6% and less than 23.6%. In [5], a strong secondary industry is considered to be the
key to the development of the tertiary industry. Therefore, in the first category of devel-
oping countries (the employment rate of the tertiary industry is less than 68.66%), the
developing countries with the employment rate of the secondary industry below 23.6%
can initially increase the employment rate of the secondary industry by 23.56%, and then
develop the third industry. Industrial employment. Finally, their status will be the same
as that of the first category of moderately developed countries. Literature [3] pointed
out that technological innovation is an important factor to promote the development of
the secondary industry. The research results of [10] show that the employment elastic-
ity coefficient of the secondary industry can reflect the development of the secondary
industry and increase the employment of the secondary industry. Therefore, considering
countries with a weak secondary industry base, we believe that developing first and inno-
vating first is not a good choice. It can be seen in [13] that the educational factor plays a
very important role in the development of the secondary industry. For such developing
countries, the policy we suggested is that national governments should consider to invest
more budgets on education, especially the science and engineering education that are
related to innovation.

Note that in our research results, developing countries (the employment rate in the
tertiary industry is less than 68.66%) belong to the first category, and the employment
rate in the secondary industry exceeds 23.6%, indicating a strong industrial foundation,
because the secondary industry is basically the same as some moderately developed
countries and some developed countries. The focus is to increase the employment rate
of the tertiary industry to more than 68.66%. The research results in [4] pointed out that
technological development is a key factor in the development of the tertiary industry. In
[10], the author believes that the huge employment elasticity coefficient of the tertiary
industry indicates that the development of the tertiary industry will greatly increase
employment in this industry. Therefore, our research results indicate that countries with
strong industrial foundations should continue to import high-innovation technologies
from developed countries and implement these technologies on their other parts of strong
industrial foundations. In addition, these countries may consider setting up specialized
departments for technological exploration to meet their own needs as much as possible.

The strategies of the second category of developing countries are the same as those
of the former category. For middle developed countries, we also compare these countries
with developed countries, and the results are as follows:
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Developing Countries Moderately Developed Countries

1 2 1 2

Var2 >23.56% <=23.56% >23.56%

Var3 68.66%, 71.14% (75.35%, 76.7%] >76.7% (71.14%, 76.7%]

From a comparative point of view, the employment rate of the tertiary industry of the
first category in the middle developed countries (the employment rate of the secondary
industry is more than 23.56%) should be increased to more than 71.14%. It can be seen
in [4] that the factors for the development of the tertiary industry are globalization, tech-
nology and deregulation. The employment rate in the secondary industry is in the same
range as in developed countries. Countries belonging to the first category of moderately
developed countries have a solid foundation. Belongs to the secondary industry. In [13],
the author shows that with the influence of education on the secondary industry, strong
industries reflect high-quality education. Therefore, with a relatively strong economic,
educational, and industrial foundation, the development direction of technology will be
different from the strategy of developing countries. The policies we suggested are (1)
the government should invest more on construction of research environment, such as
laboratory and research budgets for innovation; (2) the government may consider set-
ting less strict regulations on developing technology and innovation, such as permission
to some materials.

For the second category of moderately developed countries (the employment rate
in the secondary industry is less than 23.56%), it can be more developed by increasing
the employment rate in the secondary industry to more than 23.56%. The policies of
these countries are similar to those of the second type of developing countries, but there
are differences due to their economic strength. The policy we suggested are as follows:
(1) the government should import high innovation technology from developed countries,
and realize these technologies domestically relying on the strong industrial basis; (2) The
government may consider to invest more on construction of research environment, such
as laboratory and research budgets for probing the more advanced industrial technology
from abroad.

5 Conclusion

From our machine learning modeling, we can draw conclusions from the decision tree
and chi-square that the conditions of these three industries can be characteristics of
developed, moderately developed, and developing countries. The result of the decision
tree also tells us that among the seven indicators of our project, the employment rate
in the tertiary industry and the employment rate in the secondary industry are the most
significant characteristics of countries with different development status, because these
two variables are unique. The decision tree relies on two criteria when dealing with the
classification of 42 countries. In addition, we compared these most important factors
between developing countries and moderately developed countries, and the relation-
ships between moderately developed countries and developed countries. Based on the
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status quo of developing countries and the results of our projects, we proposed an over-
all strategies for developing countries to develop into and help moderately developed
countries.
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