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Abstract: This study measures and analyzes the performances of the participating nations at the
International Mathematical Olympiad (IMO). A country’s success at the IMO is evaluated by the
number of gold, silver, and bronze medals won. To measure and compare the performances of the
countries, the data envelopment analysis approach is employed and all countries that have won at
least one medal have been included in our dataset. As measures for the inputs, two macro-level
determinants that can support the effort made by a country are considered: population size and gross
domestic product (GDP) per capita. Our findings indicate a mean level of technical efficiency for the
nations analyzed. The results suggest that, on average, the inefficient countries in the sample could
achieve improved results by increasing the number of outputs produced while maintaining the same
level of effort spent.

Keywords: competition events; mathematical Olympiads; performance evaluation; data envelopment
analysis; DEA

1. Introduction

This study analyzes the performances of countries at the International Mathematical
Olympiad that was held in remote format and administered from Saint Petersburg (the
Russian Federation) in 2021. The International Mathematical Olympiad (IMO) is the oldest
international annual science Olympiad, and 619 students from 107 countries participated
in this competition. The IMO is the world championship mathematics competition for high
school students and is held annually in different countries. In this study, the macro-level
determinants of the Olympians’ performances at the IMO are investigated in order to
measure the performances of the participating countries. A nation’s success at the IMO
can be judged by various measures, including by the number of gold, silver, and bronze
medals [1].

In order to measure the performances of the nations in terms of their mathletes’
achievements, the data for the year 2021, published by IMO.org, were utilized and appro-
priately modified as required. The current research concentrated on the country-specific
characteristics that can support the performances of the mathletes. The results from this
study provide information concerning the technical efficiency of the nations analyzed. The
study indicates that by solving our model, one can obtain the efficiency scores for the
participating nations investigated. Our approach draws on studies of the performances
of nations at international sporting events, where researchers employ various social eco-
nomic measures as inputs to measure and compare various outputs, but mainly the medals
won [2–4].

The results of our analysis show an average level of technical efficiency for the nations
analyzed and indicate that further training for the targeting of realistic objectives for future
events can become a plan to pursue. The method can help nations to compare themselves
with their peers and to discover the gap in their outputs and can thus be utilized as a tool
that shows that some countries may not be performing as they should. In our investigated
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sample, there are nations with sufficient inputs which are efficient in their outputs, whereas
the less efficient ones could be considered undersized in terms of the outputs achieved.

The purpose of the present study, however, is not only to assess the performances
in mathematics of the students and young people from the various countries from some
analytics point of view, but also to discuss the common features existing in mega-events
and to confirm the degree of effect that the size and wealth of the participating nations has
on the outcomes of these events. Although one can easily agree that no direct relevance
exists between the International Mathematical Olympiads and the athletic mega-events in
terms of the number of participants and the intensity of the investments involved, one can
easily recognize, however, that performance in such major international competitions is still
related to the economic and social prosperity of the individual participating nations and that
there is also a strong relationship with the traditions and history of the participating nations.
Some researchers also relate the IMO’s results to the efficiency of the individual national
educational systems [5]. Moreover, as prior research has proved [6], for athletic mega-events
one can provide both the organizers and the participants with valuable advice on how to
manage and organize these events more effectively. This can be achieved by creating the
optimal processes and environment; by implementing systems and structures; by developing
an engaging and inclusive culture; and by providing appropriate support. All these factors
are especially important for young people. Finally, assessing the mathematical capabilities of
a nation, with respect to the performances of the other nations in a major international event,
provides a very useful tool for education policy makers for adjusting national educational
policies and/or adopting, perhaps, the successful practices of other nations. To the best of the
authors’ knowledge, the present work is the first to assess the performances of countries in
mathematical Olympiads using data envelopment analysis (DEA).

The remaining sections of this article are organized as follows. In the next section, the
literature related to measuring performance in Olympic events using DEA is presented. In
Section 3, the methodology employed to implement the assessment of the participating
countries in the 2021 Mathematical Olympiad is discussed, and an analysis of the results
is then presented. In the following section, the data utilized in this study are thoroughly
presented and discussed. Finally, in the last section, the conclusions are drawn and recom-
mendations for future work are provided for those who manage and participate in these
non-athletic events.

2. Literature Review

All organizations use resources (materials, labor, etc.) to produce goods and services.
This transformation adds value to the outputs produced, and managers are always inter-
ested in how efficiently this transformation is achieved. Measuring performance efficiency
is of major importance to organization leaders. Numerous quantitative approaches, both
parametric and non-parametric, have been applied to evaluate performance. Parametric
methods such as stochastic frontier analysis (SFA) measure efficiency using random error
terms [4], while non-parametric methods such as data envelopment analysis are based on
mathematical programming techniques.

DEA is a powerful method to evaluate the relative performance of distinct deci-
sion making units (DMU) using various input and output measures [7]. Over the last
three decades, DEA has consistently progressed and improved its modelling approaches to
cater for complex real-world problems [8–15].

Several studies to measure the efficiency of Olympic athletic events or other athletic
mega-events have been presented recently. However, although considerable research has
been devoted to Olympic athletic events, only limited attention has been paid to Olympic
non-athletic events, particularly the mathematical Olympiads.

In the DEA-based studies of Olympic events, the participating countries are mainly
evaluated according to the number of gold, silver, and bronze medals won. Furthermore,
the evaluation takes into account the specific conditions for each participating country,
such as population and GNP, as input measures.
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DEA has been applied to assess the performances in the Olympic Games in several
studies [16–22], where the relative efficiency of the participating countries that won at least
one medal in relation to their available resources was analyzed. In [16], the authors used an
input-oriented model, where the number of athletes was considered as an input, and the
number of gold, silver, and bronze medals won was considered as the output parameter.
Moreover, DEA has been applied for the evaluation of soccer leagues (in, e.g., [23–25]).
Moreover, the performance of Major League Baseball was also evaluated through DEA
models [26], while ref. [27] focused on the analysis of the efficiency of NBA teams with
the use of DEA. To tackle more realistic problems, researchers (in, e.g., [17,28]) applied
weight restrictions on the outputs by introducing the assurance region approach for all
participating nations. As mentioned before, most of the prior research looked at a variety
of measuring parameters. However, there are two measures that are common in almost
all studies: population and GDP. The reasons for the inclusion of these two measures are
almost obvious: more populous countries have a greater pool of talent to draw on and thus
have enhanced chances of success at the Olympics. Moreover, wealthier nations can afford
increased investments in sports projects and thus would be more likely to win medals at
the Olympics.

There are also few studies that evaluate the utilization of non-DEA methods for analyzing
the performances of nations. For instance, in [29] the authors used a weighted directed graph
to build a dominance network, which in turn can be used to characterize the performance
differences between the countries participating in the Olympic Games. In [30], the researchers
examined two different performance-ranking approaches based on weighted mean values
and volume-based sensitivity analysis. Most recently, the researchers also experimented with
optimization methods such as particle swarm optimization (PSO) [31] or machine learning
(ML) and data mining (DM) techniques in order to evaluate the performances of athletes and
teams [32,33]. These methods have been applied mainly to sports events (such as basketball),
for which a variety of data concerning athlete and team performances can be collected via
automated tracking devices due to technological advances.

3. Methodology

Data envelopment analysis (DEA) is a method for measuring the relative performance
of distinct units where the presence of multiple consumed resources and end results
achieved makes it difficult to compare these units in a direct way. In data envelopment
analysis, those units whose efficiency is estimated are generally referred to as decision
making units (DMUs). DMUs consume resources to generate a set of outputs of varying
levels. The resources used and the end results of a decision making unit can be numerous
and measurable in different units. In the context of a system of such units, all the decision
making units are considered to consume the same resources and produce the same end
results (i.e., the metric units are alike) and only their input and output levels differ.

The typical performance measure for efficiency, i.e.,

efficiency = output/input

is not sufficient to evaluate the DMUs because of the presence of multiple inputs and
outputs associated with different sources, activities, and environmental factors. Thus, a
common measure of relative performance is defined as the ratio of the weighted sum of the
outputs to the weighted sum of the inputs. The sum of the weights of all the input/output
criteria must be equal to the unit. The above relative performance measure requires the
definition of the weight factors.

Charnes, Cooper, and Rhodes [6] proposed one of the most basic DEA models, appro-
priately termed the CCR model. Given that there are n DMUs and associated numerical
data for each of the m inputs and s outputs for all the DMUs, the fractional mathematical
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programming problem that is solved in order to obtain values for the input weight (vi)
(i = 1, ..., m) and the output weight (ur) (r = 1, . . . , s) variables is the following [34]:

max z =

s
∑

r=1
uryrj0

m
∑

i=1
vixij0

(1)

subject to
s
∑

r=1
uryrj

m
∑

i=1
vixij

≤ 1 (j = 1, ..., n) (2)

ur ≥ 0, (r = 1, . . . , s), (3)

vi ≥ 0, (i = 1, . . . , m), (4)

In the above model, index j refers to the DMU being evaluated. Objective function (1)
maximizes the ratio of the output to the input of the DMU under evaluation by calculating
the appropriate weights vi and ur. Constraints (2) ensure that this ratio does not exceed 1
for every DMU. This implies that the objective function value lies between 0.0 and 1.0; the
latter value denotes that the DMU under examination is efficient. The above non-linear
program is linearized, and the solution of its linear equivalent produces the efficiency score
of the DMU being evaluated.

However, a common problem in several real-world DEA applications is that all the in-
puts and outputs may not be equally important to the decision maker. This study reports an
application where weight restrictions are imposed in a DEA model to overcome the above
problem. A weight-restricted DEA model is employed by introducing a discrimination
criterion between several efficient units. This criterion is based on the fact that the input
and/or output weights can be restricted since the decision maker knows the policies, i.e.,
the importance of the inputs and/or outputs. Introducing weight restrictions in DEA may
decrease the efficiency scores and decrease the number of efficient DMUs. The following
constraints are thus added to the CCR model:

αr ≤
ur

ur+1
≤ βr, (r = 1, ..., s) (5)

where ur is the weight attached to the rth output and corresponds to the variables of the
CCR model. The Greek letters αr and βr are user-specified constants to reflect the value
judgements related to the relative importance of the output factors [35].

For the validation of the results, two basic parameters, which describe the method,
must be defined:

• Input/output orientation of the model: the model is configured so as to determine how
much the input/output consumed/produced could decrease/increase if resources are
used efficiently;

• Constant/variable returns to scale (CRS/VRS) assumption: CRS reflects the fact that
output will change by the same proportion by which the inputs are changed (e.g.,
a doubling of all inputs will result in double the outputs); VRS reflects the fact that
production technology may exhibit increasing, constant, or decreasing returns to scale.

In the present study, an output-oriented DEA model that assesses the efficiency of
the countries is utilized in order to maximize the outputs/medals obtained given the
inputs of each of the countries. The most general assumption that can be made is that the
returns to scale parameter is variable; thus, a variable returns to scale (VRS) and weight
restriction DEA model is formulated and solved as our data also have some special features.
As mentioned above, weight restrictions are incorporated in our model to allow for the
integration of preferences in terms of the relative importance levels of the various inputs
and outputs. In our case, the weight restrictions are incorporated to account for the relative
importance of gold, bronze, and silver medals.
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4. Data

Perhaps the most important step in conducting a DEA study is to determine the
input and output indicators to be used in order to evaluate the efficiency of the decision
making units (DMUs) in the sample. Several studies have attempted to ascertain the
factors affecting the number of Olympic medals won by countries. Most studies have
found that population and GDP were positively related to the number of Olympic medals
awarded. Although some of the previous literature on the participants at the International
Mathematical Olympiad focuses on the theories related to individual talent formation, this
study focusses on country characteristics. National teams from countries with a higher
level of material wealth and larger populations win on average more medals at the Olympic
Games than the teams from smaller and poorer countries.

Models (1)–(5), as presented above, are applied to the competition of the International
Mathematical Olympiad that was held in a remote format and administered from Saint
Petersburg, the Russian Federation, in 2021. The DMUs consisted of the 80 participating
countries in the 2021 IMO competition that won at least one medal. The participants
are ranked based on their individual scores. Medals are awarded to the highest ranked
participants. The input and output indicators for the studied 2021 IMO studied as follows.

Inputs:

• Participating country’s population;
• GDP per capita.

Outputs:

• Total score accumulated resulting in the award of gold medals;
• Total score accumulated resulting in the award of silver medals;
• Total score accumulated resulting in the award of bronze medals.

A total of 52 gold medals were awarded to the participants who had accumulated a
score ≥ 24 points. One hundred and three silver medals were awarded to the participants
who had accumulated a score ≥ 19 points. Moreover, 148 bronze medals were awarded
to the participants who had accumulated a score ≥ 12 points. In relation to the weight
restriction constraints, the coefficients αr and βr were set equal to 1 and 2.5 for the gold
to silver medal output ratio (r = 1). For r = 2 in the constraints (5) above, αr and βr were
set equal to 1 and 1.5 for the silver to bronze medal output ratio This latter judgment is
based on the guidance given by the fact that the numbers of gold, silver, and bronze medals
awarded are approximately in the ratio of 1:2:3 and on the results announced by the IMO
organization concerning the actual number of medals in each category awarded in the IMO
2021 event.

The datasets of the population and of the GDP per capita of the participating countries
are both collected from the official website of the World Bank. Olympic medal counts
and the corresponding recorded scores were obtained from the official website of the IMO
organization [Appendix A].

The descriptive statistics characterizing the inputs and outputs of the 80 participating
countries that won at least one medal appear in Table 1, which contains the average level,
the standard variance, the minimum level, and the maximum level. The large standard
deviation of the inputs in Table 1 demonstrates that the input data vary significantly. The
latter evidence indicates that the appropriate model to use in the current case study is the
VRS DEA model.
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Table 1. Descriptive statistics of inputs and outputs for 80 participating countries.

Features GDP per Capita Population Gold Medal Score Silver Medal Score Bronze Medal Score

Mean 23,545.71726 73,388,572.98 19.66 27.59 26.59
Standard
Deviation 22,712.86862 222,441,422.5 39.71 27.14 18.26

Min 897.087902 620,173 0.00 0.00 0.00
Max 93,457.4404 1,412,360,000 208.00 100.00 79.00

5. Results and Discussion

The data envelopment analysis provides a collection of useful information on the
efficiency scores. Table 2 summarizes the findings from the VRS analysis and the efficiency
score that each participating country achieved, while Figure 1 illustrates a histogram of the
efficiency scores.

Table 2. The efficiencies of 80 countries based upon CCR VRS weight restricted model.

Countries Efficiency Scores Countries Efficiency Scores Countries Efficiency Scores

Argentina 0.29482 India 1 Puerto Rico 0.117316
Armenia 1 Indonesia 0.717203 Korea, Rep. 1
Australia 0.724873 Iraq 0.101411 Moldova 1
Austria 0.20955 Iran, Islamic Rep. 1 Romania 0.660937
Azerbaijan 0.201923 Israel 1 Russian Federation 1
Bangladesh 0.425016 Italy 0.804034 Saudi Arabia 0.43902
Belarus 0.77323 Japan 0.597117 Serbia 0.648156
Belgium 0.312652 Kazakhstan 0.830758 Singapore 0.923645
Bosnia and Herzegovina 0.578776 Latvia 0.504322 Slovak Republic 0.540708
Brazil 0.530838 Lithuania 0.124326 Slovenia 0.321556
Bulgaria 0.898728 Macao SAR, China 1 South Africa 0.277054
Canada 0.9616 Malaysia 0.329936 Spain 0.077867
Colombia 0.249902 Mexico 0.566773 Sweden 0.250324
Costa Rica 0.105926 Mongolia 1 Switzerland 0.304334
Croatia 0.863586 Montenegro 1 Syrian Arab Republic 0.474759
Czech Republic 0.848428 Netherlands 0.185744 Taiwan 0.878607
Denmark 0.104658 New Zealand 0.21858 Tajikistan 1
Ecuador 0.188862 Nicaragua 1 Thailand 0.76463
El Salvador 0.109485 North Macedonia 0.657155 Tunisia 0.288751
Estonia 0.619754 Norway 0.270472 Turkiye 0.584455
Finland 0.090023 Panama 0.13681 Turkmenistan 0.301805
France 0.575077 Paraguay 0.120877 Ukraine 1
Georgia 0.498647 China 1 United Kingdom 0.701677
Germany 0.677041 Peru 0.708673 United States 0.88371
Greece 0.189314 Philippines 0.915146 Uzbekistan 0.550591
Hong Kong SAR 0.811838 Poland 0.875827 Vietnam 1
Hungary 0.740305 Portugal 0.342095

As mentioned before, the CCR VRS model is used with the weight restriction coefficients
αr and βr, which are equal to 1 and 2.5 and 1.5, respectively, for all outputs, r (r = 1, . . . , s),
with the aim of discriminating between the values of the three categories of models.

In Table 2 above, out of 80 countries participating, only 15 countries are shown to be
efficient. Moreover, the average efficiency score is equal to 0.5823. It is interesting to note,
however, that when the DEA model is solved without the weight restrictions imposed on
the three outputs, then the number of efficient countries is increased from 15 to 30 while the
average efficiency score is calculated to be equal to 0.7308. The reason for this is that the
feasible region of the output multiplier constraints in the model gets smaller. It is assumed in
this study that one gold medal is worth at least 2.5 silver medals, and a silver medal is worth
at least 1.5 bronze medals. Even though it seems quite reasonable to assume that coefficient βr
is equal to 2.5 or 1.5, depending on parameter r, a sensitivity analysis is usually performed
in similar applications for different values of βr. However, for the purposes of this study a
sensitivity analysis seems to be unnecessary as the ratios between the numbers of different
medal categories are defined by the IMO organization for all IMO events.
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These results show that our proposed model provides a comprehensive ranking system
tool for assessing the performances of the participating countries. The results provided by
our approach can be compared to the country results published by the official site of the
62nd IMO 2021, where the countries were ranked based on the total score achieved by the
individual contestants in all the problems for each country. In Table 3, the 80 participating
countries are listed. In the second column, the ranking order associated with each country,
as published by the IMO organization, is presented. In the third column of Table 3, the
ranking of the 80 participating countries based solely on the number of gold, silver, and
bronze medals won, without taking into account the relative importance of the medals
according to their weight restrictions, is presented for comparison purposes. The ranking
order associated with each country, as derived from the CCR VRS weight-restricted model
discussed in Section 3 above, is also presented in column 4 of Table 3 and graphically in
Figures 2 and 3.
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Table 3. IMO2021org., CCR-VRS model, and CCR-VRS weight restricted model rankings.

Countries IMO 2021
Ranking CCR VRS

CCR VRS
Weight
Restricted

Countries IMO 2021
Ranking CCR VRS

CCR VRS
Weight
Restricted

Argentina 46 61 59 Mongolia 11 1 15
Armenia 37 1 3 Montenegro 79 1 7
Australia 18 48 31 Netherlands 47 69 70
Austria 64 66 66 New Zealand 69 64 65
Azerbaijan 51 62 67 Nicaragua 81 1 14
Bangladesh 43 46 52 North Macedonia 45 35 37
Belarus 24 1 28 Norway 51 63 62
Belgium 43 54 56 Panama 72 72 71
Bosnia and Herzegovina 40 1 42 Paraguay 87 71 73
Brazil 35 42 47 China 1 1 10
Bulgaria 18 1 19 Peru 30 1 33
Canada 5 1 16 Philippines 23 1 18
Colombia 61 67 64 Poland 13 1 22
Costa Rica 84 77 76 Portugal 54 60 53
Croatia 21 1 23 Puerto Rico 79 76 74
Czech Republic 16 34 24 Korea, Rep. 3 1 6
Denmark 67 78 77 Moldova 51 1 1
Ecuador 73 65 69 Romania 27 37 36
El Salvador 71 74 75 Russian Federation 2 1 11
Estonia 50 40 39 Saudi Arabia 38 51 51
Finland 69 80 79 Serbia 31 50 38
France 27 43 43 Singapore 15 1 17
Georgia 41 41 49 Slovak Republic 39 47 46
Germany 12 45 35 Slovenia 64 59 55
Greece 64 70 68 South Africa 60 52 61
Hong Kong SAR 21 31 26 Spain 63 79 80
Hungary 32 1 30 Sweden 57 68 63
India 26 1 9 Switzerland 48 56 57
Indonesia 33 1 32 Syrian Arab Republic 68 53 50
Iraq 89 73 78 Taiwan 9 1 21
Iran, Islamic Rep. 29 1 5 Tajikistan 59 1 2
Israel 7 1 12 Thailand 16 1 29
Italy 7 1 27 Tunisia 56 57 60
Japan 25 38 40 Turkiye 35 1 41
Kazakhstan 20 32 25 Turkmenistan 58 55 58
Latvia 48 44 48 Ukraine 6 1 4
Lithuania 76 75 72 United Kingdom 9 39 34
Macao SAR, China 54 1 13 United States 4 33 20
Malaysia 41 58 54 Uzbekistan 61 49 45
Mexico 34 36 44 Vietnam 14 1 8
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In Table 3, the 62nd IMO 2021 ranking has been appropriately adjusted to include
the 303 gold, silver, and bronze medals awarded by the IMO organization only. The 98
honorable mentions that were awarded to the participants of the 62nd IMO 2021 have
not been taken into account in this ranking. Any participant who receives a score of 7 on
any one question but who does not receive a medal is awarded an honorable mention.
In our study, honorable mentions were not taken into account for the assessment of the
participating countries, nor were any of the scores achieved by the participants that were
not awarded a medal or an honorable mention.

As can be ascertained from the results in Table 3, some countries have been completely
differently ranked by the IMO organization and the DEA approach. It is interesting to note
for example that Moldova was ranked 51st out of 80 countries according to the 62nd IMO
2021 ranking while it was ranked first according to the DEA model rankings. The reason for
this is that both the input measures for Moldova are well below the corresponding averages
presented in Table 1, and thus, it can be proved that this DMU is efficient. The results show
that our proposed approach is more general and reasonable. This is mainly due to the fact
that in our model we also consider the value judgment for the weight relationships among the
three outputs. In addition, our approach also provides a guide for performance improvement.

6. Conclusions and Recommendations

This study contributes to the measurement of the performances of the participating
countries in an International Mathematical Olympiad competition by using a comprehen-
sive model that evaluates the efforts of the participating teams more accurately. Although
IMOs do not gain great international visibility when compared to some athletic events, the
concern about the results of the countries in such events has been increasing.

With the aim of analyzing the results and improving the performance of the participating
countries, the efficiency of the countries participating in the 62nd IMO 2021 was analyzed by
implementing the DEA method. The input and output indicators for the 62nd 2021 IMO that
were considered were the population and GDP per capita of the participating countries, as
related to the three outputs utilized. The three outputs were the total scores accumulated that
resulted in the award of gold medals, silver medals, and bronze medals, respectively. In our
model, a variable returns to scale model was used with the output orientation.

A common issue occurring in real-world DEA applications is that often all the input and
output measures may not be equally important to the decision makers. This study reports an
application whereby, in a DEA model, weight restrictions are imposed on the three outputs of
the model to overcome the above problem. A weight-restricted DEA model is thus constructed
by introducing a discrimination criterion between the several efficient units.

Regarding the results obtained from this study, out of the 80 countries participating in
this event, only 15 countries are shown to be efficient, with some countries being completely
differently ranked by the IMO organization and our DEA model. The efficient DMUs that
define a target are peers or references that can help to improve the whole efficiency of the
competition. These measures describe the countries’ potential to generate a number of
participants (mathletes) in the IMOs and are often considered as the most important factors
explaining both sport and cognitive performance.

Future work for this research can focus more on the measures utilized and aim to
investigate potential resources and outputs that would cover a wider range of measures that
are more representative of the efforts put in and the results obtained. Moreover, the aim is
to provide future researchers with some testimony on how these non-athletic mega-events
can provide useful insights into the management of the mega-events by comparing and
contrasting similarities and differences. Finally, regarding the comparison of the rankings
produced by the present study and other international surveys, we strongly believe that
the results of this study can add to the information about international performances in
order to drive up education standards to a higher level.
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Appendix A. Population and GDP per Capita Are Both Collected from the Official
Website of World Bank

Countries GDP_per_Capita Population Countries GDP_per_Capita Population

Argentina 10,729.23258 45,808,747 Mongolia 4534.918589 3,329,282
Armenia 4670.008798 2,968,128 Montenegro 9367.016884 620,173
Australia 59,934.12941 25,739,256 Netherlands 58,061.00167 17,533,405
Austria 53,267.93275 8,956,279 New Zealand 48,801.68513 5,122,600
Azerbaijan 5384.034998 10,145,212 Nicaragua 2090.753461 6,702,379
Bangladesh 2503.04388 166,303,494 North Macedonia 6720.896285 2,065,092
Belarus 7303.696266 9,340,314 Norway 89,202.75054 5,408,320
Belgium 51,767.78857 11,587,882 Panama 14,516.45805 4,381,583
Bosnia and Herzegovina 6916.438315 3,263,459 Paraguay 5400.103826 7,219,641
Brazil 7,518.834284 213,993,441 China 12,556.33312 1,412,360,000
Bulgaria 11,634.97102 6,899,125 Peru 6692.248375 33,359,416
Canada 52,051.35146 38,246,108 Philippines 3548.828323 111,046,910
Colombia 6131.225922 51,265,841 Poland 17,840.92105 37,781,024
Costa Rica 12,508.61563 5,139,053 Portugal 24,262.18094 10,299,423
Croatia 17,398.76598 3,899,000 Puerto Rico 31,429.86612 3,263,584
Czech Republic 26,378.49996 10,703,446 Korea. Rep. 34,757.72007 51,744,876
Denmark 67,803.0471 5,856,733 Moldova 5314.531461 2,573,928
Ecuador 5934.875496 17,888,474 Romania 14,861.90917 19,115,146
El Salvador 4408.520365 6,518,500 Russian Federation 12,172.78516 143,446,060
Estonia 27,280.65844 1,329,254 Saudi Arabia 23,585.88563 35,340,680
Finland 53,982.61427 5,541,696 Serbia 9214.993546 6,844,078
France 43,518.53851 67,499,343 Singapore 72,794.00302 5,453,566
Georgia 5042.385528 3,708,610 Slovak Republic 21,087.8461 5,447,247
Germany 50,801.78671 83,129,285 Slovenia 29,200.81988 2,107,007
Greece 20,276.54467 10,664,568 South Africa 6994.211654 60,041,996
Hong Kong SAR 49,660.63424 7,413,100 Spain 30,115.70589 47,326,687
Hungary 18,772.67329 9,709,886 Sweden 60,238.98656 10,415,811
India 2277.434347 1,393,409,033 Switzerland 93,457.4404 8,697,723
Indonesia 4291.812554 276,361,788 Syrian Arab Republic 1265.60619 18,275,704
Iraq 5048.387813 41,179,351 Taiwan 32,123 23,859,912
Iran, Islamic Rep. 2756.749977 85,028,760 Tajikistan 897.087902 9,749,625
Israel 51,430.07968 9,364,000 Thailand 7233.388858 69,950,844
Italy 35,551.28499 59,066,225 Tunisia 3924.343925 11,935,764
Japan 39,285.16311 125,681,593 Turkiye 9586.61245 85,042,736
Kazakhstan 10,041.48984 19,002,586 Turkmenistan 7612.03518 6,117,933
Latvia 20,642.16792 1,883,162 Ukraine 4835.571777 43,814,581
Lithuania 23,433.39091 2,795,321 United Kingdom 47,334.35531 67,326,569
Macao SAR, China 45,421.62663 658,391 United States 69,287.53659 331,893,745
Malaysia 11,371.09902 32,776,195 Uzbekistan 1983.064723 34,915,100
Mexico 9926.422768 130,262,220 Vietnam 3694.019046 98,168,829
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