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Abstract 
This paper collects 30 eigenvalues from 233 countries and regions in the world 
reflecting population, economy, development and region, and reduces the 
dimensionality of the 30 eigenvalues into 6 principal components through principal 
component analysis. The principal components can explain the characteristics 
Information with a value of 88.759%; the main components are the comprehensive 
population component, the comprehensive economic component, the comprehensive 
industrial component, the comprehensive mineral component, the comprehensive fuel 
component and the comprehensive environmental component. The TOPSIS 
comprehensive evaluation method based on the entropy weight method is used to 
establish an evaluation model for measuring global fairness, and the comprehensive 
score index of each country and region is obtained and ranked. Finally, based on the 
relevant data collected, the rationality of the evaluation model for measuring global 
fairness is verified. 
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1. Introduction 

1.1 Background 

How to distribute mineral resources equitably in the context of asteroid mining. Global equity means 
that the resources obtained by individuals match the resources that individuals are responsible for, 
which is fairness, rather than simple egalitarianism. What needs to be considered in this issue is that 
factors including population, economy, development, and region are collected, and relevant indicators 
are collected to establish a distribution coefficient model. Based on the comprehensive evaluation 
model, the scores of each country are obtained, and the minerals are allocated reasonably according 
to the scores. The higher the score, the more mineral resources are allocated. 

1.2 Our Work 

Based on this subject, a mathematical model for measuring global fairness is established. This paper 
collects indicators reflecting population, economy, development and geography from 233 countries 
and regions around the world. The specific indicators include population (10,000), per capita GDP 
(USD), GDP Unit energy consumption (2011 constant PPP USD/kg oil equivalent), ores and metals 
exports (Percentage of commodity exports), ores and metals imports (Percentage of merchandise 
imports), fossil fuel energy consumption (Percentage of total ), 2021 global best country ranking, 
forest coverage rate (Percentage) and other 30 characteristic values. The Principal Component 
Analysis (PCA) method is used to reduce the dimension of 30 eigenvalues, and the principal 
components are obtained through dimension reduction. Based on the obtained principal components 
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and the TOPSIS method, the country's comprehensive evaluation model is obtained, and the global 
and fair distribution of mineral resources is carried out according to this model. 

2. Model Assumptions 

Assuming that asteroid mining is feasible at some point in the future, and could allow humans to 
invest in bringing valuable minerals back to Earth at a relatively safe cost. Under the premise of the 
feasibility of asteroid mining, this paper establishes a mathematical model to measure global equity 
and its impact on global equity, and explores what policies the United Nations can propose on asteroid 
mining to increase global equity. 

3. Data Preprocessing 

Table 1. Raw data 

country population GDP per 
capita 

GDP per 
capita 

Export of ores 
and metals 

Import of ores 
and metals 

fossil fuel 
energy 
consumption 

United 
Arab 
Emirates 

1107.7 31982.23 8.165398371 3.4115996 2.549892735 86.12834902 

Argentina 4538.8 8554.64 11.60147507 0.21798892 2.956001609 87.72240748 

Belgium 1152.2 44529.39 10.35393588 4.363416402 5.318848928 72.65250484 

Brazil 21142.2 6783.05 10.53097888 16.15139758 3.311725352 59.10753264 

 

As shown in Table 1, some of the collected data are presented. 

Firstly, the original data is normalized, and then the correlation coefficient matrix of 30 eigenvalues 
is obtained. In the 30*30 correlation matrix, the correlation coefficients between the variables are 
basically greater than 0.3. From a statistical point of view, it can be considered that there is a good 
correlation between the variables. Therefore, Principal Component Analysis can be used for this 
dataset. 
 

 
Fig. 1 Correlation plot among the top 5 variables 
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As shown in Figure 1, this paper selects the correlation of the first five variables to make a correlation 
diagram. On the diagonal line of the correlation graph is the correlation coefficient of the variable 
itself, red represents a strong positive correlation of the variable, blue represents a strong negative 
correlation, and the light-colored area has a weak correlation. 

4. Principal Component Analysis 

Using SPSS software, Principal Component Analysis was performed from the standardized data set. 
As shown in Table 1, the KMO test coefficient of this model is 0.883. The KMO test coefficient is 
distributed between 0 and 1. When the KMO test coefficient is greater than 0.8, it can be considered 
that the principal component analysis method can be used for the data, and the principal components 
can be better extracted. The premise of applying Principal Component Analysis is that there is a 
strong correlation between variables, so the null hypothesis should be rejected. The null hypothesis 
of Bartlett's test is that there is no correlation between the variables, that is, the diagonal value of the 
correlation matrix is 1, and the remaining values are 0. The approximate chi-square value of the 
Bartlett test is 39362.121, the degree of freedom is 435, and the significance is 0, that is, the data set 
rejects the null hypothesis, and the principal components can be extracted from the data set. 

 

Table 2. KMO and Bartlett test 

KMO Sampling Suitability Quantity 0.832 

Bartlett's sphericity test approximate chi-square 39362.121 

degrees of freedom 435 

salience 0 

 

The model has a total of 30 variables, corresponding to 30 components. The principal component 
analysis method extracts the principal components from the 30 components, and extracts most of the 
information of the components to achieve the purpose of optimizing the data set and simplifying the 
calculation. For example, the population component, the principal component can explain 95.4% of 
the information of the component. 

In this paper, components with eigenvalues greater than 1 are selected as principal components, and 
a total of 6 principal components are obtained. The relationship between the eigenvalue and the 
contribution rate is: Equation Chapter 1 Section 1. 

 

                  (1) 

 

Table 3. Principal Component Table 

main ingredient Eigenvalues Contribution rate % Cumulative contribution rate % 

1 13.282 44.272 44.272 

2 5.691 18.971 63.243 

3 2.818 9.393 72.636 

4 1.981 6.602 79.239 

5 1.649 5.496 84.734 

6 1.207 4.025 88.759 
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Fig. 2 Contribution rate diagram of principal components 

4.1 Main Ingredient 

Find the coefficient of each component in the linear combination of each principal component. The 
general formula is: 

 

                             (2) 

 

For example, the first coefficient of the principal component F1 is calculated as follows: 

 

                           (3) 

 

     (4) 

 

The contribution rate of the first principal component F1 is 44.272%, and F1 is a positive loading on 
all variables. It reflects the comprehensive characteristics of the population, so the first principal 
component can be called the comprehensive population component. 

The contribution rate of the second principal component F2 is 18.971%, reflecting the comprehensive 
characteristics of the social economy, so the second principal component can be called a 
comprehensive economic component. 

The contribution rate of the third principal component F3 is 9.393%, reflecting the comprehensive 
characteristics of industrial manufacturing, so the third principal component can be called a 
comprehensive industrial component. 

The contribution rate of the fourth principal component F4 is 6.602%, reflecting the comprehensive 
characteristics of mineral demand, so the fourth principal component can be called comprehensive 
mineral composition. 
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The contribution rate of the fifth principal component F5 is 5.496%, reflecting the comprehensive 
characteristics of fossil fuels, so the fifth principal component can be called a comprehensive fuel 
component. 

The contribution rate of the sixth principal component F6 is 4.025%, which reflects the 
comprehensive characteristics of environmental conditions, so the sixth principal component can be 
called a comprehensive environmental component. 

4.2 TOPSIS Comprehensive Evaluation Method 

Step1: Raw data matrix forward normalization. 

The principal components obtained by the principal component method include benefit index and 
cost index. 

For benefit-type indicators, the following processing is used to forward the data. 

 

 
 

For cost-type indicators, first convert the data into benefit-type indicators, and then forward the data. 

 

Table 4. Principal components of countries 

country F1 F2 F3 F4 F5 F6 

Argentina 0.0288 0.107236 0.591794 0.139042 0.940874 0.074519 

China 1 0.138631 0 1 0.940179 0.331731 

France 0.042905 0.617438 0.606503 0.071525 0.385836 0.509615 

U.K 0.044312 0.625561 1 0.208962 0.873918 0.096154 

India 0.981607 0 0.25562 0.340966 0.751671 0.362981 

New Zealand 0 0.637292 0.335097 0.038535 0.568023 0.569712 

Russia 0.101285 0.131362 0.002536 0.138055 1 1 

America 0.232266 1 0.272761 0.082787 0.8789 0.610577 

Kenya 0.031162 0.001207 0.239493 0 0 0 

Spain 0.030031 0.409552 0.874074 0.180225 0.975063 0.670673 

 

As shown in the table, this paper exemplifies the data of 10 evaluation objects and 6 principal 
components. 

Step2: The normalization matrix is normalized and the index weight is determined by the entropy 
weight method 

The positive matrix of n evaluation objects and m evaluation indicators is as follows: 

 

                             (6) 
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The normalized matrix is Z, and the elements in Z are calculated as follows: 

 

                              (7) 

4.2.1 Indicator Weight Calculation 

Table 5. Entropy weight method 

item Information entropy value e Information utility value d Weights 

ZF1 0.602 0.398 0.336 

ZF6 0.871 0.129 0.109 

ZF2 0.805 0.195 0.164 

ZF5 0.94 0.06 0.051 

ZF3 0.845 0.155 0.13 

ZF4 0.751 0.249 0.21 

 

 
Fig. 3 Weight Map 

 

The above figure shows the pie chart of each principal component index, which visually shows the 
importance of each principal component. The weight calculation results of the entropy weight method 
show that the weight of the principal component F1 is 33.58%, the weight of the principal component 
F6 is 10.872%, the weight of the principal component F2 is 16.445%, the weight of the principal 
component F5 is 5.073%, and the weight of the principal component F3 is 5.073%. It is 13.048%, 
and the weight of the principal component F4 is 20.982%, of which the maximum index weight is the 
main component F1 (33.58%), that is, the comprehensive population component; the minimum value 
is the main component F5 (5.073%), that is, the comprehensive fuel component. 

Step3 Calculate the score and normalize. 

 

34%

11%

16%
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13%

21%
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                            (8) 

 

maximum value . 

minimum . 

The distance between the i-th evaluation object and the maximum value: 

 

                           (9) 

 

The distance between the i-th evaluation object and the minimum value: 

 

                        (10) 

 

Then the score of the i-th object is: 

 

                              (11) 

4.2.2 Calculation Results of TOPSIS Comprehensive Evaluation Method 

Table 6. National Comprehensive Score 

country Positive ideal solution 
distance (D+) 

Negative ideal solution 
distance (D-) 

Comprehensive score 
index 

so
rt 

Argentin
a 

0.614962 0.167087 0.213653 9 

China 0.340508 0.588733 0.633563 1 

France 0.571572 0.237358 0.293422 6 

U.K 0.547138 0.296364 0.35135 4 

India 0.430022 0.437754 0.504455 2 

new 
Zealand 

0.599735 0.221896 0.270068 8 

 Russian 0.597412 0.234456 0.281843 7 

America 0.519773 0.321952 0.382491 3 

Kenya 0.684075 0.053302 0.072286 10 

Spain 0.545635 0.280848 0.339811 5 
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Fig.4 Combined score for each country 

 

As shown in the chart above, Kenya scored the lowest and China the highest. Areas with large 
population bases and active economic activity scored higher. D+ and D- values, these two values 
represent the distance (Euclidean distance) between the evaluation object and the optimal or worst 
solution respectively. The actual meaning of these two values is that the distance between the 
evaluation object and the optimal or worst solution, the larger the value is The farther the distance, 
the greater the D+ value of the research object, the farther the distance from the optimal solution; the 
greater the D- value, the farther the distance from the worst solution. The most understood research 
object is that the smaller the D+ value, the larger the D- value. 

The comprehensive population component and comprehensive economic component have demand 
motives for mineral resources, and the comprehensive industrial component, comprehensive mineral 
component, comprehensive fuel component, and comprehensive environmental component are 
required to develop mineral resources, which affect global equity. 
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