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Fz 1 45{EERY Pearson RET(H1H)
Table 1 Pearson coefficient between features ( value)
K G L PN ST AL RRAE A R4 EL LT RREAR AL Jifa 55 [ SR AR 4L
Hriok b 1. 000 0. 052 0. 435 0. 080 0. 441 0.711
NIkt T AR 0. 052 1. 000 0. 106 0. 056 0. 034 0. 160
AR AR 0.435 0. 106 1. 000 0.172 0.179 0.516
AU KRS 5 £ 0. 080 0. 056 0.172 1.000 -0.240 0. 121
Z TR AR S 0.441 0. 034 0.179 -0.240 1. 000 0. 506
FEEIEE S50 0.711 0. 160 0.516 0. 121 0. 506 1. 000
R 2 HAEERY Pearson RE(HER)
Table 2 Pearson coefficient between features ( rank)
HAbK 5 L N T AR AR SRR EL G PR AL Jifi 55 I R AR 4L
Bk & e 1. 000 -0.022 0. 822 -0. 104 0.619 0. 838
NF B i AR -0.220 1. 000 -0.045 0. 081 0.211 0. 061
TR HE 0. 822 -0. 045 1..000 -0.122 0.511 0.794
A XS TE 5L -0. 100 0. 081 -0. 122 1. 000 0.281 -0. 105
ZU AR S 0.619 0.211 0.511 0.281 1. 000 0. 560
M 55 [ 45 5% 0. 838 0.061 0.79%4 -0. 105 0. 560 1. 000
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Fig.2  Comparison of Pearson coefficient heat maps of countries for different continents
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Table 3 Comparison of classification prediction
results of different models
iR WA OREE dblE FI{H
YR (ID-3) 0.8858 0.8927  0.8858 0.887 2
BEHL AR 0.9312 0.9335 0.9317 0.932 4
BEEHLTH (GBDT)  0.9054  0.9116  0.909 9 0.9107
2T (XGBoost)  0.9115  0.9148  0.913 4 0.913 8
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Table 4 Comparison of new rankings with FSI rankings
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Fig. 4 Comparison of new indicator rankings with FSI rankings
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Data-driven analysis of the correlation between climate
change and regional economic growth

XING Jiabao'> HUANG Xiaomin'> CAO Yang' LUO Liao' LIAO Hao'?
1 CETC Big Data Research Institute Co.,Ltd,Guiyang 550022
2 School of Computer and Software , Shenzhen University, Shenzhen 518060

Abstract Regional economic development not only impacts regional politicization and economic construction but
also improves national comprehensive competitiveness. How to predict the relationship between regional stability and
economic development is an important problem. Accurately and quantitatively explaining development trends by
using historical regional economic development data to analyze future development of the region can be difficult ow-
ing to the complexity of economic development.The goal of this work is to explore the dynamic,complex,and inter-
active process of the conflict caused by environmental change and analyze the potential correlation between environ-
mental change and economic growth by regarding regional stability as a measure of the relationship between environ-
mental change and economic growth.The main aspects of this work are as follows: 1) Using the Fitness and Complex-
ity algorithm achieves better performance in predicting national GDP growth.By applying machine learning models,
we can predict stability categories of different countries with a prediction accuracy of 90%.2) We perform a correla-
tion visualization analysis of data-based environmental change and regional economic growth.We find that some de-
veloping countries have strong economic stability associated with water resources and carbon dioxide emissions,
whereas the economic stability of developed countries is associated with per capita arable land.3) We propose new
indicators. Compared with the current mainstream indicators , the new indicators are more focused on quantification of
raw data,reducing the impact of conceptual abstraction indicators on forecast performance ,which makes them more
responsive to assessing a country’s stabilization. Through actual forecasting effect analysis,the new ranking compen-
sates for the prediction distortion defects caused by the abstract indicators in the world mainstream ranking when
measuring regional stability and can satisfy the basic regional stability prediction function.Moreover,it may help us
to better understand the prediction results with factor explanation.

Key words data analysis; machine learning;feature engineering;economic complexity



