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3 2006 2010 (%)
2006 2010
63.3 65.9 66.6 63.6 61.8 65.3
68. 1 71.2 70.5 68.5 68.2 69. 1
45.6 56.6 53.8 46.7 57.6 56.4
43.0 47.5 45.7 42.8 40.4 42.3
7.5 8.4 7.8 7.6 7.7 8.4
18.0 17.1 17.8 17.9 14.5 15.4
33.2 36.0 34.9 31.0 32.6 32.1
79. 1 84.5 83. 1 74.2 81.0 79.2
10.5 13.0 11.3 9.9 1.9 10.6
58.5 73.4 66. 1 55.4 75.8 66.2
97.8 98.6 98.5 97.8 98.6 98.5
2010
2006  63.3% 68. 1%
15 45. 6%
43% 7.5% 18%
33.2% 0.4 79. 1%
10. 5% )
58.5% 97. 8%
2006
40% N N N
o 2006
958
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o 2006  66.1%
73.4%
- 2006
79. 1%
84.5% 83.1% 2010 74. 2%
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5 2006 2010 .
N ) 2010
21.5% 85.0%
2010
4 2010 (%)
1 32.2 69.0 14. 1 0.0 63.2 99. 1 98.7 91.1 75. 4 84.1 10. 1 31.5
2 31.8 25.5 0.0 100. 0 50. 8 98.9 86.0 85.4 76 76.2 13.8 15.9
3 31.9 51.9 11.0 2.4 86.7 99.0 0.0 85.0 23.2 78.3 10.0 28.2
4 32.6 16.0 2.3 7.9 52.5 96. 5 28.9 11.4 94.7 73.2 11.7 11.0
5 31.9 12.7 5.5 3.4 75.6 98.2 79.2 46.2 0.0 77.6 9.2 13.4
32.1 42.3 8.4 15.4 66. 2 98.5 65.3 69. 1 56. 4 79.2 10. 6 100. 0
2010 o 2300 19 001
5 2006 2010 ( %)
()
1 37.1 100 14.7 9.3 59.1 98.4 64. 4 68.5 47.2 79.3 10. 4 22 926
1 29.1 22.1 0.0 100 58.5 98. 4 63.1 68. 1 45.6 79. 4 10.3 9585
1 35.6 84.9 100 0.0 60. 4 98.3 64.8 69.5 44.9 78.6 10.2 3980
2 30.8 100 15.0 9.0 61.6 99. 1 72.5 72.9 42.2 77.8 8.9 22 680
2 30. 1 21.5 0.0 100 38.4 98. 4 68. 8 75.2 58.7 69.9 12.5 9501
2 31.5 85.0 100 0.0 75. 4 99.5 66. 5 77.0 28.5 76.6 11.3 4 000

01 2006 2 2010 o
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6 2010 : %)
31.7 100 19.7 0.0 64.4 98.2 87.0 64.3 85.9 9.5 59.3
32.0 100 0.0 100 55.7 99.1 86.8 70.4 76.5 13.1 7.9
31.0 100 16. 6 16. 1 83.6 0.0 71.0 15.5 76.6 8.0 21.7
33.3 100 11.8 84.4 63.9 11.4 0.0 100 71.3 12.9 5.9
29.9 100 18.7 2.7 72.1 100 0.0 0.0 83.5 9.7 5.1
31.6 100 16.9 84.5 68.3 71.9 73.9 53.0 82.2 9.6 100
31.8 25.5 0.0 100 50.8 86.0 85.4 76.0 76.2 13.8 85.4
25.6 34.1 0.0 100 89.0 0.0 92.7 0.0 78.0 22.0 2.8
32.3 1.7 0.0 100 40.0 0.0 0.0 91.9 77.4 12. 8 8.1
34.5 10.0 0.0 100 100 49.1 0.0 0.0 75.5 19.1 3.8
31.8 23.2 0.0 100 52.9 75.3 75.5 72.2 76.3 14.2 100
32.3 96. 6 100 0.0 75.6 98.4 91.5 54.0 86.8 8.9 61.0
33.4 77.9 100 0.0 77.4 0.0 73.3 13.2 73.9 15.9 23.3
27.5 81.2 100 0.0 55.1 5.8 0.0 92.8 63.8 21.7 4.3
38.5 43.0 100 0.0 94. 4 82.7 35.8 0.0 73.7 12.3 11.3
33.0 85.5 100 0.0 77.2 69. 6 77.0 40. 1 81.3 11.5 100
4 N N
7 2010
1 1.3 0.0 1. .5 9.8 4.3 24.5
2 7.8 2.5 2.0 .9 5.0 4.5 25.7
3 5.5 0.9 0.0 .9 9.0 4.5 21.8
4 3.2 0.6 0.8 .5 1.3 4.2 11.6
5 4.7 1.5 1.6 .6 3.1 3.0 16.4
22.5 5.5 5.8 .4 28.2 20.5 100.0
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- 25.5 13.7 1.7 54.7 9.7 3.5 6.5

12.1 100.0 12.1 36.5 100.0 36.5 100. 0

111 35511
9 2010

1 1.4 1.8 83.0 74.7 32.2 3.8 9.8 33.3 68.5 33.2 26.4
2 42.7 0.0 4.1 0.0 11.8 17.5 66. 0 28.0 0.0 43.5 0.0
3 16. 6 77.8 4.6 9.3 4.0 8.9 5.4 4.0 2.8 5.1 27.6
4 33.4 1.6 2.8 6.6 11.4 13.1 16.9 16. 4 13.6 12.0 19.5
5 5.9 18.8 5.6 9.4 40.6 56.7 1.9 18.3 15.2 6.2 26.5
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Clustering Analysis of the Rural Poverty Population and
Poverty Reduction Strategies

Wang Yu Wang Sangui

Abstract Using the method of K-means clustering this paper makes the classification poverty population in rural China
and thus the analysis of structure of poverty types in areas of special types of poverty and in contiguous poverty areas. The
outcomes show that the targeted poor are disproportionately distributed among regions and the features of different types and
their regional distribution can be treated as sources of income inequality especially the poverty levels. In particular poverty
characteristics are more notable and the poverty is lager in population in ethnic minority areas than those in old revolutionary
base areas and border regions which implicates that further research is required to explore the hiding mechanism causing
poverty in ethnic minority areas so as to put forward poverty alleviation and development measures accommodating to local
condition. Also the leading poverty type is different among contiguous poverty-stricken areas so that targeted policies are
needed. Though clustering is mainly deemed as exploratory analysis the clustering of rural poverty population still helps to
make classifications and definitions of various types of poverty and the internal structure and regional distribution of these
poverty types which can contribute to further statistical inferences and causal analysis.

Key words Rural poverty population; K-means clustering; Special types of poverty; Contiguous poverty-stricken areas;

Geographical distribution



