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An Explainable Model for Identification and Early Warning of Relative Poverty

SHI Ying, DING Tiangi, QI Xiaobo', QI Hui
(College of Computer Science and Technology, Taiyuan Normal University, Jinzhong 030619, China)

Abstract: The necessary conditions for long-term governance of relative poverty are to build a relative poor population identification
system and a monitoring and early warning mechanism, as well as to enhance the pertinence and effectiveness of the monitoring and
early warning mechanism. Due to the relatively limited theoretical and algorithmic research on relative poverty identification, in this
paper, we propose an explainable model for identification and early warning of relative poverty, i.e. IEWRP model. This model takes
the data of China Household Tracking Questionnaire (CFPS2018) from 2018 to 2020 as the research object, and uses technique of
variance analysis to select features from the original data set. Then, the IEWRP model is constructed by gradient boosting, and com-
pared with machine learning algorithms such as CART (Classification and Regression Tree), XGBoost and LightGBM. Finally, an in-
terpretability analysis is conducted on the the necessity and importance of relevant features that affect relative poverty recognition
with the shapley additive explanation model, identifying the main features that affect relative poverty recognition. Experimental re-
sults show that the prediction accuracy, precision, recall rate, /1 value and AUC (Area Under Curve) value of IEWRP model are
89.4%, 90.6%, 95.3%, 92.9% and 0.95, respectively. The accuracy, precision, F'1 value and AUC value are increased by 0.15%,
0.28%, 0.09% and 0.23%, respectively.
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Table 1 Descriptive statistics of relative poverty data
AR =X count mean std min 0.25 0.50 0.75 max
x1 WAEEH 13056 1.00 0.04 0.0 1.0 1.0 1.0 1.0
x2 ILEHT 13056 0.99 0.12 0.0 1.0 1.0 1.0 1.0
x3 N 13056 2.83 1.22 1.0 2.0 3.0 3.0 5.0
x4 Lz g e 13056 3.51 1.01 1.0 4.0 4.0 4.0 4.0
x5 Lg% 13056 0.89 0.32 0.0 1.0 1.0 1.0 1.0
x6 PRI 13056 3.42 1.72 1.0 2.0 4.0 4.0 6.0
X7 BAR K 13056 2.74 0.59 1.0 3.0 3.0 3.0 4.0
x8 153 13056 2.59 0.79 1.0 3.0 3.0 3.0 3.0
X9 e 13056 47613.81  117127.11 0.0 3.20X 10° 1.00X10*  4.38X10*  5.00X10°
x10 GRITPN 13056 64754.79 80 149.61 0.0 2.00X 10* 479%10°  8.00X10°  2.00X10°
y0 STRURSEBRAE A 13056 24273.32  32475.22 0.0 7.50X 10° 1.50X10*  3.00X<10*  8.00X10°
yl ZM I SEBRAEIA 13 056 0.72 0.45 0.0 0.0 1.0 1.0 1.0
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Fig. 2 Distribution map of Household disposable income per capita
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Fig. 3 Box plot of correlation between partial characteristics and annual income per capita
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Table 2 p-values for each feature of relative poverty data

A AR A iR pIH
x1 WAHEH 0.1372
X2 JLEHH 0.000 6
x3 ION 255 0.000 0
x4 JLzE (g 0.000 0
x5 P DR 0.727 5
x6 IR 0.000 0
X7 BAIRK 0.000 0
x8 iP5 0.000 0
x9 o 0.000 0
x10 GRIUN 0.000 0
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Table 3 Confounding matrix of relative poverty classification

results
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Table 4 Gradient Boosting optimal parameters
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Table 5 Performance comparison among models (%)

T accuracy precision recall < F1  AUC

LR 79.69 81.19  93.78 86.99 87.04

KNN 85.67 88.38  92.32 90.30 88.92

SVM 77.58 80.03  92.14 85.58 87.54

RF 87.95 90.65  92.92 91.76 93.67

CART 85.09 90.15  89.12 89.62 82.43
XGBoost 89.17 90.55  94.93 92.69 95.10
LightGBM 89.33 90.36 9543 92.82 95.35
Gradient Boosting 89.48 90.64 9531 9291 95.58
PGradient Boosting ~ 89.63 89.95  96.44 93.08 95.58
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Fig. 5 ROC curve comparison among algorithms
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Fig. 7 An analysis of the importance of influencing the char-
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