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Abstract: In order to solve the problems of insufficient training, overfitting, and poor interpretability of the traditional gradient boost-
ing tree method in identifying energy poverty, this paper designs a lightweight and interpretable gradient boosting tree for energy
poverty identification. First, the noise samples such as missing values and outliers in the original data are eliminated, and the sample
gradients after feature correlation analysis are sorted to realize the segmentation of internal nodes of the gradient boosting tree and to
achieve the lightweight of the model. Then, the feature binding technology is used to accelerate the training process. Second, the

model interpretation method is introduced to analyze the influencing factors to quantify the impact of different features on energy
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poverty identification, which enhances the interpretability of the model. Experimental results on a typical energy poverty identifica-
tion dataset show that compared with other methods [LR (Logistic Regression), KNN (K-Nearest Neighbor), SVM (Support Vector
Machine), RF (Random Forest), CART (Classification and Regression Tree), XGBoost (eXtreme Gradient Boosting), GradientBoost-

ing], the lightweight interpretable model proposed in this paper achieves an AUC (Area Under Curve) value of 99.61%, showing an

improvement of 0.2% to 17.8%, and thus shows a more obvious advantage.
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Fig. 1 Schematic diagram of energy poverty identification and feature analysis model
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Table 1 Descriptive statistics of various feature values for energy poverty
e Y count mean std min max
x1 X 13468 10.75 1.00 0.00 14.52
X2 BRI 13468 3.55 1.91 1.00 21.00
x3 P CINELT N 13468 22 598.02 31197.42 0.00 1012 500.00
x4 FREAENF S 13468 25317.32 35 148.96 0.00 1614 900.00
x5 BACHLEL 13468 1.21 6.02 0.00 77.00
x6 PR 13468 0.83 0.38 0.00 1.00
X7 AT 13468 22.53 67.32 0.00 3000.00
x8 i 13468 0.76 0.42 0.00 1.00
x9 TS Oy 13 468 0.36 0.48 0.00 18.00
x10 A S5 13468 0.05 0.08 0.00 3.00
x11 A3 FH S 13468 0.10 0.34 0.00 18.15
x12 A3 A S A 13468 0.09 0.14 0.00 7.10
x13 SCHUIR SRS R 13 467 0.09 0.18 0.00 7.00
x14 By 7 f S 8 13468 0.11 0.27 0.00 18.00
x15 D3 3R Byt 13468 0.14 0.33 0.00 12.59
x16 HoAth S R 13468 0.02 0.05 0.00 2.02
x17 HL 2 345 13468 0.03 0.05 0.00 3.00
x18 RSB 13468 0.03 0.07 0.00 4.26
x19 TR 2% 53450 13468 0.01 0.02 0.00 0.80
x20 AR 13 468 50.08 15.37 11.00 95.00
x21 P51 13 468 0.53 0.50 0.00 1.00
x22 Wz 13 242 0.52 0.50 0.00 1.00
x23 TAERM 13 266 0.75 0.43 0.00 1.00
x24 i 13174 0.82 0.38 0.00 1.00
x25 fEERRER L 13 382 0.68 0.47 0.00 1.00
x26 ZHEKF 13456 1.96 1.03 1.00 4.00
yO BUE T REIR AT AE 2 13 227 949.82 1064.01 0.00 30 000.00
yl FNARL BRI AT 9% 13 468 0.52 0.50 0.00 1.00
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Fig. 2 Box plot of the correlation between feature values and per capita energy consumption
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Table 2 p-values of features
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Table 3 Optimal parameters and default values of model
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feature f_classif p value SR RIAME  SHORME SR L
X2 6.1305 0.0000 learning _rate 0.1 0.3 SRR
x19 5.718 4 0.000 0 n_estimators 100 200 AP AL
x18 2.699 7 0.0000 max_depth ~ —1 3 S NI SN e
x4 2.245 8 0.000 0 Subsample 1 1 BERLIAE I EPERYREA L A1
x1 2.099 3 0.000 0
1 50771 0.0000 200 | B 5 B e K2 B 3, Bl AL 4k RE B B Y
X7 2.0659 0.000 0 FEAS L] S 1 B, e i T AR R 3 47 P RE S o
x26 1.8592 0.0000 B R Lk B e L
X22 1.8145 0.000 0 03 EEE TSR
x24 1.6252 0.000 0
10 L5749 0.0000 B A& X Jr ¥ LightGBM (Light Gradient
<17 15146 0.000 0 Boosting Machine ) 5 LR (i # [F] 4 , Logistic Re-
x3 14513 0.0000 gression) ") | KNN'*#' [/ SVM' "' | RF (Random
x16 14477 0.0000 Forest) '*" | CART (Classification and Regression
x4 14zo1 00000 Tree)'®)  XGBoost' #' | Gradient Boosting"*' 4§ 7
x23 1.3104 0.000 0
%20 12325 0.0000 BB X B (PR IL 3R 5) , 2R A 10 37 28 50 0F
X8 1.1607 0.000 0 7k AT R RE VR AL o B ER 5 AT, BRSO
X6 1.1318 0.0003 A L AE fit_time F1 score_time £E 3% A9 B (8] A4
= Rl e K LR 9 15 0 8 0828 XGBoost X 2%

0.001 2, HAH & T Ho A B R, ofiE g R 4R v 1
1.13%~32.09% , recall 4 = 1 0.25%~32.08% ,
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T8 R b 35 5 T H A B DA, AR SR A A



1196 PR AE2A4R (FARBEARR) 47(6) 2024
Rd4 BARUPAARLER
Table 4 Parameter values and results of model
learning_rate/n_estimators/max_depth/Subsample fit_time score_time  accuracy precision recall F1 rOC_auc
0.1/100/—1/1(¥RIN) 0.1059 0.008 8 0.9723 0.9704 0.9763 0.9733  0.996 2
0.3/200/3/1( SHURAAE) 0.1104 0.007 3 0.9730 0.970 6 09774 0.9740  0.996 2
0.2/200/3/1 0.0810 0.009 1 0.973 1 0.9747 0.9733 0.9740 0.9951
0.1/200/3/1 0.076 5 0.009 2 0.969 0 0.9717 0.9683 0.9700  0.9945
0.3/100/3/1 0.046 8 0.008 2 0.9707 0.9714 0.9720 0.9717  0.9949
0.2/100/1/1 0.028 2 0.007 7 0.910 2 0.894 0 0.9375 09152 0.9710
0.3/200/2/1 0.0554 0.008 4 0.9721 0.9747 09712 0.9730  0.9945
0.3/200/1/1 0.078 4 0.009 0 0.969 0 0.9717 0.9683 0.9700  0.9945
0.3/200/3/0.5 0.077 6 0.009 3 0.9725 0.974 5 09722 09733 0.9951
R5 B REBA M (%)
Table 5 Comparison of performance across different models (%)
p8itl fit_time v score_time ¥ accuracy A precision 4 recall 4 F14 roc_auc A
LightGBM 0.110439 0.007 28 0.972 974 0.970 624 0.977 389 0.973 983 0.996 162
LR 0.073 601 0.004 79 0.742 429 0.756 304 0.753 305 0.751 248 0.825471
KNN 0.043 193 0.306 021 0.651 992 0.669 054 0.656 609 0.660 252 0.705 026
SVM 4.088 170 0.549 008 0.716 738 0.728 642 0.734 052 0.727 392 0.802 28
RF 1.524 530 0.047 778 0.931 989 0.932 306 0.940 805 0.935 327 0.986 293
CART 0.081 941 0.004 195 0.928 126 0.934 709 0.926 149 0.930 094 0.928 194
GradientBoosting 2.824 351 0.008 286 0.961 688 0.959 008 0.967 333 0.963 133 0.992 494
XGBoost 0.432 263 0.007 779 0.972 38 0.971 806 0.974 904 0.973 342 0.995 945
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