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Study on XGBoost Improved Method Based on Genetic Algorithm and Random Forest
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Abstract Regression prediction is one of the important research directions in machine learning and has a broad application field.
In order to improve the accuracy of regression prediction,an improved XGBoost method (GA_XGBoost_RF) based on genetic al-
gorithm and random forest is proposed. Firstly, with the good search ability and flexibility of Genetic Algorithm (GA) ,the XG-
Boost Algorithm and Random Forest Algorithm (RF) parameters are optimized with the average score of cross-validation as the
objective function value,and the better parameter set is selected to establish GA_XGBoost and GA_RF models, respectively. Then
the variable weight combination of GA_XGBoost and GA_RF is performed. The mean square error between the predicted value
and the real value of the training set is used as the objective function,and the weight of the model is determined by genetic algo-
rithm. On UCI data sets and the results show that the XGBoost and Random Forest,GA_XGBoost, GA_RF algorithm compared
to GA_XGBoost_RF method in most of the data set is the fit of the mean square error (mse) and absolute error and are superior
to single model, the proposed method on fitting on different data sets improves by about 0. 01 % ~2.1% .is a kind of effective re-

gression forecast method.

Keywords Regression prediction, XGBoost, Combination prediction, Random forest, Genetic algorithm
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9T B AERE O B A AR SCEE T 24 UCT Sl
85 . UCT 04 FE J2 I M K 2% BR 3C 43 1 (University of Califor-
nialrvine) $& H 1Y FH T AL 2% 2% > 19 8098 5, UCT S0 46 2 — 14>
bR BG5S AR SR SR BT IR T B 5
095 Ay w0 8 s B8O A 1 B 4 eh R A P 2% 2
S5 Z 7RI sklearn 324, BIRAE ISR 1,58 2 77,

F 1 UCT $id 4

Table 1  UCI dataset
Serial number DateSet Sample size Feature size
01 Combined CyclePower Plant 9568 4
02 Computer Hardware 209 9
03 Parkinsons Telemonitoring 5875 20
04 Yacht Hydrodynamics 308 7
05 Residential Building 372 105

% 2 Boston house-prices B4 £

Table 2 Boston house-prices dataset
Serial number DataSet Sample size  Feature size
06 Bostonhouse-prices 506 13

4.2 KEWIFMIERR

A [l U5 F500 [ e, B FH 09 PE A 36 AR A 1 U 1R 22 (Mean
Squared Error, MSE) ., ¥ J5 #f 1% 22 (Root Mean Squared Er-
rors RMSE) 334 4 %} % 2% (Mean Absolute Error, MAE) | #t
7E & B (Coefficient of Determination, R*) , ¥F- 4 38 b5 1 HAK 2>
AW

MSF*—E(y, v, 10)
l m A 2
RMSE= /;E(y,-—y,) an
i=1
m A
MAF——E\y, il a2
i(y, Vi
RP=1—"t (13)
2 (yi— i)t
i=1

WAoo 5D AT E . RMSE= /MSE , Bi 4
FebR A — o I M, R A SCR A MSE, MAE, R* 9 3F i
6 s o 50 JIE AR T 1 A R
4,3 LIS

e AR Y&/ o a s =R T A = R f S
A SCHE B9 B 7 B GA_XGBoost_RF 5 2RIk 25019 XG-
Boost il Random Foerest 5 . B2 E S 2Z 50 GA_
XGBoost H. %1 GA_RF Bk ib 47 He e, 45 R sk 3 il

# 3 GA_XGBoost_RF J7 2 [0l U7 T B 4 52 56 25 S

Table 3 GA XGBoost RF method is used to compare experimental results
# A E 5T EAT XGBoost RF GA_XGBoost ~ GA_RF GA_XGBoost_RF
MSE 9.2415 10.5464 8.1321 9.7158 8.1069
01 MAE 2.2799 2.4204 2.1054 2.3369 2.1049
R? 0.9678 0.9633 0.9717 0.9662 0.9718
MSE 1119.8 869. 46 1003.9 856.91 831.29
02 MAE 24.069 22.036 24.068 21.354 21.144
R? 0.9235 0.9406 0.9314 0.9414 0.9432
MSE 0.132% 0.121% 0.115% 0.120% 0.114%
03 MAE 0.0266 0.0258 0.0253 0.0258 0.0251
R? 0.8477 0.8610 0.8673 0.8620 0.8693
MSE 0.4923 0.4522 0.4573 0.4073 0.2304
04 MAE 0.2927 0.3752 0.3521 0.3583 0.2950
R? 0.9975 0.9977 0.9977 0.9980 0.9988
MSE 40939 53479 41243 55810 40891
MAE 103. 49 130. 37 108. 10 129. 32 108. 87
R? 0.9733 0.9651 0.9731 0.9636 0.9733
05
MSE 748.39 676. 30 692.69 628.71 571.92
MAE 16.456 18.272 14.794 17.724 15.225
R? 0.9622 0.9658 0.9650 0.9682 0.9711
MSE 10. 014 9.1475 8.7936 8.6095 8.1909
06 MAE 2.1766 2.1160 2.0902 2.0533 1.9642
R? 0.8840 0.8940 0.8981 0.9002 0.9051
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cle Power Plant, Computer Hardware, Boston house-prices,
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HIES A 4 T AL 3 MM R A B, &
Yacht Hydrodynamics $04& 4 # , GA_XGBoost_RF J7 7 ¥
A B ) TR BE A BT AR B AR T T B0 A4 38 O
B2 G HAMS LA AR T T 17, 69% ~26. 19%, IF H H ik
ERK RPANH HAh 52 0. 08 % ~0. 13% 17 {8 A B [
AIRF- 2 2 b iR 22 AW, 5 HAQ ST 0 b W e I (A 22 0. 2306, TR
Residential Building 2 i 235 4 I . GA_XGBoost_RF 5 H

fly 4 FhO7EEAR L, 2 07 i 25 0 R? W 0 VE M 35 bR A B T BB
B A5 — W rh ¥ iR 22 89 T 48~ 14919, R* #2571
0~0.97 % ; FE5F — M 47 iR 2248 7+ T 56 ~176. 47, R”
T T 0.29%~0. 89 %6, {H £ ¥ 300 T Hp 2 oK AE 42 T 4 Xt R
25,5 HAW S 2 vh 0y S5 4F Al 4 3 A 22 5. 38,00 431, L IE
B, AR SCEE 19 GA_XGBoost_RFE J v ) FH 38t 4% 55 v 0 4% o
b B 4 T 5 B ML AR MRS IR EAT AL G L 5 R — O 3R A
FU AT LA 50 b B I 01 00 4 R

ESRIE b 0 0 a) B A S0k B XGBoost 551 I
RE 53 0 414 W0 o 2 oo 70000 A0 G B, o e ) A ok 4% B30k
Y B3 S0 68 01 . 10 8 XGBoost RF B 10 B S50 98 5 |
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