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Evolutionary CatBoost Based Housing Price Prediction Model

WANG Chengzhang' , BAI Xiaoming® , TANG Wenying' and CHEN Shuhan'

1 School of Statistics and Mathematics,Central University of Finance and Economics, Beijing 100081, China

2 School of Management and Engineering, Capital University of Economics and Business, Beijing 100070, China
Abstract Genetic programming algorithm uses function transformation to map the space formed by the original variables to a
new feature space,and optimizes the objective function through genetic operator operations. There are many factors that affect
housing price fluctuations,and each influencing factor exhibits a complex nonlinear relationship with housing prices. This paper
proposes an evolutionary CatBoost algorithm based housing price prediction model. Various factor variables that affect housing
price fluctuations are encoded as terminal variables of the genetic programming algorithm. CatBoost algorithm is employed as the
base learner to construct a fitness function,and reasonable genetic operators are designed according to the characteristics of hou-
sing price prediction. The objective function is optimized in the feature space after function mapping to improve the performance
of the prediction model. Experimental results show that the prediction performance of evolutionary CatBoost algorithm based
housing price prediction model is superior to that of traditional prediction models based on random forest algorithm,support vec-
tor machine algorithm., adaptive enhancement algorithm. extreme gradient enhancement algorithm, etc. It can predict housing

prices more accurately than the rivals under the same conditions.

Keywords Genetic programming,CatBoost algorithm, Prediction model, Decision tree, Optimization
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P05 D o B 9 AR M . BTN DUFE AR OC AR AR AT 3
1 17 1 HL (Support Vector Machine, SVM) & 7190 de 56 it
Bk B LR AR B 25 (Random Forest, RF)™1 Fh 2 0L it
7 (Naive Bayesian, NB) % ¥ & B i [ 3 58 ( Adaptive Boos-
ting» AdaBoost) & 0 | 1 B BB B 32 Tt (eXtreme Gradient
Boosting, XGBoost) 5 &7 1l % ok 5 4 . @l & it 4% 5% 1k
(Genetic Algorithm,GA) 1 3 £ 7] & HL (SVM) # i GSVM
P OO ASE #0000 52 6 58 B SR B DL AR 2% ST BOL 7T DL I 4R
s A T 19 R B

AN TR T B A W52 7 i 06 4o AiF 23 6] AL AL 2% 2 > Sk, a8t
f& 3% ( Genetic Programming, GP)Y" 5 i 18 14 4 15 F1 15t 1%
B A AR AT R B A B FR R AR a5 AR A S ]
SFE BB YRR A 25 ], (45 H AR eR 00 BT 1 RRAE 25 R 1 3k 3
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Table 1 Variable descriptions
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, Xy =+ ,sin,cos, " 2, max, min,sqrt,---}

X ={x1,x2+°* 2,575, rand ,**+}
Ho,rand FoRBEPLAE BUIK . TR 8L BRI B0k b, FhORE
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Fig. 1 Individual representation in genetic programming
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25 2] LR AL T Ak CatBoost 3 ¥ (Evolutionary CatBoost.
ECatboost) 1 5 i Fil il #5524
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Fig. 2 Parent individual of crossover operation
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Fig. 3 Offspring individual of crossover operation
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Fig. 4 Parent individual of mutation operation
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Fig.5 Offspring individual of mutation operation
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4. While g<gmux do # EEH

5. fori=1,-,L do

6 ifi%2=1 & rand()<{p. then # 3 X
7. {@isgi+1}<crossover(is@i+1)
8 if rand()<{py, then # 7E5

9 ¢i<-mutation(¢;)

10. for g€ P do

11. f, = cross validation(¢)

12.  P'<—selection(P) # PR

13. A<-update(A,P)

14, P<Pg<g+l

15. return A
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KEIT 0.97, 1k SVM Bk & T 14. 1 A H 4 8. ECat-
Boost 58 ¥ 1Y i 0 R B A0 )2 e 5 1Y, 3 O R R 22 MSE b
0.01, Lk SVM Bk MSE BEAL T 5. 4 4~ H 43 & ; ECatBoost
BIE M B 4 X5 1% 2% MAE O 0. 077, b SVM BT
10. 7 N E 5

5 [ U 0 Gt B S R R S B I 0 AR 4
B SEIR SR 45 A 3 Ak 4 Figl .
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Table 2 Comparison of predictive performance on Chinese

housing price datasets

H& R? MSE MAE
AdaBoost 0. 884 0.046 0.167
CatBoost 0. 946 0.022 0.114

DART 0.882 0. 048 0.163
ET 0.922 0.031 0.126
GBDT 0. 888 0. 045 0.162
LightGBM 0.891 0. 044 0.156
RF 0.921 0.032 0.131

SVM 0.839 0. 064 0.184
XGBoost 0. 946 0.022 0.108
ECatBoost 0.970 0.010 0.077

F 3 b5 B AR bR T P R LA
Table 3 Comparison of predictive performance on Boston

housing price datasets

H R? MSE MAE
AdaBoost 0. 760 19.131 2.875
CatBoost 0. 831 13.314 2.456

DART 0.778 18.003 2.739
ET 0.848 12.073 2,220
GBDT 0.795 16. 374 2.806
LightGBM 0. 789 17.072 2.647

RF 0. 810 15.166 2.416

SVM 0.630 31.919 3.396
XGBoost 0.808 15. 246 2.367
ECatBoost 0.928 6.053 1.660

24 YRS L 5 OB 4R L T R LA
Table 4 Comparison of predictive performance on extended Boston

housing price datasets

5% R? MSE MAE
AdaBoost 0.766 18.703 2.908
CatBoost 0.822 14.563 2.392

DART 0.784 17.555 2.641
ET 0.857 11.387 2.085
GBDT 0.801 15.841 2.723
LightGBM 0.796 16.598 2. 544
RF 0.816 14.614 2.286

SVM 0.618 32.998 3.419
XGBoost 0.814 14.918 2.314
ECatBoost 0.935 5.464 1.638
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DATE B 45 S (4 R AE 255 18] b 0 — 25 1 50 R 1 00 o 44

LEWIE ARSI T — A0 B A9 2 T Ak CatBoost 53
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B 388 1 5 T TR G 14 A5 k2 [0) e S S8 (9 R AE 43 8], 2R
12 AL g 7 T A L U BB TE A A9 Catboost 5k fE N HE 2% 5
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SVM,DART . XGBoost, LightGBM, Catboost, ECatBoost il
DUASE D G S 05 T A0 T A A R A

H fif ECatBoost T3l 45 (1% 512 80 i L J2 Bk T B 42 2 114 48
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