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Abstract

Amid the rapid urban modernization and housing commercialization in China, the rental market
has witnessed increasing popularity. However, rent pricing largely relies on landlords’ subjective
judgments, leading to information asymmetry and resource wastage. Scientific pricing analysis and
prediction emerge as effective approaches to addressing the healthy development of the rental mar-
ket. Based on this background, this paper employs machine learning algorithms to conduct an
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analysis of influencing factors and predictive research on housing rents in multiple districts of
Chengdu. Firstly, a dataset with rich features was constructed, followed by data preprocessing and
feature engineering. Subsequently, three rent prediction models based on Random Forest, XGBoost,
and BP Neural Network algorithms were established, respectively, and the model parameters were
optimized using a grid search method. Finally, multiple evaluation metrics were adopted to assess
the predictive performance of the models. The results indicate that house area, administrative dis-
trict, orientation, and rental method are key factors influencing rent. The XGBoost prediction model
performs best in rent prediction, with smaller errors and stronger generalization ability.
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Figure 1. Flowchart of random forest algorithm
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Figure 2. Flowchart of XGBoost algorithm
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Figure 3. Flowchart of BP neural network algorithm
3. BP MEM K E L RIZE

\

Ho

XGBoost 532 (%0 BARFE T IR K 2 — ZR B HE 5 ) DR S (B EE SR T, IF BLRT— BRAR R0 45510

DOI: 10.12677/csa.2025.153066 141 HEHUR 5 R


https://doi.org/10.12677/csa.2025.153066

T Bk

SEREAN WAL AR 2 i B4, DAMORARTH I PE RE o IX A BEEIR THESRAE & 1 2485957 2] S (PR AN K /)
B, A A TN S Bl 2 R 2RI A &I R A% . XGBoost HERAZ AN 2 Fror .

2.3. BP HEZ MK E %

BP 14 2 S (1A% O BARAE Tl I A — > 2 R AT W 2%, R B A 3 gk I 250X A
W2, CLSEED N B O AER T o 25k AL AE T3 K R AR RV BE 0 A B 2 ST RE D), A
Wi B 28 S5, W48 BE G 1 P 25 A\ K o 0 R S URIRHAE, IR HR B EEAT HERR I T30 . BP e k2%
SERARINE 3 PR .

3. EEHEETUNER
3.1. DHRE

ARSAT B AL T 0 iR A T

D) EREHENRE . BUCHE SRMETRE. %, RAMBICREAR, TCHUEALE b5 Wk 4K Bl
IR 28 5 $udle S s AR RAG R, AR D AL i 8 A DR R LN ARAIE - RIS 452 0 B i R i
AT b AL o AR DL BE S, S A B AR R S SR B AT TRAR B A, il et S
WAEREAT AR . WO RAEHEAT IS . ARHEREAT AR e A TR SE, DL CR A IR PR A S8 B s A
X ECAR SR REATRRAE TARE,  DASRTISR (157 >) 20 AN FU0 VR f

2) AL MG AL AL T BEHLARM . XGBoost LL & BP #4125 = Fil 4352 > 5
IR D A B TR, IR AR A R IR Y S RO AT L, B S e 220 TR B S B I R AR AR
BEAT AR M

3) AL ML AR (iR LB SR 480 15 70 LR ZZE(MAPE) U5 IR Z2(RMSE) LK 3
FEROMEBVEANARAE, X7 (1 = A A e A ) 1 RE HEAT 45 B PP, e S R AT doe DL 00 1ok
RE 3 5 HHL G TRMAR 2

3.2. BUEHAR
3.2.1. HiERE

ARSCEF AR 7 A IR AT S5 L AT TT, BRI KT R s e, 3
R1F 19,887 45HEAR . FEEFEAM S 26 MHE, BRI 1 fiw.

Table 1. Sample characteristics and explanation
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Figure 4. Monthly rent distribution
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Table 2. Proportion of missing features in the dataset
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Figure 5. Distribution of sample size corresponding to some features
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Figure 6. Kernel density plot for monthly rent
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Figure 7. Kernel density plot of monthly rent after logarithmic transformation
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Figure 8. Splitting the dataset into two Gaussian-distributed datasets using a Gaussian mixture model
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Table 4. Selected features and mutual information values

F 4. RiFEENFIERREESE

R4 FR HAZEMH
[IiEA 0.4256
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PR G 0.1136
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TR A 0.1120
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HZE & 0.1001

M 4 AIAL B RIEAR . FTAEATEX I, 5 DR AR AL e R B R 2, IR R E L A vk
TG, TR M 7 HES %,
3.3. ERR

ARSCR B0 11 73 HE AR 22 (MAPE) 317 R Z2(RMSE) LA 1 5E 28 Hi(R?) R E5 6 B B TN AR A 14
PERE

1) MAPE Jel 7R FNMAE 5 OB 2 [ P 2R RTHR 22 K0, tH R G) s

DOI: 10.12677/csa.2025.153066 147 THEAURF 5 R


https://doi.org/10.12677/csa.2025.153066

T Bk

MAPE:l S ﬂ (3)
mi—o| Y;
A,y AFESE, P OATIE, m AR SEE.
2) RMSE J it 7 #5 A e 5 L9l 2 (A i) 2 F2 B, tH (4 s
RMSE=-$§X%-&J2 “)
X,y NESHE, 5 oATIME, m AREARSEE
3) R? e B 1 A B AR 5 S S 2 (R AR OGRS, tHE (S s .
Re o 2mlBi=r), 5)

-3y
b,y WESEE, VBN, 3 OSRR ISR TAIE, m RO,
3.4. HBEYT

Table 5. Optimal parameter combination for random forest algorithm
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SHATK SHIE
n_estimators 1000
max_depth 26

min_samples_leaf 2
min_samples_split 2
max_feature ‘auto’

Table 6. Optimal parameter combination for XGBoost algorithm
# 6. XGBoost EiARIMSHES

SHATK SHIE
n_estimators 900
max_depth 8
min_child_weight 1
gamma 0.4
subsample 1
colsample bytree 1
reg lambda 1
reg_alpha 69
leanring_rate 0.3
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Table 7. Comparison of performance of three rent prediction models based on different algorithms

#= 7. ETAEEEN =M S HUNREMERERTEE

RMSE MAPE R2
i ke 1 0.1141 2.2213 0.7654
BEATL AR IR 2 -
AR 2 0.0956 1.9568 0.9568
i AL 1 0.0958 0.5478 0.8864
XGBoost 5.7 o
a4 2 0.0356 0.7568 0.9963
_ i MR 1 0.1145 2.5684 0.7102
BP 145 28 Bk o
a4 2 0.0859 1.8759 0.7256
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