559 & 3 4 ]

2026 4F

B dk i BT Vol. 59 No. 4

(14248 1) NORTHWESTERN GEOLOGY 2026(Sum?248)

BI3cAg I 2R, TR, TR AE, S SETHLAS % 2 Bk TabPFN 1918 3 5 & PR P4 B mT A e 1 2 A (], VO 6 M o,
2026, 59(4): 144—154. DOI: 10.12401/j.nwg.2026007

Citation: LI Chen, ZHANG Zhiran, ZHANG Shaohua, et al. Landslide Susceptibility Assessment with TabPFN under Limit-
ed Sample Scenarios and Its Interpretability Analysis[J]. Northwestern Geology, 2026, 59(4): 144—154. DOI: 10.12401/j.nwg.

2026007

HEFHMEEZFIE L TabPFN MBIk 5 £ HIEN &
A] R TR A

BB RERD RYET REHT ARR AER

(1. PO AR Bk Bl 5 TR b, BEPE PE42 710065; 2. T8 4247 1 K 2 B 75 45 W A< i ik b it 2% 1 Se i 28,
BEPE PE4E 7100655 3. IS 0% I AT 6 b K 4 B ER DU B PG 48 7 R S SC IR E, BRPE Fi%E 710065
4, E R RS WL, BEPE PEE 710054)

W OERERHARINASTLUERREGHEALA TR E L A2 E R AR £ AR L2k
NBEAEGR, LERBEAEAHRR L LGOE TR AR, TabPENALE 5 I A LA %8 5 F
HARZAKES, ARMERERERRBETERL, AFRARLTAMAR, 24 LR
W R ME KL EMRALETDEFAELE LR EFNEA T HERR S A BEAFRLZ, AT
TIOA T LB S, EEBEE I km R R A RETERRER, MEEAAEKRD ]
o) T T RCHESE . MR Ah b 5] N TabPFN A2 &) JF & /B 3k 5 & b @ AL, 5t 4 & SHAP 7 ik AL A
GLRBITTHREREIMN ., EREAW, 5 ALK A 4L, TabPFN £ /£ 5 F (0.903) . 45 5 F (0.965) .
B e %(0.841)  F114(0.899) & AUC(0.964) F 3s4r LA R E b, RN B F B2k h 52T
A X AZAABMKHE;SHAP AL R —F BT TIHRAKIESH NDVI L 2 HEZH AR EFKZ N
SR ERRGAF, AP, FEARRIRBRGAREENG, Rt B AL TREH T A WA
ERARDERALT R, KRSV HRBEEZENTERAEALFHER, RE B B&H T B KK
WEFEE,RILTRE ORI HAER . KB 44 TabPFN LS 5 J # A 5 SHAP 7 %,
FIT HIR DR SN G TREWE M, RANT A% “ZR7 BRI TR R
AR, AL T EE NG FHERETRLEARS BB NAFH KRR,

R WR R F; IR S A M TabPFN; SHAP; 3.1

th & 4 2K 5. P694; P280 XEAPREAD: A X EHE: 1009-6248(2026) 04-0144-11

Landslide Susceptibility Assessment with TabPFN under Limited Sample

Scenarios and Its Interpretability Analysis

LI Chen"?, ZHANG Zhiran"**", ZHANG Shaohua'?, PANG Zhengbo'?, ZHU Liangyu®, ZHAO Yizhen"*’

Y5 B 8. 2025-12-02; &[5 B #A: 2026-04-13; H4E 4R B 1{Hil
E2WB: HFEARBERESTH BRI —$ 4 B4 UK 30 A9 248K X Rl B e Jr ik (42371478), BEVE A H R Bl JLRE 0T

EEE N

FEAF RN E “ 22 PSR BK 30 (0 7Y 22 8T RELRS 410 R I S 1R AL R i 2SS ST 7 (20251C-YBQN-438) 174 47 17 Bl 4%
TRIT B R 2 — R E R R SR 5 2 B R AR ST 7 (2025TH-KXYB-0213) B A W B .
ZERR(2000-), W, LA AT A, 2 ST 5 18] R b S R E XU AL . E-mail: Icliche@163.coms,

*BHAEE: KER(1991-), &, {4, PRI, L5 i b 2= 488 M 5 #24 . E-mail: zrzhang@xsyu.edu.cn,
© Editorial Office of Northwestern Geology. OA under CC BY-NC-ND


https://doi.org/10.12401/j.nwg.2026007
https://doi.org/10.12401/j.nwg.2026007
https://doi.org/10.12401/j.nwg.2026007
mailto:lcliche@163.com
mailto:zrzhang@xsyu.edu.cn

55 44

ZEWRAE: FE T HLER 3% 2 1 TabPEN (M3 5 K LA B vl fi Bt 43 #r 145

(1. School of Earth Science and Engineering, Xi’an Petroleum University, Xi’an 710065, Shaanxi, China; 2. Shaanxi Key Laboratory of

Petroleum Accumulation Geology, Xi’an Petroleum University, Xi’an 710065, Shaanxi, China; 3. Key Laboratory of Intelligent
Geophysical Exploration for Oil and Gas Resources of Shaanxi Higher Education Institutions, Xi’an 710065, Shaanxi, China;
4. The Second Monitoring and Application Center, Xi’an 710054, Shaanxi, China)

Abstract: Landslide susceptibility assessment is crucial for the disaster mitigation in mountainous regions;
however, traditional models often have limited generalization on small-sample datasets, and linear approaches
struggle to capture the complex interactions among influencing factors. This study introduces the TabPFN ma-
chine learning model, which, with its hyperparameter-free nature and strong generalization advantage under
small-sample conditions, provides a novel approach for overcoming the modeling bottlenecks. Taking Huang-
shan City as the study area, based on 736 landslide points, an equal number of non-landslide samples were se-
lected from areas beyond 1 km of these points to construct a balanced dataset with a 1:1 ratio of positive to nega-
tive samples,this research establishes a landslide susceptibility indicator system by systematically selecting 14
evaluation factors across four categories: topography, geology, hydrology, and human activity. Building upon
this foundation,The study introduces the TabPFN model for landslide susceptibility evaluation, and employs
SHAP to analyze the underlying driving mechanisms. The results show that, compared with baseline models,
TabPFN achieves the best overall performance in terms of accuracy (0.903), precision (0.965), recall (0.841), F1-
score (0.899), and AUC (0.964), demonstrating stronger generalization capability and advantages in modeling
complex relationships. Furthermore, SHAP analysis reveals that distance to roads, NDVI, and lithology are the
primary driving factors influencing the spatial distribution of landslides, reflecting the fundamental pattern
wherein human disturbance, vegetation cover, and geological conditions collectively govern landslide develop-
ment, Specifically, landslide susceptibility increases significantly in areas proximal to roads, reflecting the
prominent disturbance of human engineering activities on slope stability. Higher vegetation coverage exerts a
notable inhibitory effect on landslide occurrence, while landslide sensitivity varies markedly across different
lithological conditions, underscoring the fundamental controlling role of the geological setting. This study inte-
grates the TabPFN machine learning model with SHAP-based interpretability to achieve both high-accuracy pre-
diction and interpretability analysis of landslide susceptibility, It overcomes the shortcomings of traditional
"black box" models in revealing the mechanisms of disaster formation, providing a technical pathway for land-
slide risk assessment in mountainous cities that ensures both precision and explanatory insight.

Keywords: geological hazards; landslide susceptibility; TabPFN; SHAP; Huangshan City
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