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Abstract: This study aims to explore the influences of some modeling factors including the non-linear correlation calculation
between landslides and environmental factors and the different data-based models on the uncertainty law of landslide susceptibility
prediction (LSP) modeling. The Ruijin City of Jiangxi Province in China with investigated 370 landslides and 10 environmental
factors is used as study case. Accordingly, a total of 20 types of different coupling modeling conditions are proposed for LSP with
five different connection methods(probability statistics (PS), frequency ratio (FR), information value (IV), index of entropy (I0E)
and weight of evidence (WOE)) and four different data-based models including logistic regression (LLR), back propagation neural
networks (BPNN), support vector machines (SVM) and random forest (RF). Meanwhile, four single LR, BPNN, SVM and RF
models with the original data as input variables are also proposed, as a whole, a total of 24 types of modeling conditions for LSP
are obtained based on the above 20 types of coupling conditions and 4 types of single models. Finally, the uncertainty
characteristics in the LSP modeling are assessed using the area under the receiver operation curve (ROC), mean value, standard
deviation and significance test, respectively. Results show follows. (1) WOE-based models have the highest LSP accuracy and low
uncertainty while PS-based models have the lowest LSP accuracy and the highest uncertainty, and the FR, IV and IOE-based
models are in between. (2) The single data-based models have slightly lower LSP accuracies than those of the coupling models on
the whole and cannot calculate the influence law of each sub-interval of environmental factors on landslide evolution, however, the
single data-based models have higher modeling efficiency than those of the coupling models. (3) Among all the data-based models,
RF model has the highest LSP accuracy and relatively low uncertainty, followed by the SVM, BPNN and LR models,
respectively. It is concluded that the WOE is a very excellent correlation method and the RF model predicts the optimal LSP
performance, the LSP results of WOE-RF model have the lowest uncertainties and the predicted landslide susceptibility indexes
are more consistent with the actual landslides distribution characteristics.

Key words: landslide susceptibility prediction; uncertainty analysis; nonlinear connection method; data-based model; weight of

evidence; random forest; engineering geology.
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Fig.2 Location of the study area and landslide inventory map
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FRZF514 1.651 #11.592, 1V F1 WOE # & 7 H 45
TEAH G TOE Wom B B B AR 135 M R R B K
F 0 B R AL L O 0.09. 7] WL 4% FhIB 12 7 ik AE

FIR WP 5 B A AR LR B MR B B B — 3
() R SR A RUR

(2) 7K 3C IR 5% R FE Bl b 5 .y V0T 9 % 4 B 1)
TRV R4 T D A U Y 9 ) 320 38 1) - HE K
MR, T BRI R AR R 2% (L e al,
2017; Chang et al., 2020b; Huang et al., 2020c). A&

SCA R B K R R Ok R AE K SCH XTI B R B R
S (Guo ez al., 2019) JE T Geit 153, BEK R 9
/N T 300 m i X3 B g ol AR ik B 672, IOE
i S K R B B T AR (H R 0.15.

%i%ﬂﬁﬁ%ﬁ%m%ﬁ%%%wiff
AR BT AR W Bk AR R K 59.3% , FR
1%8%@?% SHET MR AR 29.1% H
FR 2y 1.587, HAEX M Fh e M g3y 1V #1 WOE
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Table 2 The connection values of environmental factors
WELH T AR AR A DCHIE R A AR AL PS FR v WOE IOE
139~293 730572 1939 0.354 1.332 0.124 0.414
293~308 647 032 1563 0.285 1.212 0.084 0.260
308~373 558 257 964 0.176 0.866 —0.062 —0.178
=5 (m) 373~446 369 863 587 0.107 0.796 —0.099 —0.260 0.035
(EZETE) 446~534 231817 254 0.046 0.550 —0.260 —0.640
534~642 121414 98 0.018 0.405 —0.393 —0.932
642~780 66 004 44 0.008 0.334 —0.476 —1.113
780~1118 25732 33 0.006 0.643 —0.191 —0.445
0~3.6 569 695 51 0.009 0.045 —1.348 —3.328
3.6~7.0 490 091 537 0.098 0.550 —0.260 —0.693
7.0~10.6 532 865 1396 0.255 1.315 0.119 0.352
(%) 10.6~14.0 438 190 1442 0.263 1.651 0.218 0.634 0.083
(&2 E) 14.0~17.6 338424 1074 0.196 1.592 0.202 0.553
17.6~21.6 221097 613 0.112 1.391 0.143 0.366
21.6~26.8 121 534 300 0.055 1.239 0.093 0.225
26.8~52.0 38 795 69 0.013 0.892 —0.049 —0.116
—1.0 499 0 0 0 0 0
0~22.5
437 5360.0 324 822 668 0.122 1.032 0.014 0.035
22.5~67.5 297 924 585 0.107 0.985 —0.006 —0.017
B 1] 67.5~112.5 354 479 943 0.172 1.335 0.125 0.340
(GEZEME) 112.5~157.5 359 791 816 0.149 1.138 0.056 0.150 0054
157.5~202.5 332 830 695 0.127 1.048 0.020 0.053
202.5~247.5 332 143 620 0.113 0.937 —0.028 —0.075
247.5~292.5 378 011 655 0.119 0.869 —0.061 —0.161
292.5~337.5 370192 500 0.091 0.678 —0.169 —0.439
0~10.2 448 550 1544 0.282 1.727 0.237 0.700
10.2~18.8 523 511 1430 0.261 1.371 0.137 0.407
18.8~27.8 429 580 1002 0.183 1.170 0.068 0.189
S il 2R 27.8~37.7 347 255 632 0.115 0.913 —0.039 —0.104 0.07
(&) 37.7~48.2 272 547 343 0.063 0.631 —0.200 —0.500
48.2~59.1 223 692 126 0.023 0.283 —0.549 —1.327
59.1~70.6 205 059 121 0.022 0.296 —0.529 —1.274
70.6~81.4 300 497 284 0.052 0.474 —0.324 —0.810
0~1.5 671767 858 0.157 0.641 —0.193 —0.556
1.5~3.2 695 534 1628 0.297 1.174 0.070 0.221
3.2~4.8 534 972 1244 0.227 1.167 0.067 0.195
) e R 4.8~6.6 378 519 827 0.151 1.096 0.040 0.107
(GEZEE) 6.6~8.7 243529 507 0.092 1.045 0.019 0.048 0009
8.7~11.0 138 110 258 0.047 0.937 —0.028 —0.068
11.0~14.4 68 229 134 0.024 0.985 —0.006 —0.015
14.4~30.4 20 031 26 0.005 0.651 —0.186 —0.432
0~5.5 588 993 151 0.028 0.129 —0.891 —2.266
5.5~11.0 611 553 1116 0.204 0.916 —0.038 —0.113
HO TR AL AR ()
G2 11.0~16.1 562 924 1572 0.287 1.401 0.147 0.447 0.061
16.1~21.3 428 304 1289 0.235 1.510 0.179 0.512
21.3~26.8 287 508 718 0.131 1.253 0.098 0.256
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k2
BT A AU R IS % PS FR v WOE IOE
26.8~33.4 170 550 411 0.075 1.209 0.082 0.204
33.4~42.6 80 923 204 0.037 1.265 0.102 0.244
42.6~93.8 19 936 21 0.004 0.529 —0.277 —0.642
ey 1218 584 3249 0.593 1.338 0.126 0.603
e A 503 748 1593 0.291 1.587 0.201 0.603
o J7 A .
) B 899 363 359 0.065 0.200 —0.698 —1.939 0.259
[3i7EaN 107 442 136 0.025 0.635 —0.197 —0.469
KR 21 554 145 0.026 3.376 0.528 1.240
0~0.014 15215 13 0.002 0.429 —0.368 —0.851
0.014~0.120 51765 38 0.007 0.368 —0.434 —1.012
0.120~0.190 104 953 144 0.026 0.688 —0.162 —0.386
NDVI 0.190~0.243 233 124 546 0.100 1.175 0.070 0.178 0029
(EZit) 0.243~0.284 487 817 1149 0.210 1.182 0.073 0.207
0.284~0.322 723 461 1508 0.275 1.046 0.019 0.061
0.322~0.363 734 588 1503 0.274 1.027 0.011 0.035
0.363~1 399 768 581 0.106 0.729 —0.137 —0.362
<0 473698 651 0.119 0.690 —0.161 —0.435
0~0.061 820 803 1550 0.283 0.948 —0.023 —0.077
0.061~0.126 616 979 1541 0.281 1.253 0.098 0.302
NDBI 0.126~0.201 339 466 873 0.159 1.290 0.111 0.297 0.009
(EZe1E) 0.201~0.286 225 388 496 0.090 1.104 0.043 0.109
0.286~0.374 145 844 262 0.048 0.901 —0.045 —0.110
0.374~0.482 90 590 95 0.017 0.526 —0.279 —0.659
0.482~1 37923 14 0.003 0.185 —0.732 —1.699
<150 508 453 2135 0.389 2.107 0.324 1.036
HEK R I B (m) 150~300 464 069 1573 0.287 1.701 0.231 0.685 0150
(BHR) 300~450 420 058 480 0.088 0.573 —0.242 —0.632
=450 1358111 1294 0.236 0.478 —0.320 —1.152

TR ILIE A M (Liu ez al., 2019). Higr'm RS A
iy DX 3 AT B A o 4 X 22 1R A 3K BT T
&AM/ IOE Won A M B feom AUE E R
0.259, o 2Z 1 TR 7228 Jot 5 RV IS 55 by XA X 7 &
7 23 3K Ml DX AR RIS & . o AR DX R 6 2 40 A 45
S HHFRE M 0.6.

(3) M7 bl . 2 NDVIAI NDBIAE Jy i % 7
B K7 (& 3g, 3h) .NDBI Sz B Aff 57 [X 38k 4 1 T 42
SURAE SO E B R N R B X N
NDBIBUE A7 F 0.126~0.201 2 [8] B 5 35 3 A7 53
M &, H PS{E R 0.159 . FR M 1.290 IV N
0.111, H. WOE i J3 0.297.NDV1 f] & & i i 4 8
A KA AE ) B AEAR ST T NDVIE A2 T 0.190~
0.0.284 3 il Fisf 9 3¢ 4 2E I HE SR 0K

3 w4 W 3 oy A N s A

31 HiEER

AR SR FH 30 m 43 B A RS A Sy 8 3 500 0T
HASHIF T X R 43 A 2 750 691 A B IC il i b
TR 5 A [ Bk 12 07 15 45 10 BRI DY T HT L A
R A B B A A i AR i 5 AR T Sk S8 3K 2
AR ) B, O D U A B DR (1 A B AR A AL AR
LKA 370 Ak Rk K] 4 R 5 482 > M A%
o6 (WRAE A 1), [A) B o AL Bk 2 5 e e A% A ] 50
() A T M AR (RAEL R O) , FEAE S B AL 4y Hh AR 6 7
T e R AR S A v e 72 3 Bt AIL R 4345 S A R )1
A5 FTI AL . IR R AN 5T XM A B Y 5 Rl
1 245 SR AR A VI 5 %) A5 0 vl AR 50 0 40F 5 DX 9 B
Sy K VAR B, TN Ho A 1 SR 8] W A R 4y S 54 5
KAEH A (Huang et al., 2021).
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Table 3 Logistic regression coefficients and constant terms

HEH T FUL LR PS-LR FR-LR IV-LR I0OE-LR WOE-LR
o —0.005 4.103 1.534 3.093 11.803 1.166
e 0.139 5.187 1.238 1.843 13.144 0.724
Weim —0.001 5.366 1.074 2.384 10.451 0.911

] iy % —0.015 4.798 0.775 1.553 6.533 0.588

- T it % 0.017 1.124 0.663 0.872 6.062 0.319

HOTE AL AR —0.019 0.031 0.299 0.288 2.850 0.105

o JZ A —0.434 1.977 1.135 1.848 10.465 0.616

NDVI 0.807 —0.767 0.170 —0.224 1.259 —0.085
NDBI 2.579 1.723 1.160 2.554 9.973 0.987

K F BB 0 5.191 0.794 2.012 5.474 0.594

R 2.598 —6.018 —9.805 —0.003 —10.337 —0.178

=1 5% : } 50 =
¥ LRE T ‘ : . : G e

[=] i 4%
OE-BPNN 57

P4 T 0T K S A5 2 1 T 3 By R o
Fig.4 Landslide susceptibility maps of data-based models
al. Bl LRBERY ;a2 M BPNN ALY s a3, Hfl SVM BERY s ad. Hl RF A8 ;b1~b4 FR-based #4845 cl~c4.WOE-based £ 5!
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32 BESEAMWMNER

321 LREBFMSEME 4550 F H I A &
8 251 /> ¥ 3 — Ak 1 B A AR K 4 b 2 713> 1
Yo — AR W REAR P AT LR @B 18 B A IR EE N T
SIEVEES UENE S ¢ YN I VAEZ AP b o)
WYL TR TR R R T P LR &
B R 2 3TN K A5 20 0 R A R BRI (AR A
AR (9) A F(10) b, BIRT 0 8 45 A4S 4 4% 80
TR Y B R TR R

322 BPNN, SVM F# RF W ill 5 %% X F
BPNN Fl SVM #5 AL, 15 56 4 I 25 4 Al i 48 25 4
% A SPSS modeler 18.0 # £ ¥ . BPNN fif
boosting vk 1] i — A4 K IF Hy H AR iU T 41 LA
B o AT B B, SR F B BRI E BPNIN T 34 3% B
KYE . WOE B 2 6 1F 2 I 25 8 4, 15 8] WOE-
BPNN fi {4 fe i 2 i 26 0 A~ 800 12, T boosting
RS T R R 10, SR RS B R BBk AT ik, 3T
i ZHOR FH B , AL B i S B BRI
SRR FEBE AR

[ii] 15 1] 1] SPSS modeler 18.0 £ v fiy 2 45 45
AU AN SVM AR R | 3k 4% 1) 3k bR 8 RBF 1
R % pRER , SR FH A8 U IE 75 45 3] WOE-SVM #5 #l
BECo e My 239 4 10 ,0.1 71 0.5, Hofh BR32 7 i F
SVM 8 S50 sh A K FE kR —— 31 R 5
YIZRAT 1 SV M LR T0I Jr A7 A B 50 10 5y & M

X F RE BRI R & 5 06 3 2 A% T30 A TR
RF 48 4P i3 22, 4% 41 15 252 80/ D) 17 A5 780 3 000 1) K
FE B 20k 28 S IR 43 B 15 3 WOE-RF T & I
14 Bl HILAF AE 550 3, R 58 A4 H Sk 800, Hoth 3% 4%
IS REEER S8 S WOE-RF 8 — 3. 5
W] FE FH U0 25 03K 4 19 RE B RY 38 47 3 3% 5 & 1
T .

33 BESEMHERIE

AR SCHE 24 Fh AR T 00T 40 P25 TF J8 W 3% 5 &
PRI . B 508 45 E A T 00 43 0 I A W 3 S
KIETE BT A ArcGIS 10.3 84, R 5 M4 B 4%
[E) DT 0 K 0 5T X R 93 Ry 5 A 5 B M AR X TR L 7
24 Fh AR T 00 v R IR B 43 ML R g e v L4 L 3L

® i
R PR 7

B 5 FET RF BB S K 4 il 1E
Fig.5 Landslide susceptibility maps
a. B RE A b, PS-RF B AL ;¢ FR-RF A 5 d. TV -RF #5805 e JOE-RF 2 5 ; £ WOE-RF #5 £
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Ht FR-based # % . WOE-based #5% %1 F1 8 b f14 4 Fif
HHE B Sh AR T 1Y) S e vk A R A P 4 TR L JR R
B PS FR.IV . IOE il WOE 5 RF £ %1 15 ] it 5
KR GE R E 5 FR .

M A FEL S R, S 4 7 K 43 b X AL T %
AR 5y & X 38, FLIE 3% i B K IX 3 B0 1 B K
% 300 m ¥ Bl =22 P9 A B 3 o R v 3 b A5 1 L b e B
B X, 3 5 B AN JE A 25 RAHAE R Sl L R —
F B0 3K 2h B L 5 b AN ) B0 42 7 T2 A D4 BB A5
B W B T e M 25 B, FLIR AR 2 & X
T AR 22 5 TR, VA A P @ AR T TN 5 & 1
AUCHKEZRAK.

4 RSSO E RO By

4.1 ROCHEETEMH

K 48 AUC B AE by HAAR TS A5 & A AS [F)
AR TR B TP R, AUC I K, B8 R 25 791 100 A 75
R T P B AR (L er al., 2020).24 Fh @4 T 00
A5 F] IR 45 R 19 ROC M4k an & 6 s, Kl Hh
AL FR LIV IOE Fl WOE 7£ [/ — i %4 4f B 2 52 %1

1.0

F4 ETFARBKEFEMHEBIRNEERNAUCHE
Table 4 AUC values of different connection methods and

original value under different data-based models

AUC i
T A5 5 RF SVM BPNN LR -1
ki iR R ki AUC
JoIk 4% 0.922 0.809 0.838 0.781 0.838
PS 0.906 0.817 0.806 0.779 0.827
FR 0.905 0.836 0.840 0.832 0.853
v 0.907 0.838 0.838 0.838 0.855
I0E 0.905 0.837 0.839 0.833 0.854
WOE 0.896 0.839 0.843 0.838 0.857

o g5 R85 — B H A XS AR 8 5 sl BPNN . SVM Al
RF B8 (14 5 J M 15000 45 BE b ook LRBERL 5, 55 4k
B AR A 5 B T I O IR R A A 1 5 K T T
N 45 B 45 Jg 432 00T . By RIF S 76 200 SR e i L% Gl
A BRI Bt 200, A iR i s T
P'S 14 48 A B 80 0 25k R A 2%, Wk 4 o L [R)E T
U3 S e P TN 45 SRS G URIE B R AR Y 5
b 50 A 7R A G ) T KR, EL ML 2 T B L
EGSG T FR LR A AUC K RS T 10% (7).

(a) (b)
0.8 -

AUCH AUCHH
| 0.6 BAELR - 0.781 i —— fEBPNN  0.838
# —— PS-LR 0.779 —— PS-BPNN 0.806
B FR-LR 0.832 FR-BPNN 0.840

0.4F —— IV-LR 0838 i ——IV-BPNN  0.838
—— I0E-LR  0.833 — IOE-BPNN  0.839
02L WOE-LR 0.838 L —— WOE-BPNN 0.843
0.0 1 1 1 1 1 1 |
1.0
(©
0.8} -

AUCH AUCHH
i 0.6 —— FHSVM  0.809 i —HHMSVM 0,922
Eﬂ —— PS-SVM  0.817 —PS-SVM  0.906
® o4l FR-SVM 0836 FR-SVM  0.906

—— IV-SVM  0.838 —IV-SVM  0.905
— IOE-SVM  0.837 ——I0E-SVM 0.905
0.2+ ——WOE-SVM 0.839 —— WOE-SVM 0.896
0.0 I I 1 1 I L ! |
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
1-F¢ 5 1k - 5 4
K6 RIEALE TO0T I 5 kA ROC ik

Fig.6 ROC curves of LSP under different conditions
a.LR;b.BPNN;c.SVM;d.RF models
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1.0
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il 0.6 AUCTH AUCHH
# — %R 0.781 WOE-LR 0.838
=
0.4 —— §BPNN  0.838 WOE-BPNN  0.843
T HMSVM O 0.809 WOE-SVM  0.839
0.2 — HHRF 0.922 WOE-RF 0.896
0.0 I 1 1 1 1 I |
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Fig.7 ROC curves of data-based and WOE-based models
a.Data-based #i %! ;b.WOE-based 15 %!

42 BEBRMEHESTNE

A SR H #9 {H (mean value ) #17 #fE 22 (standard
value) 73531 52 B 5 35 5y K PR 45 003 A 19 24 7K SF-
BIHORE BE  JF LA A3 A A 00T 1Y B M O AN
T

(1) 2% #5515 28 F50 1) By & P 98 003 A1 19 A 1
FE MR R — B0, WOE # & BI R Y &) & 1 48 5k
Fe I E RNER R - Mean wor soao = Mean wor sy =
Mean wor-1r) > Meanworre) (Bl 8 1R 5). Hith SVM
I BPNN 51 (4 5) Je M 46 B0 A U B O — 2, X
A A A L T 1) iy O P i K i i R L 0 R

i T LR A RE £ R 455 5) L 00 ) AUC K
(B, AT DL 3 V1 A5 R AR ) 9 3 1) BB ) AR . 55 A RF
LR BB 1) 5y S A 48 000 AT ML BCRH AL, 7E A% AR
FIR B ¢ IX 43 A 5 4R v A i RV 151 2 21X 53 Al
B D . 5 A X A A RERY Y B ORI IE A 5 Y
B K/ (SDwor-re) = SD wok-1r) = SD (wok-sva) =
SDwor1w) » % W] WOE #i 5 RF F1 LR K81 X%} WF 52
DX 3 S M 1) DX 00 B A, REAR B b S5 R AN [
M TC oy RV BN 22 5, BB 10 & by Tk 4
B LS AT RE 22 00 T B g R AR

\]
O S S
«“QQQ_ (al) HAHLRAE N (a2) L AHBPNNA T \@Q (a3) HLAS VML B
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Fig.8 Landslide susceptibility index distributions
al~a3. ST ;H1~b3. WOE-based 5 %!
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Table 5 Mean and standard deviation of different connection

methods and original value under data-based models

RF #17 SVM A BPNN R LR A7

T bRiE TE BRI b Ty AR

i1 2% i1 2% fE 2% fE %
Jiih 0.263 0.240 0.355 0.233 0.358 0.189 0.385 0.215
PS  0.279 0.250 0.344 0.247 0.398 0.161 0.383 0.211
FR 0.278 0.254 0.331 0.252 0.376 0.173 0.337 0.242
IV 0.278 0.255 0.335 0.249 0.367 0.182 0.331 0.251
IOE 0.278 0.254 0.330 0.250 0.367 0.189 0.336 0.246
WOE 0.283 0.261 0.334 0.249 0.359 0.193 0.331 0.251

T
i Ay

(2) LA RF #5554 S {51] 43 Afr B0 A5 20 LA 5 455 780
T HR 0 6 3 Ty e M AR RO AT R IR S AAL 9
7R A TR) I 2 07 12 B0 1) ) e 1 i B0 (8 R /N HE
% N+ Mean woprey —>Meanoprr) —>Mean py ey =
Mean y wp) > Mean ps vy =>Mean py e 5 Fe b5 1 22 K
INHE 24 N« Standard woi wey > Standard o ey =
Standard yy vyy > Standard vy —>Standard ps wry =
Standard e 3R X EE BT, 2R AR R 10 (1Y S
R A B0 34 1 AR UE 22 ¥ 85 /N s WOE-RF 19 % &
PEAE RO BB/ L bR 22 8K IOE-RF \FR-RF Al
IV-RF 5 B i) 45 808 — 20, 1 PS-RE JOR e 22,
H V(8 e K HLbR ofE 22 e/ LR \BPNN #1 SVM 2

M5 RF BRI 5 & T8 BOMAEE . 5l BPNN
SVM F1 RF & B 350 00 1) 5y & P 46 5o A 5
WOE 4 #5580 45 o — 2 8 2 Bph LR RS 1510 11y
Ty RVEFR B o3 BE e 25, R AP 5 WOE #& #%
P N
43 BERIATHEZUEEBHANERM

% Kendall P [F] 2 50K 56 2%, %) AT 22 99 414 [+
AL T WO B R PR R B AT 25 R A R A
55 . #5 Kendall BRAHOC R W /N T 1 JRS 50 45 1 1
W ME/NT 0.05, BAB X P4 T-00 T &) & M 48 50
2% S0 G A FE 4 BB R AR SCE e R X R
VRIS R B W AE R 0.139, H PAEY/NT 0.05, 7]
L5 AR T 00T (9 5y k4 B ) 22 53 3

[ei) B 1 B 4% AR T8 R T Y B K R R
B Rk, DU X B kR B R M BE HE R .7 2 B
DU A 70 A, i RS R L A 4 SR 3k 6. F
RF 5% AL 3000 1 5 & v 48 20 oF ¥ 8 B B
WOE-based 15 & $0 il & % P 45 %5 04 °F- 35 Bk 78 [/ —
T340 BIK B A5 R T 3 L B/ T FR ULV HILIOE 1)
B SR Sh A A TR B K e AT B R — B,
PS-BPNN #5770 14 F- 359 Bk fe K. W 35 M 22 5K
ST 2 B R A R T O Y B R M O A A
AT RE M I 3 S G 6 235 S of M0 S W o
HAFEZZ L.

S N &
ON " - » - o 5
v (a) HLARRFAE R > (b) PS-RF# ! v (c) FR-RF# 7
S N S
& P 1 0.264 5“@ I T H{i:0.279 ™~ T4t 0.278
& FiifE %5 0.239 N Fiifi 722 0.249 & P 2 0.254
5%
K

Yy R AR R

K
N
N
N QQQ
Q
)
Q

Q
N} \
QQQQ & s“QQ "
> (d) IV-RFf %Y B (e) IOE-RFH B v (f) WOE-RF/# 7
L N SN
N Q Q
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& i 722 0.254 & 5 71 0.254 S 5 E %2 0.260
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Fig.9 Susceptibility index distributions
a. .l RF ;b.PS-RF ;¢.FR-RF ;d.IV-RF ;e.JOE-RF ; L WOE-RF



55010 3

2 SOME A - AN Ti) BRI TR T 56 4 R 50 00 A 28 14 9 B3 oy ke P A A A 1 3791

*6 ZERBEIRATHAMIEHNFIH
Table 6 Mean rank of different connection methods under

different data-based models

T A - $i%t -

RFBM SVMHBR  BPNNAE LR

PS 8.77 13.12 16.87 15.82

FR 8.69 11.87 16.08 12.58

v 8.64 12.38 15.39 11.90

I0E 8.64 11.85 15.30 12.43

WOE 8.97 12.48 14.79 12.06

JE A6 AR 8.08 13.74 14.65 14.90
5 g

50 AREBEAFZEZNEERTHEN

IRBE R 45 J8 1k X 8] ) ¥ 3 B &k B 2 (R B
W) W] 3 o B Ik R AT R g TR 2 R il
485 S AE Ry B 3K 3 8L AU 1 i A 2 it (Devkota
et al., 2013; Zhu et al., 2021). N[EBCRE 7T 0y
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