Bt Ha o [ B2 2 P g Vol.42 No.4
- 550 - 20254 4 )] Chinese Journal of Medical Physics April 2025

DOI:10.3969/j.issn.1005-202X.2025.04.018 E r—?_z‘/\:f_é%? Ae

ETHl= 310 8 B 58 N3RF ARG H mXUEE R 2 py i &
SIiE

T AL EE HEA LSRR
L IR N 27 B e o s B e (o T 2 — N RS B ) I AL R, Y195 % #4 2155005 2. BI85 — AR BERE A e, 1098 Rl
215300

[#EZ]B8F T % h F W B (gGIST) R4rF R AU h f v S B &, 5 5 A 447 R AR 5 3] Bk @ TRm AL s |, A
TN gGIST M55 R ARG th e K, F7i%k 0 4E gGIST & & Fokh, vA 8:2 84 o) 5 A7 50 2t Z KA AL 2 BL 51 )] 4R T 51
(n=502) A2 B AEPA T (n=130) . NN KIAF] P, 5 A E Y # ki RAFE AR (SMOTE) 7 #9 % 4k SMOTE-NC #4718 K Af
F AR EARIAL(GBM) GRS T ) LR MEAER Fo i A X REAL A 4 FRAL 2S5 3T S A s TR BERY . SRR N 2 3HE
KAk F AT LT 5, MEEAREH R (LR)ER . @it F %X F TRl & FaR(AUC)  RABE H 7.
AEHFE TRAETRR AL A B b TR R A AL AL A * P RARAR R B AT A6 A AR & 2otk 3 A 0k (SHAP) A= ) B £ P9 8
TR AT, SR — 3T R IR A e M AR, G5 6324 &P 7841 (12.3%) X AT KRG hi, EIIE
FAF o, 3 bl S AP TR AL AL GBM AL AL A I 4k, L AUCHE % 0.889,95%C1 4 0.829~0.948 46 T H AR, & FF 2
SR, RFEZE FAREE AR B RFEESRUNAS B LA E%ra, SHAPAAHERETT X
B = L TR L5 R P A AR, AR AT B AT TR 45 R Aok, G5 : GBM AR 3T gGIST A4t K Js th dn LA 45
IFE TR MAE ., BB, W25 5 AR 69 M5 12 T s RAE T

(IR R @R E; AHUAEF T WETF KRG oo FRRAEA

[hE4 %S IR318;R573 [ktRER A [32E 45 11005-202X(2025)04-0550-11

Construction and validation of machine learning-based prediction models for postoperative

bleeding following endoscopic resection of gastric gastrointestinal stromal tumor
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Abstract: Objective To explore the risk factors for postoperative bleeding after endoscopic resection of gastric
gastrointestinal stromal tumor (gGIST) and to construct prediction models using 4 different machine learning algorithms for
accurately predicting postoperative bleeding. Methods The clinical data of gGIST patients were collected, and the patients
were randomly divided into a training cohort (#=502) and a validation cohort (n=130) at an 8:2 ratio. Synthetic minority over-
sampling technique-nominal continuous was used for oversampling in the training cohort. Four prediction models were
constructed using gradient boost machine (GBM), deep learning, generalized linear model and distributed random forest,
separately; and in addition, the least absolute shrinkage and selection operator was used to screen variables and construct a
traditional Logistic regression model. Model performance was evaluated by calculating the area under the receiver operating
characteristic curve (AUC), sensitivity, specificity, accuracy, positive predictive value and negative predictive value.
Interpretability analyses, including feature importance, SHapley additive exPlanation and force plot, were performed on the
optimal model, and a practically applicable web application was developed. Results Among 632 patients, 78 (12.3%)

experienced postoperative bleeding. In the validation cohort, GBM model performed best among 5 prediction models, with
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an AUC value of 0.889 and a 95%CI of 0.829-0.948, superior to the other 4 models. Variable importance analysis identified

surgeon experience, operation time, intraoperative hemorrhage, tumor size as the factors affecting postoperative bleeding

prediction. The SHapley additive exPlanation plot and force plot showed the distribution characteristics of variables in the

binary classification prediction results and the effect of each variable on the prediction results. Conclusion GBM model has

high predictive value for postoperative bleeding following endoscopic resection of gGIST, and the construction of the web

application facilitates its clinical use.

Keywords: gastric gastrointestinal stromal tumor; automated machine learning; endoscopic surgery; postoperative bleeding;

prediction model
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Z WL R W], 5N ARAH I, N B T 1697 gGIST
LR, HA ARG P A et ] R
PR AEIL 2, (HE , 5N BEUTER 15 251505 722 A
L, L R IRYT gGIST MYHARMERE BR , RIS 5 5 &
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Figure 1 Flowchart of the study
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ith £& (Decision Curve Analysis, DCA ) 2 | Wi #5 7 ()
T2 JE RN PR L BE o Ak, o T 4 T PPAG AR R 1
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exPlanations, SHAP)1 7 K45 A fit B 204 o
1.3 HITEFE
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2.1 MAREELTRIER

BTSN 632 15 B 3, Horh 78 1 (12.3%) &
ARG I, A B ETEME KN AREFELE TR
AF] AR RO I AR S AR B R R SR B KB RO
IR A% G0 R0 6 15 BE 53 907 T AR, 2 S A it 2e &

X (P<0.05), {HJZ, LB FE T AR BriEpt i
AN TR e Dl N L VAN A B W N
ZEFL RN B TH P A 16 00 5 T L, 2 R B RS iR R
SL(P>0.05) (1) o ARMFFEH K SARBA S 4% 8:2 1Y
EL 51 B AL 43 BiC 21 )1 25 B B (502 i) ) A1 56 GiF BA 31
(130 f]) , P BA B AE AR T SR A B8t 07 I LA, 25 7
IG5 L (P>0.05)(£2).

®1 REHMA SR MABHIRRZRELE

Table 1 Comparison of clinical data between postoperative bleeding and nonbleeding groups

FRAIE ARJE i (n=78) ARJFHRHIML (n=554) /UH Pl
I ()] 0013 0910
5 32(41.0) 231(41.7)
& 46(59.0) 323(58.3)
AEIEH1(%)] 2.562 0.109
<60 % 45(57.7) 266(48.0)
>60 % 33(42.3) 288(52.0)
BT /IR 259 52 [ ( %) ] 0.977 0.323
H 14(17.9) 127(22.9)
g 64(82.1) 427(77.1)
SRR B (%)] 1.525 0.217
f 19(24.4) 173(31.2)
Ia 59(75.6) 381(68.8)
bR A 451 (% )] 2270 0321
H 13 58(74.4) 365(65.9)
B3 14(17.9) 127(22.9)
HT13 6(7.7) 62(11.2)
Jiged KN (% )] 13.219 0.001
>3.0 cm 19(24.4) 63(11.4)
2.0~3.0 cm 23(29.5) 135(24.4)
<2.0 cm 36(46.2) 356(64.3)
FALZLH(%)] 18.291  <0.001
ZIA 42(53.8) 164(29.6)
ZRFER 36(46.2) 390(70.4)
BT [B1(%)] 0.296 0.862
ESD 43(55.1) 288(52.0)
EFTR 34(43.6) 257(46.4)
STER 1(1.3) 9(1.6)
A1 1A 75 =B (%) ]
e 60(76.9) 447(80.7) 0.649 0.723
Je B4R 9(11.5) 51(9.2)
OTSC 9(11.5) 56(10.1)
<90 min 55(70.5) 483(87.2) ; :
>90 min 23(29.5) 71(12.8)
AR LB (%)) 18.767  <0.001
el 7(9.0) 7(1.3)
Jc 71(91.0) 547(98.7)
R gEfLIB1(%)] 0216 0.642
) 34(43.6) 257(46.4) : :
TG 44(56.4) 297(53.6)
ARIGEEE[d, M(P25,P75)] 3.0(3.0,5.0) 3.0(2.0,3.0) 14281 <0.001
ARJGAEREd, M(P25,P75)] 6.0(6.0,7.5) 5.0(4.0,6.0) 11365 <0.001
ROUJK%[WJ(%)] 7512 0006
= 65(83.3) 513(92.6)
b 13(16.7) 41(7.4)
TE B B2 (1] (%) ] 11.520 0.001
WARMRSEK: 62(79.5) 508(91.7) : :
v 16(20.5) 46(8.3)

OTSC AWK 4 e Al 5 2R 48
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Table 2 Comparison of clinical data between training cohort and validation cohort [cases (%)]

IR YIZRBAF (n=502) EUEBAS (n=130) Ve P

P 0.958 0328
5 204(40.6) 59(45.4)

@ 298(59.4) 71(54.6)

i 0.001 0.996
<60 % 247(49.2) 64(49.2)
=60 % 255(50.8) 66(50.8)

PUEEDL I/ 259 1.399 0.237
H 117(23.3) 24(18.5) ' '
T 385(76.7) 106(81.5)

e 1.388 0.239
H 147(29.3) 45(34.6)

JG 355(70.7) 85(65.4)

R i 5.622 0.060
B3 325(64.7) 98(75.4)

B3 121(24.1) 20(15.4)
HTF13 56(11.2) 12(9.2)

IR 0.509 0.775
>3.0 cm 67(13.3) 15(11.5)
2.0~3.0 cm 123(24.5) 35(26.9)
<2.0 cm 312(62.2) 80(61.5)

TAZE 0.083 0.773
LA E 165(32.9) 41(31.5)

ZYEE 337(67.1) 89(68.5)

BT P& 75 50 1.154 0.562
ke 407(81.1) 100(76.9)

Je e ag 46(9.2) 14(10.8)
OTSC 49(9.8) 16(12.3)

TR 2.454 0.117
<90 min 433(86.3) 105(80.8)
>90 min 69(13.7) 25(19.2)

AR L 0.561 0.454
i 10(2.0) 4(3.1)

T 492(98.0) 126(96.9)

AL 0.135 0.714
f 233(46.4) 58(44.6)

o 269(53.6) 72(55.4)

2.2 IZEBAF) SMOTE-NC & 3% 4

N Rl EX N N7 e ol N a1 £l B S o
354 65 B A 437 . AR JE H I 2H R A B EEA
22 SMOTE-NC i SR H J5 1% 41 19 9 1 1 65%x7=455
(I i N S e (1R NS T N = N 11 N O A (=
1.04:1, 23t SMOTE-NC i Rkt 5 , 4 7E Br it bt
/AR 254 52 R KN AR 56 TR B[] 2
WRAEAR PR M 7w A, 22 5 BA G E X
(P<0.05), W53,
2.3 LREEBIGE R R

K FH LASSO [8] I 458 Y i 6 11 4> ] {2 A% 75 5 A
£, K 2aE/R T Lasso P15 22 806 1 AL 25028 1k
AT . 1 26 R T ME P8 5 001 X i 22
ZIE A OCZR 2 ME (VB ) 32 M3 R, RSN ) —

Tt A 25 (8 SE 0/ e 38 2 0 i 25 38 3] de
IMEHCZEMEEZE) L 35 10 AR5 AE 100 9k 4 AR R
OHUE A “A_1se” B RN AL 6 AMERAE T . X
St Z R Z 500 A8 T — A4 0 AR | 28
RIS A FRAE I . FARBHE] AR E 256 AR b2 fL
AR, X 4 R AEA T LRASAY, JF
i 3 Nomogram [ X 451 i 2% 58 g 47 1 ] 1k f
~(E3),

¥ 4E BA S LR BRI ) AUC {4 0.851,95%C1
70.782~0.920( & 4a) . &l 4b 7R T 16441 500K A
Bl 5 AR S A 3 A o R, S 2 e X R 22
40.026, % B LR A RS fy A% o i iR T #2372 . & 4c
JE7R T LRSI G PRYC SR £, T LR BLAEAR 5
I B4 T B 1 A T 20%~80% i, 3 1t B 40 -+ 5 A g
2371 K 1%~35% M35
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Coefficients

&3 £ SMOTE-NC IR FIIZBAT o FLE B & IR R AL R[5 (%)]
Table 3 Comparison of clinical data between two groups in the training cohort after SMOTE-NC

oversampling [cases (%)]

) 0.517 0.472
5 193(42.4) 175(40.0)
5’y 262(57.6) 262(60.0)

BB L 4135 0.042
kel 84(18.5) 105(24.0)
7 371(81.5) 332(76.0)

TSR0 0.847 0.655
B3 294(64.6) 278(63.6)
B3 103(22.6) 109(24.9)

BT 13 58(12.7) 50(11.4)

FAL 49.241 <0.001
EZL NS 243(53.4) 132(30.2)
S FE 212(46.6) 305(69.8)

%kw'ﬁ! 52.607 <0.001
<90 min 309(67.9) 385(88.1)
>90 min 146(32.1) 52(11.9)

AL 0.180 0.671
&l 207(45.5) 205(46.9)
JC 248(54.5) 232(53.1)
11 11 10 7 3 0 11 1111111010 9 8 87 6 333 3 3
: =
14 .
! 1.351 .
i o
0'% % kS
, E ¥
A1.30 1
= t
—1- E II
2 t
= i
1.25 i m
T
ml T T T T T 1'20- T T T T T
-7 -6 -5 —4 -3 -2 -7 -6 -5 —4 -3 -2
Log Lambda Log(»)
a:[EJFRE b: ZIRIREE

2 LASSO EY3%F £ ik

Figure 2 Variable screening in LASSO regression
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Figure 3 Nomogram for predicting the risk of postoperative

bleeding after endoscopic resection of gGIST

2.4 BB IEBME R TR ITR

FT H20 V-1 AutoML 8.5, 255 ik 2t 1
46 A [a] (AL 7Y, rh A0 45 24 B GBM L AL, 1 Fp
GLM 571 20 Ff DL A A LA I 1 Fh DRF AR . 755
TEBASI H, GBM A58 704 Ji B8 HE 1 4 G- () 4 2 kg,
AUC {H & 0.889, 95%CI & 0.829~0.948 ( & 5a) .
GLM #5 5I ft) AUC {8 4 0.886, 95%CI A 0.775~0.996
(& 5b) . DRF & %I i) AUC {8 K 0.797, 95%CI Ky
0.691~0.902 ( ¥l 5¢) . DL # %I () AUC {5/ 0.871,
95%CI 4 0.804~0.938 (&l 5d) . ILAM, Bl 6 JE/R T iX 4
AL 25 27 27 557U AE 5531k A 51 v %) i R DR 5 i £k, &5
B R B RIS 153 40%., 3 4 TEAN R R T 1R
TEBAF Hfr S FoAS [m] A 7R i 255 P RE R . GBM
BRI AUC R BB 5 B2 MER B . PPV FINPV 1y
o A T A R

1.01
—DCA
All
E\ 0‘8 0.5. —None|
2 § 0.61 - 0.41
E 2 g
= & 2 0.3
£ AUC:0851(0.782-0.920) 3 0.4 r:g
5 ) : . . 2 0.
0 5 3 0.21
8 0.2 P4 - - Apparent “ 0.11
’/ :Rfavsl—corrccclcd )
L — 0.0° -
: ' ; ; . ; 00 02 04 06 08 1.0 r : : — - )
00 02 04 06 08 10 Sepcificity 00 02 04 06 08 1.0

1-Sepcificity

B=500 repetitions,boot

a:ROC Hhzk

Mean absolute error=0.026 n=130

b B 2%

High Risk Threshold
c:IImPROR SR ZE

4 IIERPATI LRAR B B2 T il B2k

Figure 4 Performance evaluation curve of LR model in the validation cohort

2.5 REIEBIRTRERE S 47

250 TESEMSH ERRERITEAN B, £H
& B GBM A5 B 7E 45 0 B4k 48 Bs 1 A0 2 IR 4 A
A i T B AT W, R AR R R R S5 H IR
LR RS 5 T AR AR o HS I i
NN 1R 1 VAN ST 7 S SN R VAR N R { T
PR BT A T 3K AR R (7)) .

2.5.2 SHAP 4 #1 SHAP T EIE/R T 11 A FRAET
P25 R R . B E R BIR H 4L T
AR TR AR K i 2 X 0000 445 SR 52wl dje R A 34
FRIE. SHAP B8R, MARE A T AR ]
1t 90 min L SR AE AR H K LA, L SHAP {E YK T
0, X FE I Y H B E 3 Bl A & 2B RS H Il A T
BR(E8),

253 AESH E9JER T HT GBM RIS 5k
BA ) F Bt AL 355 B A 6 19 461 154 7 1) 0 B AT . 161 9a

H B 5 191 S B a2 W7 A P AR T & A= R H
9 KU by 38% , TN A% , 5 SEPRZ AT o 1] 9b
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Figure 5 ROC curves for different machine learning models in the validation cohort
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Figure 6 Decision curve analysis for different machine learning models in the validation cohort
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Table 4 Performance evaluation of 5 prediction models in the

validation cohort

HELHY AUC  REE  FrRE WMEFEE PPV NPV
GBM  0.889  1.000  0.829  0.846 0.394 1.000
GLM 088 0923 0829 0838 0375 0.990
DRF 0.797 0923  0.581 0615 0.197 0.986
DL 0.871  1.000 0718 0746 0283 1.000
LR 0.851  1.000 0761  0.785 0371 1.000
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Figure 7 Ranking of variable importance for GBM model in the

training cohort
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Figure 8 SHAP feature analysis for GBM model in the training

cohort
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