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Construction and validation of a prediction model for lymph node metastasis in early

gastric cancer based on machine learning
MENG Xiangyong, QIN Jiayi, CHEN Wensheng Department of Gastroenterology, First Affiliated Hospital, Army
Medical University ( Third Military Medical University) , Chongqing, 400038, China

[ Abstract | Objective To construct an optimal prediction model for lymph node metastasis ( LNM )
in early gastric cancer ( EGC) using machine learning techniques and assess its predictive performance.
Methods Clinical data of 433 EGC patients undergoing radical surgery in our hospital from January 2015 to
December 2022 were collected. They were divided into a training set and a validation set in a 7 :3 ratio.
LASSO regression was used to screen variables and multivariate logistic regression analysis was employed to
identify independent risk factors for LNM in the EGC patients. Ten machine learning models were constructed
using categorical boosting ( Catboost ), light gradient boosting machine ( LightGBM ), exireme gradient
boosting machine ( XGboost) , random forest ( RF), gradient boosting machine ( GBM ), neural networks
(NNET) , support vector machine (SVM) , K nearest (KNN) , Naive Bayes (NB) and Logistic regression.

The predictive power of the above models was evaluated and compared in terms of accuracy, precision, recall,
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F1 score value, sensitivity, specificity, positive predictive rate, negative predictive rate, Kappa value, area
value under the receiver operating characteristic curve ( AUC), calibration curve, decision curve, and
precision-recall curve. Finally, SHAP ( SHapley Additive exPlanations) was applied to explain the
contribution of each variable in the best model for the prediction outcomes. Results  Depth of tumor
invasion, lymphovascular invasion and smoking history were independent risk factors for LNM in the EGC
patients. Catboost model obtained the best predictive performance, and had 5 performance indicators
outperforming the other models in the training set, that is, an AUC value of 0. 904 (95%CI 0. 868 ~0.940) ,
a F1-score of 0. 633, a Brier score of 0. 100, a negative predictive rate of 0. 975, and a Kappa value of
0.520. Finally, calculating the SHAP values of Catboost revealed that the depth of tumor invasion and
lymphovascular invasion were two key characteristic variables for predicting LNM. Conclusion The depth of
tumor invasion of submucosal and lymphovascular invasion and smoking history are independent risk factors for

LNM in early gastric cancer. ML can be used to predict LNM risk, the Catboost model has the best predictive

Bl 4242 PR R 241, 2024, 46 (21) 2433

performance and can provide guidance for clinical diagnosis and treatment decisions.

[ Key words |

Corresponding author; CHEN Wensheng, E-mail: 2303141134@ qq. com

e T 5 DL G M I 2 — , HBOERTE
A e SE IR i 3145 =1 L LI 9 (early gastric
cancer, EGC) $ i {2 JU TR E Jmy BR T b B2 BRI
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F1 JIEESBRIERMIGRIFELLBM(P25, P15), n( %), xxs]

A BEREHE (n=433) YLt (n=304) YRiF4E (n=129) p X2 /t/U
T 56(49, 64) 56(49, 65) 54(48, 63) 0.126 21 430
PER 0. 647 0.209
5 280(64.67) 194(63.82) 86(66.67)
s 153(35.33) 110(36.18) 43(33.33)
BMI(kg/m?) 22.86+2.91 22.80+2.96 22.99+2.79 0.518 -0. 648
[y ek 0.736 0.113
X 238(54.97) 165(54.28) 73(56.59)
e 195(45.03) 139(45.72) 56(43.41)
RIS 0.390 0.738
X 111(25.64) 82(26.97) 29(22.48)
H 322(74.36) 222(73.03) 100(77.52)
R L 0.789 0.072
T 385(88.91) 269(88.49) 116(89.92)
H 48(11.09) 35(11.51) 13(10.08)
W R 0.229 1. 446
X 404(93.30) 287(94.41) 117(90.70)
5 29(6.70) 17(5.59) 12(9.30)
RS 0.875 0.025
¥ 366(84.53) 258(84.87) 108(83.72)
H 67(15.47) 46(15.13) 21(16.28)
I A 0.721 Fisher
= E1/3 9(2.08) 6(1.97) 3(2.33)
= 1/3 121(27.94) 82(26.97) 39(30.23)
HE 1/3 303(69.98) 216(71.05) 87(67.44)
Jifr8E A/ (em) 0.311 2.339
<2 274(63.28) 188(61.84) 86(66.67)
>2~3 76(17.55) 52(17.11) 24(18.60)
>3 83(19.17) 64(21.05) 19(14.73)
N 4 0.227 2.961
G | 37(8.55) 28(9.21) 9(6.98)
S 7 141(32.56) 105(34.54) 36(27.91)
[14] g 50 255(58.89) 171(56.25) 84(65.12)
iR Y2 0 R 0.277 1.183
FRZ 226(52.19) 153(50.33) 73(56.59)
FET 2 207(47.81) 151(49.67) 56(43.41)
WS 0.999 0
75 355(81.99) 249(81.91) 106(82.17)
B 78(18.01) 55(18.09) 23(17.83)
e 0.135 2.23
X 200(46.19) 148(48.68) 52(40.31)
H 233(53.81) 156(51.32) 77(59.69)
AR 0.987 0.026
=B 30(6.93) 21(6.91) 9(6.98)
ok 112(25.87) 78(25.66) 34(26.36)
(a5 4 291(67.21) 205(67.43) 86(66.67)
LVI 0.999 0
X 411(94.92) 289(95.07) 122(94.57)
H 22(5.08) 15(4.93) 7(5.43)
M0 0. 508 Fisher
X 431(99. 54) 303(99.67) 128(99.22)
H 2(0.46) 1(0.33) 1(0.78)
CAI125 0.767 Fisher
(-) 419(96.77) 293(96.38) 126(97.67)
(+) 14(3.23) 11(3.62) 3(2.33)
CA242 0.999 Fisher
(=) 424(97.92) 297(97.70) 127(98.45)
(+) 9(2.08) 7(2.30) 2(1.55)
CEA 0.999 0
(=) 411(94.92) 289(95.07) 122(94.57)
(+) 22(5.08) 15(4.93) 7(5.43)

CA125(+) .CA242(+) .CEA(+) 3548 3¢ £ %6 B LR
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RTHAE T F 48R R4

El 1 1=/ LASSO [=J3#&R 8 34T Ful 2 8 1 it

&2 ZEE Logistic [ 135347 15 M7 Bk E R

A5t OR 95%ClI P Std. Err Wald B
PEA
% 1. 000
4 1.414 0.704~2. 841 0.330 0.356 0. 950 0. 347
WA
7 1. 000
H 2.413 0.939~6. 201 0. 047 0. 481 3.347 0. 881
SIALRERE
[ te 1.000
t4r ik 3.755 0.445~31. 661 0.224 1.088 1.479 1.323
S 4.329 0.546~34.32 0.165 1.056 1.924 1.465
iR T R
2 1. 000
FET 2 2.455 1.243~4.849 0.010 0. 347 6. 684 0. 898
LVI
b 1. 000
e 4.634 1.435~14. 961 0.010 0.598 6.575 1.533
PR
b 1. 000
H 3 864 694. 694 0~Inf 0. 986 882.744 0. 000 15.167

A i 2 P A AR TR ST AL 3R 5 S B A A Al
Z AN —ett \DCA 2P IR R gl AR L K
A PR HZ A B8 B AR S A it 5 A2k
PEMPERE. 4528 2R, Catboost BERI/E G UESE b A9 HE
AT B e A o (B 3) o DCA PPAGES IR
B Catboost FTY HA S (I AROE FHE: , >4 BI{EHERAE
1% ~ 84% i [ N , B HAT I R IE WS A5 (€ 4) o PRl

w4 Catboost BEFRYTETIIN 11 2845 5 Jy i i PERE
IR BAER, HAH 5 T XGboost ,NNET | KNN 4§ £
R T REAT R R R K (B 5) o 28 B TR,
Catboost BEARITERLAANE RE_L L T HAM 00 4, P ik
$£ Catboost BRI Jy B FE ALY, [W] A, Catboost 151
AU 3l AR 1 E B HE AU AR B IR IR T TR
& R s LVI IR RN (K 6) .




http ;//aammt. tmmu. edu. cn [ 222 2 R 2244k, 2024 ,46(21) 2437
x3 10 M2RFSIEB TN LR
A AUC(95% CI) HER 2 LAGES # 2R F1 3% RIGE
PlER S
Catboost 0.904(0.868~0.940) 0. 809 0.485 0.909 0. 633 0.909
GBM 0.806(0.750~0. 862) 0. 658 0.336 0.909 0.490 0.909
KNN 0.731(0.664~0.798) 0. 609 0.289 0. 800 0. 425 0. 800
LightGBM 0.778(0.715~0. 840) 0. 628 0.312 0.873 0. 459 0.873
Logistic 0.724(0.655~0.794) 0.595 0.285 0.818 0.423 0.818
NNET 0.752(0.682~0.822) 0.635 0.313 0. 855 0. 459 0. 855
NB 0.716(0.646~0.787) 0.579 0.273 0. 800 0. 407 0. 800
RF 0.820(0.765~0.875) 0.747 0.398 0.782 0.528 0.782
SVM 0.714(0.641~0.787) 0.490 0. 250 0.909 0.392 0.909
XGboost 0.702(0.619~0.785) 0.822 0.511 0.418 0. 460 0.418
IRUESE
Catboost 0.806(0.717~0.896) 0.736 0.350 0. 636 0.452 0. 636
GBM 0.731(0.623~0.840) 0. 620 0.263 0. 682 0.380 0. 682
KNN 0.596(0.481~0.711) 0.581 0.224 0.591 0.325 0.591
LightGBM 0.727(0.622~0.832) 0. 620 0. 286 0.818 0.424 0.818
Logistic 0.683(0.554~0.812) 0. 566 0.234 0. 682 0. 349 0. 682
NNET 0.733(0.626~0. 840) 0. 605 0.262 0.727 0.386 0.727
NB 0.587(0.436~0.737) 0.519 0.233 0.739 0.354 0.739
RF 0.759(0.656~0. 863) 0. 682 0.298 0.636 0. 406 0. 636
SVM 0.634(0.497~0.772) 0.512 0.219 0.727 0.337 0.727
XGhoost 0.700(0.555~0. 845) 0.822 0. 480 0. 545 0.511 0. 545
FEia S RE Brier 143 PPV NPV Kappa
pllER S
Catboost 0.787 0. 100 0. 485 0.975 0.520
GBM 0.602 0.122 0.336 0.968 0. 307
KNN 0. 566 0.134 0.289 0.928 0.217
LightGBM 0.574 0.127 0.312 0.953 0.263
Logistic 0. 546 0.131 0. 285 0.932 0.211
NNET 0. 586 0.130 0.313 0.948 0.264
NB 0.530 0.134 0.273 0.923 0.189
RF 0.739 0.123 0.398 0.939 0.379
SVM 0.398 0. 147 0.250 0.952 0. 151
XGboost 0.912 0.207 0.511 0. 876 0.355
IEdE
Catboost 0.757 0.112 0.350 0.910 0.297
GBM 0. 607 0. 126 0.263 0.903 0.177
KNN 0.579 0. 147 0.224 0.873 0.103
LightGBM 0.579 0.129 0. 286 0.939 0.228
Logistic 0.542 0. 126 0.234 0. 892 0.127
NNET 0.579 0.129 0.262 0.912 0. 180
NB 0.472 0. 121 0.233 0.893 0.114
RF 0. 692 0.120 0.298 0.902 0.226
SVM 0. 467 0. 141 0.219 0.893 0. 101
XGboost 0.879 0.206 0. 480 0.904 0. 402
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