T F 52 B 2026 4F 4 A4 41 %45 4 ] Radiol Practice, Apr 2026, Vol 41,No.4 429

- [EEi & E -
ST CT BB 52 2 R ik -5 1l R R 28 A @ AL e = > 15 B R iy 10
i g kg =0

AWM, EHE ER M ER HER RRKE

[(HE] BWRTATHR CTREFIHEL ERIBFAEAIEF I HELRITHAM F B IREZICLVD 816
AR, FE w2018 F 7 A —2024 5 A ERKZHILIEL N 225 6] B E L RFHILTH,.TA & H
AT T AR () HRIDEERAH, REHREAMNG LVIKES.FEF5H LVIEEA (=139 LVI B4
(n=86), # 7:3 MBI EHAMMS ANLEE (n=157F M X E(n=068), KA % B % logistic &2 5 Ml KK
HAYRBFAEPFEATRELVIREITAMNEF, ATHRHNCTHEBZARANRAREFIFTERRFE.RARKRBER
AT A (mRMR) Fodg /b 4 sl 7 i L T (LASSO) #ATH AR e fe ik, F S A E SR AEF I 7. KB . A TEHW
)2 B R 5 3T F ok A A ResNetl8.ResNet50 A= ResNet101 #A8 , 5K 8 ROC w5 & 3% 48 &£ 3 § 5% LVI K & 69 T 2L
e A ] AUC #90b#R A Delong #ole, £ FHAZERAFHRAZ I ErPEARILRE X . RAAZHD S
MAMERSGBER  FRAREB A ST HESBEAGMENHE., ER: 2B E Logistic MEASH R 7 CTFE R T LS
K E(OR=28.814,95%CI:4.178~18.595,P<C0.001) #= CT-T 4 # (OR=1.582,95%CI:1.022~2.448, P =0.039) & LVI
#94% 5 &% B % . ResNetl8,ResNet50 F2 ResNet101 £ /£ 4k & F 45 AUC £ %1 4 0.765,0.898 #= 0.867., f£ M X &
551 % 0.748.,0.791 #= 0.748, ResNet50 # A £ K E ¥ 89 AUC R %, 56 Ak R, A RAEHAE . ResNet50 422 89K
FEE RS LSRR ATeE A EMEASBER L% EFNKE P AUC 5 31429 % 0.962 #= 0.899, A & ¥ &
BRBAEAE N GEEDMNKE T HEA BTG IE . FiR:ResNet50 B R AT AN B /& bk F 124009 2Lk R 2 A
WA CTHFEHRELESRER CT-T 2 MM AR SR bk —F 17 35 TR0 206k,

[XEA] BB REREY R XKL hFRIREST

[FEHEES] R814.42;R735.2 [XHAIRFBI A [XEHS]T 1000-0313(2026)04-0429-06

DOI:10.13609/j.cnki.1000-0313.2026.04.012 FRRE (FIRRS )RR (OSID):

Value of a machine learning model based on deep learning features extracted from contrast-enhanced CT and clinical factors in
preoperative prediction of lymphovascular invasion of gastric cancer YANG Chao-fan,PAN Ben,ZHEN Si-yu,et al.Depart-
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[Abstract] Objective: To investigate the clinical value of a machine learning model integrating deep learning features
based on contrast-enhanced CT and clinical indicators for preoperative prediction of lymphovascular invasion (LLVI) in gas-
tric cancer.Methods: A retrospective analysis was performed on 225 pathologically confirmed gastric cancer patients in our
hospital from July 2018 to May 2024.All patients underwent plain scan and dual-phase (arterial and venous) CECT scans.
According to pathological LLVI status, patients were stratified into LVI-positive group (n=139) and LVI-negative group
(n=286).The total sample was randomly divided into a training set (n=157) and a test set (n=68) at a ratio of 7 + 3.Mul-
tivariate logistic regression was used to identify independent predictors of LLVI from clinical data and imaging features.Deep
learning features were extracted from venous-phase contrast-enhanced CT images,followed by feature reduction using maxi-
mum relevance minimum redundancy (mRMR) and least absolute shrinkage and selection operator (LLASSO), and deep
learning scores were established, respectively.Subsequently, features extracted by ResNet18,ResNet50,and ResNet101 were
respectively used to build classifiers based on logistic regression algorithm.The predictive performance of each model was e-
valuated by ROC curve.The AUC of the models were compared using Del.ong test. A combined model was constructed u-
sing logistic regression analysis based on the deep learning score from the optimal model and clinical independent risk fac-
tors. The deep learning features selected from the best-performing model were then integrated with independent clinical risk
factors to build a combined model using logistic regression.Calibration curve was used to assess the goodness-of-fit of the
combined model.Results: Multivariate logistic regression analysis revealed that CT-assessed lymph node metastasis status
(OR=8.814,95%CI:4.178~18.595,P<C0.001) and CT-T stage (OR=1.582,95%CI:1.022~2.448,P =0.039) were in-
dependent clinical risk factors. The AUCs of ResNet18,ResNet50 and ResNet101 models were 0.765,0.898 and 0.867 in the
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training set,and 0.748,0.791 and 0.748 in the test set, respectively.ResNet50 model achieved the highest AUC in the test

set with optimal comprehensive performance,thus was selected as the optimal model. The combined model, constructed by

integrating the deep learning score of the ResNet50 model with clinical independent risk factors,achieved AUC values of

0.962 and 0.899 in the training and test sets, respectively. The calibration curve indicated good calibration of the combined

model in both training and test sets.Conclusion: The ResNet50 model demonstrates optimal efficacy for preo-perative predic-

tion of LVI in gastric cancer.The combined model integrating the ResNet50-selected features with CT-assessed lymph node

metastasis status and CT-T stage can further improve the predictive efficacy.
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