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[ Abstract ] Objective: To investigate the necessity of incorporating peripheral immune cells into machine learning models for
predicting microvascular invasion (MVI) in hepatocellular carcinoma (HCC), and to interpret the best-performing machine learning

model while exploring the radiomics features with the greatest contribution. Methods: Patients from Yangpu Campus, Third
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Affiliated Hospital of Naval Medical University (training set), Jiading Campus, Third Affiliated Hospital of Naval Medical University
(testing set), and Suzhou Municipal Hospital (validation set) between January 2019 and December 2021 were retrospectively
included. Five machine learning methods were used to construct radiomics signatures and clinical signatures. The optimal model
was identified through fusion and visualized via nomograms. Finally, the radiomics features with the greatest contribution to the
model were explored. Results: A total of 276 patients were included, with 189 in the training set, 47 in the testing set, and 40 in
the validation set. The extreme gradient boosting (XGBoost) classifier, as the best-performing model, achieved areas under the
curve (AUC) of 0.962 (95% CI 0.939-0.989) in the training set, 0.808 (95% CI 0.682-0.934) in the testing set, and 0.816 (95% CI
0.774-0.858) in the validation set. When excluding peripheral immune cells in the comparison set, XGBoost’s AUC was 0.925 (95%
CI 0.890-0.960). DeLong test showed a significant difference between the training set and comparison set (Z=-3.083, P=0.002).
Additionally, the radiomics model was interpreted through histograms and decision trees, identifying “original shape Sphericity”
as the most important radiomics feature. Conclusion: Among the five machine learning models for predicting MVI, XGBoost

performed best, and incorporating peripheral immune cells significantly enhanced model performance. Among radiomics features,

shape features were particularly important for predicting MVI.

[ Key words ] Machine learning; Hepatocellular carcinoma; Microvascular invasion; Eosinophils; Immune cell
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Fig.1 Radiomics flow chart
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Fig.2 Flowchart of study subjects inclusion
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Tab.1 Univariate analysis of clinical and radiological features in the training, testing, and validation sets
M<P25, P75) ﬂ‘cn (%)
IZ4E (n=189) MR (n=47) BHESE (n=40)
SE i . i - i -
" o) Oy P00 Gmey Py iy PR
AL % 56.1+11.3 56.4+9.6 0.849  52.0+98  525+104  0.842 564=11.3 557+103  0.555
P ) 100 (88.5) 60 (80.0) 0.099 23 (82.1) 18 (94.7) 0378 19 (82.6) 14 (82.4) 0.843
AFP-L3 58 (51.3) 53 (70.7) 0.016 11 (393) 16 (842) 0.003 6 (26.1) 8 (47.1) <0.001
ALT/ (U-L") 433+87.0  35.0£29.0 0.428 57.9+102.7 36.2+273 0375 405+62.1 399+39.3  0.891
AST/ (U-L™") 362+69.8  37.2+423 0.904 46.8+83.5 329+167 0480 33.6+557 385+426 0386
CEA/ (ng'mL™) 27+15 2817 0712  24%1.0 27+1.6 0.444  33+43 3.1£26 0.654
CA19-9/ (U-L") 219+199  23.6+21.0 0.585 258292 288182  0.689 224x223 223x21.5  0.95]
R4 x 1071 28+1.0 28+1.1 0.809 2.8=x12 27+1.6 0944 29x12 28+12 0.807
PRELHN x 1071 1.6+0.5 1.5+06 0.400 1.7£0.7 1.7£0.8 0905 1.6+0.6 1.5+0.6 0.249
PAAZAAML % 10°/L7" 0.3+0.1 0.3+0.1 0.896  04=%0.1 0.4+02 0.697 03£02 03+0.1 0.624
FEBR PRI ANM x 10°/L 0.1+0.1 02+0.1  <0.001 0.1+0.1 02+02 0.038  0.1x0.1 0.1+0.1 0.082
RETR PRI x 10°/L" 0.0+0.0 0.0+0.0 0.723  0.0+0.0 0.0+0.0 0973  0.0£0.0 0.0+0.0 0.676
K/Mem 3421 44+35 0.013  3.0+1.7 41+23 0.069 3218 35423 0.022
AL 47 (41.6) 37 (493) 0372 12 (429) 12(63.2) 0238 12 (522) 10 (588) 0.159
JEA CRB)) 32(283) 47 (62.7) <0.001  8(286) 16(842) <0.001 6(26.1) 11 (64.7) <0.001
INBEEL S i 18 (159) 16 (21.3) 0.441 1(3.5) 2 (10.5) 0.557 3 (13.0) 2(11.8) 0.382
x2 IAREZEMNEREZERSEZRlogisticE A5 #7
Tab.2 Univariate and multivariate logistic regression analysis of clinical factors
s R ZHEFIA
“r OR (95% CI) P i OR (95%CI) Pl
iy med ol 1.740 (1.251~2.420) 0.001 1.895 (1.312~2.735) <0.001
TN 1.147 (1.023~1.285) 0.019 1.171 (1.024~1.335) 0.021
AFP-L3 2.185 (1.184~4.033) 0.012 2.127 (1.072~4.222) 0.031
JivIRg T 25 AN A ) 4.102 (2.212~7.609) <0.001 3.846 (1.973~7.497) <0.001
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Tab.3 Comparison of Machine learning model performance
Bl S R AUC (95% CI) HERR Ry T
LR 0.762 (0.694~0.831 ) 0.725 0.632 0.788
SVM 0.760 (0.690~0.831) 0.677 0.855 0.558
KNN 0.906 (0.866~0.947 ) 0.825 0.789 0.850
XGBoost 0.962 (0.939~0.989 ) 0.889 0.934 0.858
LightGBM 0.847 (0.793~0.901 ) 0.735 0.829 0.673
o 10 20 30 40 50 60 70 80 90 100
5 : : . : A ' : . : /
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ARG b - : - - : - - : -
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Fig.3 Nomogram of XGBoost model fusion of radiomics signature and clinical signature
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Fig.4 ROC, calibration, and DCA curves for the training set and comparison set

A~CorRINGAEROCHTZ . KeifEZ: xDCA; D~F4» 3k b rROCHT 2k . K th 2k XDCAZ .



402 s, A& FEASMNE I AR AN S FS-T2WIRAAR AL “F# 00 Ak T 41 i 9 ol 45 4= A0 S0IASE B A)F 5
A XGBoost7r Z#i

original_shape_Sphericity

original_gldm_SmallDependenceHighGrayLevel Emphasis

FFES

original_gldm_GrayLevelNonUniformityNormalized

original_shape_Elongation

0.00

0.05

0.10 0.15 0.20

HEE

0.25 0.30 0.35

yes, missing

original_shape_Sphericity<—0.873 588 443

0
original_gldm_SmallDependenceHighGrayLevelEmphasis<—0.144 991 487 original_glrlm_GrayLevelNonUniformityNormalized<-0.538 826 287

~

n

‘Amissing

original_gldm_SmallDependenceHighGrayLevel Emphasis<0.377 470 464

yes,missing\no
leaf=0.388 235 331 @

N

leaf=0.184 615 403 @

no
orginal_shape_Elongation<—1.011 282 21

yes,missing\ no

leaf=0.054 545 458 4, leaf=-0.270 796 47. /

yes,missing\no

E5 XGBoostpZEHEHIEFE (A) FIRER (B)
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