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Exploring Risk Factors for Primary Liver Cancer in Patients with Chronic Hepatitis C
Based on Machine Learning Prediction Models
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Abstract: Objective To construct a risk prediction model for liver cancer in patients with chronic hepatitis
C based on seven different machine learning algorithms and select the optimal model. Methods A total of
236 patients with chronic hepatitis C were selected as the research subjects. Patients were divided into a case
group and a control group according to whether liver cancer occurs. Prediction models were constructed based
on seven machine learning algorithms including classification and regression tree, random forest, gradient
boosting decision tree, extreme gradient boosting (XGBoost), logistic regression, K-near neighbor, and
support vector machine. The Shapley additive explanations (SHAP) algorithm was used to interpret the best
prediction model. Results Among the seven models, the XGBoost model had the best comprehensive
prediction performance (accuracy of 0.933, sensitivity of 0.775, specificity of 0.960, area under the ROC
curve of 0.956, F1 score of 0.764). The SHAP algorithm suggested that AFP, age, AST, diabetes, BMI, PLT,
ALT, liver cysts, FIB-4, and gender contributed to the model decision and are the risk factors for liver cancer
in patients with chronic hepatitis C. Conclusion This study develops an interpretable machine learning
model based on the XGBoost algorithm, which has a good reference value for individualized monitoring of
liver cancer in patients with chronic hepatitis C.
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Table 1 Comparison of clinical characteristics between Table 1 (Continued) Comparison of clinical
the two groups characteristics between the two groups
Control group Case group Control group  Case group
Variable n(%)/ %) — x1Z P Variable n(%)/ n(%)/ Xz P
M(Q1-Q3) M(Q1-Q3) M@Q1-Q3)  M(QI-Q3)
Coronary heart
Gender 9.548 0.002 : ry 0012 0912
Female 81(44.3) 11(20.8) disease
Male 102(55.7)  42(79.2) No 170(92.9) 49(92.5)
Age(years) 24.552 <0.001 DYes " 13(7.1) 4(7.5) 0070
iabetes . .
<40 130.8) 0(0.0) No 146(79.8) 36(67.9)
40-49 40(21.9) 11.9) Yes 37(20.2) 17(32.1)
50-59 49(26.8) 12(22.6) Non-alcoholic
=60 76(41.5) 40(75.5) fatty liver 2.254 0.133
Address 7.787 0.020 dFecase
Downt f
owniown o 69(37.7) 11(20.8) No 159(86.9) 50(94.3)
Fuzhou Yes 24(13.1) 3(5.7)
Other cities in Hepatic cyst 11.367 0.001
99(54.1 40(75.5
Fujian province ( ) ( ) No 158(86.3) 35(66.0)
Other provinces 15(8.2) 2(3.8) Yes 25(13.7) 13(34.0)
BMI(kg/m’) 0.197 0906  Hepatic _ 1281 0.258
18.5-24 112(61.2)  32(60.4) hemangioma
<185 13(7.1) 3(5.7) No 176(96.2) 49(92.5)
24 5831.7)  18(34.0 Yes 138) 473
ClL1) L) Antiviral
Smoking history 1.805 0.179 0.495 0.482
treatment
No 102(55.7)  24(45.3) No 168(91.8) 47(88.7)
Yes 81(443)  29(54.7) Yes 15(8.2) 6(11.3)
Drinking history 0.330 0.566 AFP(ng/ml) 81.832 <0.001
No 115(62.8) 31(58.5) <25 177(96.7) 25(47.2)
Yes 68(37.2) 22(41.5) >25 6(3.3) 28(52.8)
History of ALT(U/L) 10.058 0.002
0.568 0.451 <40
other tumors S 97(53.0) 15(28.3)
No 147(80.3)  45(84.9) >40 86(47.0) 38(71.7)
Yes 36(19.7) 8(15.1) AST(U/L) 10.731 0.001
Family history of <40 102(55.7) 16(30.2)
. 0.001 0.980 >4() 81(44.3) 37(69.8)
malignant tumors 0
No 169(92.3)  49(92.5) PLT(x10°/L) 0317 0.853
100-300 140(76.5) 42(79.2)
Yes L) (=) <100 30(16.4) 7(13.2)
No 120(65.6) ~ 37(69.8) APRI 0.53(0.29-0.98) 1.36(0.55-2.23) —4.829 <0.001
Yes 63(34.4) 16(30.2) FIB-4 2.05(1.22-3.83) 4.06(2.75-6.67) —5.181 <0.001
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Table 2 Comparison of training results of various models

Model Accuracy (95%CI) Sensitivity (95%CI) Specificity (95%CI) AUC (95%CI) F1 score (95%CI)
CART 0.849 0.669 0.882 0.778 0.564
(0.846-0.852) (0.658-0.680) (0.879-0.885) (0.588-0.949) (0.556-0.573)
LR 0.846 0.550 0.899 0.793 0.507
(0.843-0.850) (0.539-0.561) (0.897-0.902) (0.590-0.962) (0.498-0.517)
KNN 0.897 0.447 0.979 0.827 0.553
(0.895-0.900) (0.436-0.458) (0.978-0.981) (0.678-0.970) (0.542-0.564)
SVM 0.896 0.436 0.979 0.876 0.543
(0.893-0.898) (0.425-0.447) (0.978-0.980) (0.747-0.973) (0.532-0.554)
RF 0.916 0.660 0.961 0.891 0.689
(0.914-0.918) (0.650-0.671) (0.959-0.963) (0.770-0.984) (0.680-0.698)
GBDT 0.866 0.781 0.881 0.920 0.629
(0.863-0.868) (0.772-0.790) (0.878-0.884) (0.840-0.976) (0.622-0.637)
XGBoost 0.933 0.775 0.960 0.956 0.764

(0.931-0.935)

(0.765-0.784)

(0.959-0.962)

(0.890-0.996)

(0.756-0.772)

Notes: CART: classification and regression tree; LR: logistic regression; KNN: K-near neighbor; SVM: structure vector machine; RF: random forest;

GBDT: gradient boosting decision tree; XGBoost: extreme gradient boosting; AUC: area under ROC curve; CI: confidence interval.
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