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Clinical value of machine learning model combining test data and enhanced

CT images to predict primary hepatocellular carcinoma
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Abstract: Objective To investigate the clinical value of machine learning methods for the detection of primary
hepatocellular carcinoma (HCC) using laboratory data and enhanced CT imaging. Methods The enhanced CT images
and test data of 654 patients with liver diseases admitted in Shiyan Taihe Hospital from 2013 to 2021 were retrospectively
analyzed. These consisted of 199 patients with primary HCC, 223 patients with hepatitis, and 232 patients with liver
cirrhosis. They were randomly allocated to the training set and testing set at 7 : 3. Five machine learning algorithms
(including logistic regression, support vector machine, random forest, decision tree, and AdaBoost) were implemented
to train the model using test data, CT enhanced images, and combined test data/CT images. Receiver operating
characteristic curve was used to calculate the area under curve (AUC) , accuracy, sensitivity and specificity to verify the

model. Results From the analysis of data modality, the use of a multimodal method combining test data and enhanced
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CT images significantly improved classification accuracy of primary HCC compared to the unimodal modality. From the
analysis of the machine learning models: (1) The detection efficiency of primary HCC in the test dataset was higher
when using the random forest algorithm, with an accuracy rate of 84.77%, specificity of 89.96% , sensitivity of 86.11%
and AUC value of 0.889; (2) The detection efficiency of primary HCC was higher when applying the decision tree
algorithm to the arterial phase enhanced CT group, with an accuracy rate of 76.14% , specificity of 77.84% , sensitivity
of 61.90% , and AUC value of 0.789; (3) The AdaBoost algorithm applied to the combined data set of test data and
arterial phase enhanced CT data demonstrated higher detection efficiency for primary HCC, with an accuracy rate of
87.31%, specificity of 88.28%, sensitivity of 84.62% , and AUC value of 0.918. Conclusion The construction of models
using test data and enhanced CT images with multimodal data offers enhanced prediction of primary HCC. Notably, the
constructed AdaBoost model based on test data and arterial phase enhanced CT radiomics features can exhibit greater
predictive accuracy.
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LTHH(x10'2/1) 4.6(3.9,4.6) 4.1(3.5,47)  2.630 0.009
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Tab. 2 Predictive efficiency of five machine learning
algorithms for HCC based on test data

T WEWFR(%)  REE(%)  FFE(%) AUC
LR 78.68 64.71 81.60 0.796
SVM 82.74 100.00 81.01 0.799
DT 80.20 69.70 82.32 0.719
RF 84.77 86.11 89.96 0.889
AD 83.76 70.00 88.44 0.878
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Fig. 4 ROC curves of five machine learning algorithm

in predicting HCC based on test data
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Tab. 3 Predictiue efficacy of five machine learning algorithms for HCC based on three-phase enhanced CT radiomics features

o Bk 15 T P 1 BRI 15

HERR (%) RIGE(%) FeBE(%) AUC HERA(%) RIE(%) F5HE (%) AUC MERHR(%) REPE(%) F5RE(%) AUC
LR 76.14 61.90 77.84 0782 76.65 61.54 78.95  0.728  75.63 59.09 7171 0.686
SVM 76.65 75.00 7676 0.760  74.62 62.50 75.13  0.674  75.13 56.00 77.91  0.634
DT 76.14 61.90 77.84 0789 72.08 46.81 80.00  0.700  70.56 40.00 76.05  0.673
RF 74.62 54.17 7746 0775 75.13 63.64 75.81 0731 72.59 42.86 74.86  0.668
AD 76.65 61.54 78.95  0.766  75.63 60.00 7740 0.678  75.13 54.84 78.92  0.673
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Fig. 5 ROC curves of five machine learning algorithm in predicting HCC based on radiomics

0.30
0.28
0.26

419 0.24

K 022

§om
0.18
0.16
0.14

.......................

10 10° 102 10

B 6 LASSO [ul )55 i vk i Bk A e fE i A FE T R 4K

Fig. 6 Optimal penalty coefficient of conbined features screened .

10°

by the LASSO regression algorithm

1.0
0.8
0.6
L ,
T 04 " LRAUC=0.903
i — SVM AUC=0.911
02 — DT AUC=0.834
. RF AUC=0.911
— AD AUC=0918
0 ol 1 1 1 1 I

02 04 06 08 1.0
1S ®

1.0
0.8

i 0.6
=

TK0.4l

0.2

L

SRS
NN NN

ST

fE

original_glem_Idn
log-sigma-2-0-mm-3D_glem_Correlation
wavelet-LLH_glcm_Imc2
wavelet—LHL_gldm—-Dependence Non Uniformity Normalized
wavelet~LHH_gldm_Small Dependence Emphasis
wavelet-HLH_glszm_Large Area Emphasis
wavelet-LLL_firstorder_Energy
wavelet-LLL_firstorder_Total Energy
wavelet—-LLL_glszm_Zone Variance

A

U e HE]

G )

A G )

Rngr

Zhi g

oL

7 LASSO [ 50 K0758 H B 16 SRS R S CHOGH 1 A L
Fig. 7 The 16 combined features screened by the LASSO regression

algorithm and their corresponding weight values

— LR AUC=0.884
— SVM AUC=0.889
— DT AUC=0.807
RF AUC=0.899
— AD AUC=0.884

1 1 1 J

02 04 06 038 1.0

1S

© —LRAUC=0.849
— SVM AUC=0.849

02t — DT AUC=0.802
. RF AUC=0.881
— AD AUC=0.870

0 il 1 1 1 1 I

02 04 06 08 1.0
IS ©

TE A WIS EOR A S KIS R A =R ROC fHZE 14T s B WA I8 6 15 1T DTS AR 2“2 4 i ROC ik P 5 C Ay 6 3 A0 1k 3 S8 38 30

AR HHIE ROC ZR A

8 LT RIS MR 5 FLASA: ) L B HCC i1y ROC £k

Fig. 8 ROC curves of 5 machine learning algorithms in predicting HCC based on multimodal joint data sets



- 1540 - F I RS

2024 42 10 A% 37 55 10 ] Chin J Clin Res, October 2024, Vol.37, No.10

R4 ZESHABARARERY S FLR > 5 kXt HCC py AL g

Tab. 4 Predictive efficiency of five machine learning algorithms for HCC based on multimodal joint datasets features

. s Bk 5 S kay 15 K gs BRIk & 1 TRk A K Bk 5 I IR B 1
TR (%) AT (%) FRRE(%) AUC MERRAR(%) REE(%) FESEL(%) AUC MERR(%) RIE(%) HERE(%)  AUC
LR 86.29 86.96 86.00 0903  81.22 74.00 83.67  0.884  79.19 70.00 8231 0.849
SVM 8579 88.37 85.06 0911 8274 78.72 84.00  0.889 8325 80.43 8411  0.849
DT 77.66 66.04 81.94  0.844 8071 76.74 81.82  0.807  78.17 68.75 8121 0.802
RF 82.74 82.93 8260 0911 8376 §5.37 8333 0.899  §1.73 85.71 80.86  0.881
AD §7.31 84.62 8828 0918 8426 80.00 8571 0.884 8274 74.55 8592 0.870
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