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Abstract

BACKGROUND

Hepatocellular carcinoma (HCC) is among the most common and fatal primary liver
malignancies. Glypican-3 (GPC3) is a useful biomarker for HCC diagnosis and
targeted therapy, but reliable noninvasive approaches for predicting GPC3

expression before surgery remain limited.

AIM
To develop and validate a computed tomography (CT)-based radiomics model using

machine learning for the preoperative prediction of GPC3 expression in HCC.

METHODS

This retrospective study included 103 patients with pathologically confirmed HCC
who underwent contrast-enhanced CT at two centers between January 2013 and
October 2023. Patients were assigned to training (n = 72) and testing (n = 31) sets
using a 7:3 stratified random sampling. Regions of interest were manually delineated
on non-contrast, arterial, portal venous, and delayed-phase images, followed by
radiomic feature extraction. After feature selection, radiomics models were
constructed using eight machine learning algorithms. Independent clinical
predictors were identified by univariate and multivariate logistic regression and
used to construct a clinical model. A combined model was then developed by
integrating the optimal radiomics model with the clinical predictors, and a
corresponding nomogram was generated. Model performance was evaluated using
the area under the curve (AUC), DeLong test, net reclassification improvement, and
integrated discrimination improvement. Calibration curves and decision curve

analysis were used to assess the clinical utility of the nomogram.

RESULTS
Alpha-fetoprotein and total bilirubin were independent clinical predictors of GPC3
expression. After feature selection, 10 radiomic features were retained. Among the

radiomics models, the random forest classifier showed the strongest predictive
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performance, with an AUC of 0.959 in the training set and 0.862 in the testing set.
Integration of the radiomics signature with alpha-fetoprotein and total bilirubin
further improved model performance, yielding AUCs of 0.979 and 0.948 in the
training and testing sets, respectively. In both cohorts, the combined model showed
positive reclassification gains, with net reclassification improvement > 0 and
integrated discrimination improvement > 0. Calibration curves suggested a better
goodness-of-fit for the clinical model. Decision curve analysis indicated that the
nomogram derived from the combined model provided greater net clinical benefit

across a broad range of threshold probabilities.

CONCLUSION
A nomogram combining a random forest-based CT radiomics model with clinical
predictors showed strong performance and potential clinical value for preoperative

prediction of GPC3 expression in HCC.
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Core Tip: Glypican-3 is a clinically relevant biomarker in hepatocellular carcinoma,
but its expression is usually confirmed only after biopsy or surgical resection. This
study developed a computed tomography radiomics-based machine learning
nomogram for the preoperative, noninvasive prediction of glypican-3 expression.
The combined model integrated a random forest-derived radiomics signature with

alpha-fetoprotein and total bilirubin and showed strong predictive performance,
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with evidence of clinical utility. This imaging-based approach may support
preoperative risk stratification and individualized management in patients with

hepatocellular carcinoma.

INTRODUCTION

Primary liver cancer is among the most common malignancies in China, and
hepatocellular carcinoma (HCC) is its predominant histological subtype[l,2],
accounting for 75%-85% of all primary liver cancers[3]. HCC often develops
insidiously and remains asymptomatic in the early stages. As a result, many patients
are diagnosed at an intermediate or advanced stage, when curative surgical resection
is no longer feasible[4]. The identification of specific biomarkers and molecular
targets is therefore important for improving early diagnosis and supporting the
development of targeted therapies for HCC[5].

Glypican-3 (GPC3), a member of the glypican family consisting of heparan
sulfate chains attached to a core protein, participates in several signaling pathways
and contributes to the regulation of tumor proliferation and metastasis[6]. GPC3 is
highly expressed in HCC tissues but is absent from normal liver tissue. Its
overexpression has also been associated with poor prognosis in patients with
HCCJ5], supporting its value as a biomarker for HCC detection. But preoperative
assessment of GPC3 expression remains limited, and currently available approaches
do not provide sufficient accuracy[7].

Advances in computational methods have increased the use of radiomics for
disease diagnosis and treatment evaluation. In HCC, a previous study used
computed tomography (CT)-derived radiomic features to evaluate GPC3 expression
and reported moderate predictive performance, with area under the curves (AUCs)
of 0.842 in the training cohort and 0.726 in the testing cohort[7]. But studies that
integrate multiple machine learning algorithms for preoperative prediction of GPC3
expression remain limited. The present study therefore applied several machine
learning algorithms to develop radiomics-based predictive models.

Machine learning methods, including support vector machines (SVMs), random

forests (RFs), k-nearest neighbors (KNNs), and logistic regression (LR), can identify
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patterns within high-dimensional data and generate predictive classifications. These
approaches have been used in clinical settings to improve diagnostic accuracy and
prognostic assessment across a range of diseases[8]. In oncology, their capacity to
process large radiomic feature sets and build stable predictive models has been
reported in multiple applications[9]. Although machine learning has increasingly
been used in liver cancer research, most existing studies on GPC3 prediction have
relied mainly on CT-based or magnetic resonance imaging (MRI)-based radiomics,
without systematically comparing or incorporating a broader machine learning
framework.

Because contrast-enhanced abdominal CT is reproducible, noninvasive, and
widely available in routine clinical practice, it remains central imaging modality for
HCC evaluation.

Therefore, the present study aimed to develop machine learning-based
radiomics models using contrast-enhanced CT to preoperatively assess GPC3
expression status, thereby providing clinically relevant guidance for individualized

treatment planning.

MATERIALS AND METHODS

Study population
This study was approved by the Institutional Review Board of our hospital (IRB
approval No. DFY20250120001) and conducted in accordance with the Declaration of
Helsinki. The requirement for written informed consent was waived due to the
study's retrospective design.

We retrospectively reviewed clinical and imaging data of patients with
pathologically confirmed HCC from the First Affiliated Hospital of Dali University
and Dali First People’s Hospital between January 2013 and October 2023.

Inclusion criteria: (1) Postoperative pathological diagnosis of HCC with available
immunohistochemical results for GPC3 (GPC3 positivity defined as = 5% GPC3-
immunoreactive tumor cells within the same microscopic field[7,10]; (2) Upper-

abdominal or whole-abdominal non-contrast and contrast-enhanced CT performed
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within one month before surgery; and (3) A single HCC lesion identifiable on CT.

Exclusion criteria: (1) Prior treatments, including biopsy, transcatheter arterial
chemoembolization, radiotherapy, or partial hepatectomy; (2) Lesions too small to
allow clear delineation, potentially affecting the region of interest (ROI)
segmentation, feature extraction, and image evaluation; and (3) Incomplete clinical
data.

Ultimately, 103 patients met the inclusion criteria, including 73 GPC3-positive

and 30 GPC3-negative cases.

CT examination protocol

All patients underwent abdominal CT, both non-contrast and contrast-enhanced.
Scanners included a Philips 16-slice CT, Siemens 64-slice CT, and third-generation
Siemens dual-source CT at the First Affiliated Hospital of Dali University, and a
Siemens 64-slice CT at Dali First People’s Hospital. The acquisition parameters were
as follows: (1) Tube voltage, 120 kV; (2) Slice thickness, 5 mm; and (3) Interslice
spacing, 5 mm.

Contrast-enhanced CT was performed using a dual-barrel high-pressure
injector. Iohexol (50 mL containing 15 g of iodine; Yangtze River Pharmaceutical
Group) was injected via the antecubital vein at a rate of 5-7 mL/second, followed by
an equal volume of saline flush. Arterial phase, portal venous phase, and delayed
phase images were acquired at 40 seconds, 70 seconds, and 90 seconds after

injection, respectively.

Clinical data and CT imaging features

GPC3 expression status was assessed by a senior pathologist using the > 5%
positivity threshold. Collected clinical variables included sex, age, viral hepatitis
status, total bilirubin (TBIL), direct bilirubin, indirect bilirubin, alanine
aminotransferase, aspartate aminotransferase, total protein, albumin, globulin,
alpha-fetoprotein (AFP), and carcinoembryonic antigen.

Two radiologists independently evaluated the CT features using the Picture

7 /30



Archiving and Communication System. Interobserver agreement for imaging
features was assessed using the kappa statistic.

The following CT features were recorded: (1) Liver cirrhosis: Changes in overall
liver size; disproportional enlargement or atrophy of liver lobes; nodular hepatic
surface; loss of normal hepatic architecture; diffuse or heterogeneous low
attenuation; and widened fissures; (2) Ascites: Presence of intraperitoneal fluid; and
(3) Portal vein tumor thrombus: Hypo-attenuating or iso-attenuating nodular, strip-

like, or irregular filling defects within the portal vein on portal venous phase images.

Radiomics analysis

Non-contrast, arterial phase, portal venous phase, and delayed phase CT images
were exported from the Picture Archiving and Communication System in Digital
Imaging and Communications in Medicine (DICOM) format and imported into 3D
Slicer (https://www.slicer.org/). Two radiologists manually delineated two-
dimensional regions of interest (ROIs) slice-by-slice along the tumor boundary in all
four image phases. These ROIs were then automatically merged into a three-
dimensional volume of interest (VOI) (Figure 1). In cases of disagreement, a senior
radiologist adjudicated the final VOI. The final VOIs were exported in NIfTT format

for further analysis.

Radiomics feature standardization and extraction

The entire dataset was randomly split into a training set and a test set at a 7:3 ratio.
The training set was used to develop the predictive models, whereas the testing set
was used for external performance evaluation. To mitigate the effects of different
scanners and acquisition parameters on radiomic features, all CT images were
resampled to an isotropic voxel size of 1 x 1 x 1 mm? for standardization.

Radiomic feature extraction was subsequently performed. Interobserver
consistency of features extracted by the two radiologists was evaluated using the
intraclass correlation coefficient. Features with intraclass correlation coefficient <
0.75 were excluded. For subsequent analysis, features extracted by either radiologist

were randomly selected. A total of 833 features were extracted from each CT phase
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(non-contrast, arterial, portal venous, and delayed), resulting in 3332 radiomic
features. The extracted features included shape descriptors, first-order statistics, and

texture features.

Feature selection and model construction

All radiomic features were initially normalized by Z-score standardization, giving
each feature a mean of 0 and a variance of 1. Preliminary screening was then
performed with the Mann-Whitney U test, and features with P < 0.05 were retained.
To limit redundancy among highly correlated variables, Spearman correlation
coefficients were calculated. For feature pairs with a correlation coefficient > 0.9, one
feature was removed through an iterative procedure that preferentially eliminated
the more redundant variable.

Final feature selection was carried out using the least absolute shrinkage and
selection operator with 10-fold cross-validation. The optimal penalty parameter (\)
was selected according to the minimum cross-validation error. Features with non-
zero coefficients were retained, resulting in a final panel of 10 radiomic features.

Radiomics models were then developed using eight machine learning
classifiers: LR, SVM, KNN, RF, extra trees (ET), extreme gradient boosting
(XGBoost), Light Gradient Boosting Machine (LightGBM), and multilayer perceptron
(MLP) neural network.

A radiomics score (Radscore) was calculated for each model using the formula:
Radscore =1+ 1 x Wy + B2 x Wy + 33 X W3 + ..., where I represents the intercept, 3

the feature coefficients, and W the corresponding selected radiomic features.

Statistical analysis

Statistical analyses were performed using SPSS version 26.0 and R version 3.6.1.
Normally distributed continuous variables were expressed as the mean + SD and
compared using the independent-samples t-test. Non-normally distributed
continuous variables were expressed as median and interquartile range and
compared using the Mann-Whitney U test or the Wilcoxon signed-rank test.

Categorical variables were presented as n (%) and compared using the Pearson y2
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test or Fisher’s exact test.

Receiver operating characteristic (ROC) curves were generated, and the AUC,
sensitivity, specificity, positive predictive value, negative predictive value, and
accuracy were calculated to evaluate model performance. Delong’s test was used to
compare AUCs between radiomics models. Net reclassification improvement (NRI)
and integrated discrimination improvement (IDI) were used to assess the
incremental predictive value of each model.

The optimal radiomics model was integrated with the clinical model to
construct a radiomics-clinical combined model. A nomogram was generated based
on this combined model. The Hosmer-Lemeshow test was applied to evaluate the
goodness-of-fit of the clinical model, the optimal radiomics model, and the
nomogram in both the training and testing sets. Calibration curves were plotted to
assess the calibration performance of these models, and decision curve analysis

(DCA) was performed to evaluate the clinical utility of the nomogram.

RESULTS
Clinical and CT imaging characteristics of patients
In this study, 103 patients met the inclusion criteria, including 73 GPC3-positive and
30 GPC3-negative cases. Among them, 58 patients were from the First Affiliated
Hospital of Dali University [GPC3 (+) 41, GPC3 (-) 17], and 45 were from Dali First
People’s Hospital [GPC3 (+) 32; GPC3 (-) 13]. Patients were randomly assigned to a
training set (n = 72) and a testing set (n = 31) using stratified sampling at a 7:3 ratio.
All CT features evaluated by the two radiologists demonstrated substantial
interobserver agreement, with Kappa coefficients > 0.70, indicating high consistency.
The clinical and imaging characteristics of the training and testing cohorts are
summarized in Table 1. Between the two cohorts, alanine aminotransferase and
aspartate aminotransferase levels differed significantly (P < 0.05). Between the
GPC3-positive and GPC3-negative groups, TBIL and AFP showed statistically
significant differences in the training cohort (P < 0.05), whereas no variables differed

significantly in the testing cohort (P > 0.05).
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Radiomics feature analysis and radiomics model construction radiomics feature
selection

After multi-step feature selection, 3, 1, 2, and 4 optimal radiomic features were
retained from the non-contrast, arterial-phase, portal-venous-phase, and delayed-
phase CT images, respectively. The selected features and their relative importance

are presented in Table 2 and Figure 2.

Construction and evaluation of radiomics models

The selected radiomics features were used to construct eight machine learning-based
radiomics models using LR, SVM, KNN, RF, ET, XGBoost, LightGBM, and MLP
classifiers, and their predictive performance was subsequently validated in the
testing cohort. The ROC curves for all models are presented in Figure 3, and the
corresponding diagnostic metrics, including AUC, sensitivity, specificity, accuracy,
positive predictive value, and negative predictive value, for both the training and
testing cohorts are summarized in Table 3. DeLong test results (Figure 4) indicated
that in the training cohort, significant AUC differences (P < 0.05) were observed
among several model pairs, including LR vs SVM, ET, and XGBoost; SVM vs KNN,
XGBoost, and MLP; KNN wvs RF, ET, and XGBoost; RF vs XGBoost; and XGBoost vs
LightGBM and MLP, while all remaining pairwise comparisons showed no
significant differences (P > 0.05). In contrast, no significant AUC differences were
detected among the models in the testing cohort (all P > 0.05). Overall, the RF-based
radiomics model achieved the highest AUCs in both cohorts and demonstrated

superior predictive performance compared with the other radiomics models.

Construction and evaluation of the clinical model

Univariate and multivariate LR analyses were performed in the training cohort
(Table 4). AFP and TBIL were identified as independent predictors of GPC3
expression (P < 0.05). Based on these variables, a clinical model was constructed

using the RF classifier (Table 5).

Construction and evaluation of the combined model
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A combined model integrating the optimal radiomics model (RF radiomics model)
and the clinical model was developed. ROC curves for the clinical, RF radiomics,
and combined models are presented in Figure 5, and their corresponding diagnostic
metrics are summarized in Table 5.

As shown in Figure 6, DeLong test results indicated that, in the training cohort,
the combined model achieved significantly higher AUC values than the clinical
model (P < 0.05). The RF radiomics model also significantly outperformed the
clinical model (P < 0.05), whereas no significant difference was observed between
the RF radiomics model and the combined model (P > 0.05). In the testing cohort, no
pairwise AUC comparisons among the three models were statistically significant (P
> 0.05). Furthermore, NRI and IDI analyses (Table 6) demonstrated that, in the
training cohort, the combined model provided greater improvement than both the
clinical model and the RF radiomics model (NRI > 0, IDI > 0), and the RF radiomics
model also improved prediction relative to the clinical model. In the testing cohort,
the combined model showed improvement over the RF radiomics model (NRI > 0,

IDI > 0).

Nomogram construction and evaluation

As shown in Figure 7, a nomogram was developed from the combined model. In
both the training and testing cohorts, the clinical model, the RF radiomics model,
and the nomogram satisfied the Hosmer-Lemeshow goodness-of-fit criterion, with P
values greater than 0.05, indicating acceptable calibration.

The calibration curves in Figure 8 showed that the clinical model had the closest
agreement between predicted and observed probabilities. By contrast, DCA (Figure
9) indicated that the nomogram achieved the highest net clinical benefit across a
wider range of threshold probabilities than either the clinical model or the RF
radiomics model. These findings suggest that, despite the stronger calibration of the
clinical model, the nomogram may provide greater practical value for clinical

decision-making.

DISCUSSION
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HCC is the third leading cause of cancer-related death worldwide and remains a
major cause of cancer mortality in China, creating a substantial clinical and
socioeconomic burden[11]. Although several treatment options are available,
including hepatic resection, liver transplantation, local ablation, transarterial
chemoembolization, radiotherapy, systemic chemotherapy, targeted therapy, and
immunotherapy, overall outcomes remain unsatisfactory[12]. GPC3 has become a
focus of HCC research because of its close association with oncogenesis, tumor
biology, and patient prognosis[13,14]. Several studies have also reported that
elevated GPC3 expression is associated with poorer survival, supporting its potential
role as a prognostic biomarker[15]. In current clinical practice, GPC3 expression is
mainly assessed by pathological biopsy. Biopsy provides histological confirmation,
but it is invasive and vulnerable to sampling error, especially when tumors show
heterogeneous expression patterns[6]. Noninvasive imaging-based methods that can
accurately predict GPC3 expression would therefore have clear clinical utility.

In this study, AFP and TBIL emerged as independent clinical predictors of
GPC3 expression. After feature selection, ten radiomic features were retained.
Among the radiomics models, the RF classifier achieved the best predictive
performance, with AUC values of 0.959 and 0.862 in the training and testing cohorts,
respectively. When the radiomics signature was combined with AFP and TBIL,
predictive accuracy improved further, yielding AUC values of 0.979 and 0.948. The
combined model also showed consistent positive reclassification in both cohorts, as
reflected by NRI > 0 and IDI > 0. Calibration curves indicated good agreement
between predicted and observed outcomes, while DCA showed that the nomogram
based on the combined model offered greater net clinical benefit across a broad
range of threshold probabilities. Together, these findings support the added value of
integrating imaging-derived quantitative features with conventional clinical
biomarkers. Such model may improve risk stratification and assist clinical decision-
making, particularly in identifying patients who could benefit from targeted or
immune-based treatment strategies related to GPC3 expression.

Recent studies have examined imaging-based prediction of GPC3 expression.

Xu et al[7] analyzed clinical data and contrast-enhanced CT images from 152 patients
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with solitary HCC and showed that a CT-based radiomics nomogram could
differentiate GPC3-positive from GPC3-negative tumors before surgery. Zhang et
al[16] developed radiomic and clinical models using Gd-EOB-DTPA-enhanced MRI
and found that hepatobiliary-phase radiomic features were closely associated with
GPC3 positivity. Their combined radiomics-clinical model provided a noninvasive,
individualized approach for identifying GPC3-positive HCC. Together, these studies
indicate that radiomics may help characterize the molecular phenotype of HCC.

Machine learning has been increasingly applied to medical imaging because it
can extract high-dimensional quantitative features and build predictive models from
complex image data[8]. But many previous radiomics studies have relied on a single
machine learning classifier. To improve generalizability and allow direct comparison
across modeling strategies, the present study evaluated eight commonly used
algorithms: LR, SVM, KNN, RF, ET, XGBoost, LightGBM, and MLP[9]. All models
showed acceptable predictive performance, but the RF-based radiomics model
achieved the highest AUC (0.959). This performance may reflect several
methodological strengths of RF, including its suitability for high-dimensional feature
spaces, relative resistance to overfitting, capacity to handle imbalanced data, and
ability to estimate variable importance[17]. Compared with earlier studies, our
model achieved stronger predictive performance. For example, the CT-based
radiomics nomogram reported by Xu et al[7] showed only moderate performance,
whereas the radiomics-clinical model developed by Sun et al[18], which combined a
radiomics score with AFP levels, achieved an AUC of 0.867-0.895. These results
suggest that careful selection of machine learning algorithms can improve the
performance of radiomics models for predicting molecular biomarkers in HCC.

Our analysis of feature contribution is consistent with Wang et al[19], who
found that delayed-phase imaging features had stronger predictive value than
arterial-phase features. In the present study, delayed-phase radiomic features
constituted the largest share of the optimal feature set. One plausible explanation is
the pseudocapsule commonly observed in HCC lesions. Because the pseudocapsule
is better visualized during the delayed phase, lesion boundaries can be defined more

accurately, allowing radiomic features to capture relevant textural and structural
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heterogeneity[20]. This imaging context may account for prominent contribution of
delayed-phase radiomics to GPC3 prediction.

Calibration analysis showed close agreement between the nomogram-predicted
probabilities and the observed outcomes, supporting the model calibration. Overall,
the combined RF radiomics-clinical model offers noninvasive approach for
preoperative prediction of GPC3 expression in HCC and may help support
individualized clinical decision-making.

This study has several limitations. First, the data were obtained from two
medical centers, which may have introduced heterogeneity related to imaging
equipment, scanning protocols, and operator-dependent factors. Although
normalization and preprocessing were used to reduce these effects, inter-
institutional variability cannot be fully excluded. Second, the retrospective design
and relatively small sample size may increase the risk of overfitting and limit the
generalizability of the findings. Third, external validation and prospective
multicenter verification were not performed. Fourth, manual tumor segmentation
may have introduced observer-related variability, and feature reproducibility was
not fully assessed. But all segmentations were performed by experienced
radiologists who had received standardized professional training. Fifth, the analysis
was limited to conventional contrast-enhanced CT images and did not incorporate
functional imaging biomarkers or multimodal approaches, such as CT perfusion,
CT-derived extracellular volume fraction, or MRI. Finally, the biological
interpretation of the selected radiomic features remains incomplete. Future large-
scale, prospective multicenter studies should incorporate multimodal imaging data

and rigorous validation strategies.

CONCLUSION

Overall, the eight machine learning models and the clinical model showed
acceptable accuracy for predicting GPC3 expression in patients with HCC. The
combined model, which incorporated the RF-based radiomics model with clinical
predictors, yielded the best diagnostic performance. The nomogram developed from

this model offers a practical approach for preoperative, noninvasive estimation of
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GPC3 expression and may help guide more individualized clinical management.
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Figures and Tables

Figure 1 A 40-year-old male patient with hepatocellular carcinoma showing
positive glypican-3 expression and an alpha-fetoprotein level of 961.3 ng/mL. A-D:
They represent the abdominal computed tomography plain scan, arterial phase,
portal venous phase, delayed phase, segmentation of the region of interest; E: The

volume of interest in the arterial phase.
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Figure 2 Computed tomography radiomics features and their corresponding

correlation coefficients.
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Figure 3 Receiver operating characteristic curves of radiomics models in training
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and testing cohorts. A: Receiver operating characteristic curve of the radiomics
model in the training cohort, showing the model’s discriminatory performance; B:
Receiver operating characteristic curve of the radiomics model in the testing cohort,
demonstrating the model’s predictive performance on unseen data. AUC: Area
under the curve; KNN: K-nearest neighbors; LightGBM: Light Gradient Boosting
Machine; LR: Logistic regression; MLP: Multilayer perceptron; SVM: Support vector

machine; XGBoost: Extreme gradient boosting.
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Figure 4 Comparison of area under the curve values for radiomics models using
DeLong’s test in training and testing cohorts. A: DelLong test results comparing
area under the curve values of the radiomics model in the training cohort, indicating
statistical differences in model performance; B: DeLong test results comparing area
under the curve values of the radiomics model in the testing cohort, assessing the
significance of predictive performance differences on independent data. KNN: K-
nearest neighbors; LightGBM: Light Gradient Boosting Machine; LR: Logistic
regression; MLP: Multilayer perceptron; SVM: Support vector machine; XGBoost:

Extreme gradient boosting.
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Figure 5 Receiver operating characteristic curves of clinical, radiomics, and
combined models in training and testing cohorts. A: Receiver operating
characteristic curves for the clinical model, random forest radiomics model, and
combined nomogram model in the training cohort, illustrating comparative
predictive performance; B: Receiver operating characteristic curves for the clinical
model, random forest radiomics model, and combined nomogram model in the
testing cohort, demonstrating model performance on independent data. Clinic:
Clinical model; ALL: Random forest radiomics model; Nomogram: Combined model;

AUC: Area under the curve.
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Figure 6 DeLong test comparison of area under the curve values for clinical,
radiomics, and combined models in training and testing cohorts. A: DeLong test
results comparing area under the curve values of the clinical model, random forest
radiomics model, and combined nomogram model in the training cohort, indicating
statistical differences in model performance; B: DeLong test results comparing area
under the curve values of the clinical model, random forest radiomics model, and

combined nomogram model in the testing cohort, assessing the significance of
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predictive performance differences on independent data. Clinic: Clinical model; ALL:

Random forest radiomics model; Nomogram: Combined model.
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Figure 7 Nomogram constructed based on the combined model. AFP: Alpha-
fetoprotein; TBIL: Total bilirubin; ALL: Random forest radiomics model; Points: Item

score; Total Points: Overall score; Risk: Predicted probability.
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Figure 8 Calibration curves for the training and testing cohorts. A: Calibration
curve of the model in the training cohort, illustrating the agreement between
predicted and observed probabilities; B: Calibration curve of the model in the testing
cohort, demonstrating the model’s calibration performance on independent data.
Clinic: Clinical model; ALL: Random forest radiomics model; Nomogram: Combined

model.
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Figure 9 Decision curve analysis for the training and testing cohorts. A: Decision

curve of the model in the training cohort, showing the net clinical benefit across a

range of threshold probabilities; B: Decision curve of the model in the testing cohort,

presenting the model’s clinical utility when applied to unseen data. Clinic: Clinical

model; ALL: Random forest radiomics model; Nomogram: Combined model; DCA:

Decision curve analysis.

Table 1 Comparison of clinical and imaging characteristics between the training

and testing cohorts, n (%)/mean * SD

Demographics Training set (n = 72) P Testing set (n = 31) p p
GPC3 (+) GPC3(-) value GPC3(+) GPC3(-) value value
Age 55.05+10.69 57.21 0377 5514 £+ 5250 £ 0.695  0.662
9.08 9.25 3.54
CEA (ng/mL) 10.31+4290 276+1.65 0357 4.75+6.70 1.94 + 0563  0.647
0.83
Sex 1.000 0.100  0.421
Male 37 (84.09) 23 (82.14) 23 (79.31) -
Female 7 (15.91) 5 (17.86) 6 (20.69)  2(100.00)
Viral hepatitis 0.229 1.000  0.639
0 31 (70.45) 15 (53.57) 21 (72.41) 1 (50.00)
1 13 (29.55) 13 (46.43) 8(27.59)  1(50.00)
TBIL (pmol/L) < 0.897  0.057
0.001

25 / 30



0

1

DBIL (pmol/L)
0

1

IBIL (pmol/L)
0

1

ALT (U/L)

0

1

AST (U/L)

AFP (ng/mL)

0
1
Liver cirrhosis
0
1

Ascites

11 (25.00)
33 (75.00)

16 (36.36)
28 (63.64)

22 (50.00)
22 (50.00)

27 (61.36)
17 (38.64)

23 (52.27)
21 (47.73)

30 (68.18)
14 (31.82)

31 (70.45)
13 (29.55)

38 (86.36)

6 (13.64)

13 (29.55)

31 (70.45)

13 (29.55)
31 (70.45)

20 (71.43)
8 (28.57)

16 (57.14)
12 (42.86)

16 (57.14)
12 (42.86)

19 (67.86)
9 (32.14)

18 (64.29)
10 (35.71)

24 (85.71)
4 (14.29)

20 (71.43)
8 (28.57)

26 (92.86)

2 (7.14)

22 (78.57)

6 (21.43)

13 (46.43)
15 (53.57)

0.137

0.727

0.758

0.448

0.163

1.000

0.638

0.001

0.229

0.597
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9 (31.03)
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6 (20.69)
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9 (31.03)
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12 (41.38)

25 (86.21)

4 (13.79)

11 (37.93)
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2 (100.00)

2(100.00)
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1 (50.00)

2 (100.00)

1 (50.00)
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0.749
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0.724
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0.070

0.015

0.017

0.397
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1.000
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0 2 (4.55) 3 (10.71) 4(13.79) 1 (50.00)

1 42 (95.45) 25 (89.29) 25 (86.21) 1 (50.00)

Portal vein tumor 1.000 0.449 0.940
thrombus

0 5 (11.36) 4 (14.29) 2 (6.90) 1 (50.00)

1 39 (88.64) 24 (85.71) 27 (93.10) 1 (50.00)

GPC3: Glypican-3; TBIL: Total bilirubin; DBIL: Direct bilirubin; IBIL: Indirect
bilirubin; ALT: Alanine aminotransferase; AST: Aspartate aminotransferase; TP:
Total protein; ALB: Albumin; GLB: Globulin; AFP: Alpha-fetoprotein, CEA:

Carcinoembryonic antigen.

Table 2 Final selected computed tomography radiomics features

Feature category and Radiomics feature name

count

Shape features (2) original _ shape _ Sphericity _ P
original _ shape _ Sphericity _ V

First-order features wavelet HLH firstorder Median P

3) wavelet HHL _firstorder _ Median _ V
wavelet  HHH _firstorder _ Mean _ N

Texture features (5) Wavelet _ LHL _ gldm _ DependenceEntropy _ V
wavelet _ HLH _ glszm _ LowGrayLevelZoneEmphasis _ A
wavelet _ LLH _ glszm _ GrayLevelNonUniformityNormalized _V
Wavelet _LHL _glem _ldn _N
wavelet _ HHH _ glszm _ ZoneEntropy _ N

N: Non-contrast phase; A: Arterial phase; P: Portal venous phase; V: Delayed phase.

Table 3 Performance of radiomics models for predicting glypican-3 expression

status in hepatocellular carcinoma

Set Model AUC 95%CI Sensitivity Specificity PPV NPV Accuracy
Training set LR 0.889 0.814-0.963 0.643 0.932 0.857 0.804 0.819
SVM 0.949 0.903-0.995 0.857 0.932 0.889 0911 0.903
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KNN 0.853 0.773-0.934 0.750 0.773 0.677 0.829 0.764

RF 0.959 0.921-0.997 0.964 0.818 0.771 0973 0.875
ET 0.953 0.900-1.000 0.893 0.909 0.862 0.930 0.903
XGBoost  1.000 1.000-1.000 0.964 1.000 1.000 0.978 0.986
LightGBM 0.933 0.879-0.987 0.857 0.841 0.774 0.902 0.847
MLP 0.900 0.827-0.973 0.786 0.864 0.786 0.864 0.833
Testing set LR 0.759 0.277-1.000 0.500 0.517 0.067 0.937 0.516
SVM 0.707 0.190-1.000 0.000 0.966 0.000 0.933 0.903
KNN 0.586 0.000-1.000 0.000 1.000 0.000 0.935 0.935
RF 0.862 0.638-1.000 0.705 0.759 0.725 0.957 0.742
ET 0.819 0.515-1.000 0.500 0.690 0.100 0.952 0.677
XGBoost  0.759 0.277-1.000 0.500 0.517 0.067 0.937 0.516
LightGBM 0.741 0.291-1.000 0.500 0.552 0.071 0.941 0.548
MLP 0.655 0.000-1.000 0.000 1.000 0.000  0.935 0.935

LR: Logistic regression; SVM: Support vector machine; KNN: K-nearest neighbors;
RF: Random forest; ET: Extra trees; MLP: Multilayer perceptron; AUC: Area under
the curve; PPV: Positive predictive value; NPV: Negative predictive value; XGBoost:

Extreme gradient boosting; LightGBM: Light Gradient Boosting Machine.

Table 4 Univariate and multivariate analysis of clinical and computed tomography

imaging features

Characteristics Univariate analysis Multivariate analysis
OR  95%CI Pvalue OR  95%CI P value

Age 1.005 0.995-1.015 0.377

CEA (ng/mL) 0.998 0.995-1.001 0.357

Sex 1.034 0.797-1.342 0.832

Viral hepatitis 1.190 0.975-1.452 0.150

TBIL (pmol/L) 0.638 0.535-0.759 <0.001 0.636 0.549-0.738 < 0.001
DBIL (pmol/L) 0.819 0.676-0.991 0.086

IBIL (pmol/L) 0.934 0.770-1.134 0.560

ALT (U/L) 0.935 0.764-1.145 0.582
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AST (U/L) 0.890 0.733-1.081 0.322

TP (g/L) 0.801 0.643-0.998 0.097
ALB (g/L) 0.989 0.799-1.224 0.931
GLB (g/L) 0.855 0.629-1.163 0.400
AFP (ng/mL) 0.627 0.529-0.744 <0.001 0.626 0.541-0.725 <0.001
Liver cirrhosis 0.840 0.689-1.025 1.150
Ascites 0.797 0.546-1.165 0.322

Portal vein tumor thrombus 0.938 0.700-1.259 0.719

OR: Odds ratio; CEA: Carcinoembryonic antigen; TBIL: Total bilirubin; DBIL: Direct
bilirubin; IBIL: Indirect bilirubin; ALT: Alanine aminotransferase; AST: Aspartate
aminotransferase; TP: Total protein; ALB: Albumin; GLB: Globulin; AFP: Alpha-

fetoprotein.

Table 5 Performance of the combined model for predicting glypican-3 expression

status in hepatocellular carcinoma

Set Model AUC 95%CI Sensitivity Specificity PPV NPV Accuracy

Training set Clinic 0.861 0.783-0.940 0.500 0.977 0.933 0.754 0.792
All 0.959  0.921-0.997 0.964 0.818 0.771 0973 0.875
Nomogram 0.979 0.955-1.000 0.964 0.864 0.818 0.974 0.903

Testing set  Clinic 0.845 0.759-0.931 0.495 0.688 0.599 0.935 0.935
All 0.862 0.638-1.000 0.705 0.759 0.725 0.957 0.742
Nomogram 0.948 0.832-1.000 0.815 0.897 0.801 0.963 0.871

Clinic: Clinical model; ALL: Random forest radiomics model; Nomogram: Combined
model; AUC: Area under the curve; PPV: Positive predictive value; NPV: Negative

predictive value.

Table 6 Comparison of net reclassification improvement and integrated
discrimination improvement among the clinical model, random forest radiomics

model, and combined model

Comparisons between models Training set Testing set

NRI IDI NRI IDI
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Nomogram vs clinic 0.263 0.071 -0.034 -0.046
Nomogram vs ALL 0.032 0.048 0.397 0.166
ALL vs clinic 0.231 0.023 -0.431 -0.211

Clinic: Clinical model; ALL: Random forest radiomics model; Nomogram: Combined
model; NRI: Net reclassification improvement; IDI: Integrated discrimination

improvement.

30 / 30



