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a b s t r a c t 

Background: Survival of patients with high-risk hepatoblastoma remains low, and early identification of 

high-risk hepatoblastoma is critical. 

Objective: To investigate the clinical value of contrast-enhanced computed tomography (CECT) radiomics 

in predicting high-risk hepatoblastoma. 

Methods: Clinical and CECT imaging data were retrospectively collected from 162 children who were 

treated at our hospital and pathologically diagnosed with hepatoblastoma. Patients were categorized into 

high-risk and non-high-risk groups according to the Children’s Hepatic Tumors International Collabora- 

tion - Hepatoblastoma Study (CHIC-HS). Subsequently, these cases were randomized into training and test 

groups in a ratio of 7:3. The region of interest (ROI) was first outlined in the pre-treatment venous im- 

ages, and subsequently the best features were extracted and filtered, and the radiomics model was built 

by three machine learning methods: namely, Bagging Decision Tree (BDT), Logistic Regression (LR), and 

Stochastic Gradient Descent (SGD). The AUC, 95 % CI, and accuracy of the model were calculated, and the 

model performance was evaluated by the DeLong test. 

Results: The AUCs of the Bagging decision tree model were 0.966 (95 % CI: 0.938–0.994) and 0.875 (95 % 

CI: 0.77–0.98) for the training and test sets, respectively, with accuracies of 0.841 and 0.816,respectively. 

The logistic regression model has AUCs of 0.901 (95 % CI: 0.839–0.963) and 0.845 (95 % CI: 0.721–0.968) 

for the training and test sets, with accuracies of 0.788 and 0.735, respectively. The stochastic gradient 

descent model has AUCs of 0.788 (95 % CI: 0.712 -0.863) and 0.742 (95 % CI: 0.627–0.857) with accuracies 

of 0.735 and 0.653, respectively. 

Conclusions: CECT-based imaging histology identifies high-risk hepatoblastomas and may provide addi- 

tional imaging biomarkers for identifying high-risk hepatoblastomas 

© 2025 Editrice Gastroenterologica Italiana S.r.l. Published by Elsevier Ltd. All rights are reserved, 

including those for text and data mining, AI training, and similar technologies. 
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. Introduction 

Hepatoblastoma (HB) is one of the most common childhood 

iver malignancies, with an annual incidence of 1.5 cases per mil- 

ion children, occurring mainly in the first 2 years of life [ 1 ]. Over-

ll survival has increased from approximately 30 % to approxi- 
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ately 70 % over the past three decades [ 2 , 3 ]; this is largely due to

mprovements in imaging techniques, surgical approaches, timely 

urgery, and chemotherapy prescriptions [ 4–6 ]. The prognosis of 

on-high-risk HB patients exceeds 90 % [ 7 , 8 ], and the prognosis of

igh-risk HB patients has consistently lagged behind that of non- 

igh-risk patients [ 9 ]; despite improvements in overall HB survival, 

urvival rates for high-risk HB patients remain poor [ 10 ]. This is 

ecause a poor prognosis is thought to result from the late iden- 

ification of high-risk hepatoblastoma in resource-constrained set- 

ings, which hinders early and effective treatment [ 11 , 12 ]. There- 

ore, early identification of high-risk hepatoblastoma is essential to 

mprove survival. 
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Over a span of 25 years, the Children’s Hepato-International 

ollaborative (CHIC) collected considerable information from eight 

ultinational trials. The Children’s Liver Cancer International Col- 

aborative Hepatoblastoma Stratification System (CHIC-HS) con- 

rms that higher PRETEXT stages (III/IV), alpha-fetoprotein (AFP) 

evels ≤100 ng/mL, and metastatic disease are significantly associ- 

ted with adverse prognosis. Additionally, they contend that identi- 

ying high-risk individuals is an independent prognostic factor and 

rucial for treatment plans [ 13 ]. 

A critical next step in tailored treatment for hepatoblastoma 

s the CHIC risk categorization system, which has been shown 

o be important in prognosis prediction and therapeutic decision- 

aking [ 14 ]. Clinicians commonly use contrast-enhanced com- 

uted tomography (CECT) and contrast-enhanced magnetic reso- 

ance imaging (CE-MRI) to stage tumors according to the CHIC risk 

tratification system. These modalities provide complementary in- 

ormation on tumor extent, vascular involvement, and metastatic 

esions, which are essential for accurate risk categorization. In fact, 

linicians’ experience in determining the PRETEXT staging of tu- 

ors has certain errors, which leads to the overestimation or un- 

erestimation of the risk of some patients [ 15 ] and inter-observer 

ariability [ 16 ] 

Multiple studies have shown that advanced computed tomog- 

aphy (CT) modalities, including dual-energy CT, perfusion CT, and 

ositron emission tomography/computed tomography (PET/CT), 

emonstrate potential for optimizing risk stratification protocols 

n solid tumor management [ 16–18 ]. However, their clinical im- 

lementation in hepatoblastoma (HB) risk assessment remains 

onstrained by technical limitations such as prolonged imaging 

cquisition times, stringent technological prerequisites, and con- 

erns regarding radiopharmaceutical exposure. Critically, no val- 

dated imaging biomarkers have been established to standardize 

isk stratification algorithms while preserving diagnostic sensitivity 

or high-risk HB phenotypes. Consequently, research on the poten- 

ial use of CT radiomics to detect patients with high-risk hepato- 

lastoma is still ongoing. 

Radiomics features measure the three-dimensional (3D) mor- 

hology and greyscale of the region of interest and correlate these 

mage features with clinical data. This makes it possible to modify 

reatment plans [ 19 ] much more easily than is feasible with tra- 

itional features in the clinic. Our team effectively used radiomics 

o predict the preoperative chemotherapy response [ 20 ] using CT 

maging. This should support radiomics’ prospective application as 

 useful instrument for tailored evaluation and therapy choices in 

B. There are no reports on the application of radiomics to identify 

igh-risk hepatoblastoma; therefore, it remains an area of ongoing 

esearch to explore how CT radiomics can be used to identify pa- 

ients with high-risk hepatoblastoma. 

. Methods 

.1. Patients 

This study was approved by the Ethics Committee of Children’s 

ospital of Chongqing Medical University. Because of the retro- 

pective nature of this study, informed consent from patients was 

ot required. 

Patients with hepatoblastoma admitted to our hospital from 

anuary 2012 to March 2024 were retrospectively collected. Pa- 

ients who met the following criteria were eligible for enrol- 

ent:(1) patients with pathologically confirmed hepatoblastoma; 

2) patients who underwent CECT at their first visit; (3) Individ- 

als who have never undergone radiation therapy or surgery be- 

ore their initial visit; and (4) patients with enough clinical data to 

e categorized in the risk group using the CHIC risk-stratification 

pproach. The exclusion criteria were as follows:(1) patients with 
1803
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ncomplete clinical information to classify the risk group accord- 

ng to the CHIC risk stratification system; (2) patients who did not 

eceive a CECT scan; (3) Patients who have undergone surgical re- 

ection or radiation therapy prior to the initial visit (Supplemen- 

ary material 1). Patients were separated into high-risk and non- 

igh-risk categories based on the CHIC-HS [ 13 ]( Fig. 1 ). The high-

isk categorization of hepatoblastoma patients was conducted ac- 

ording to the Children’s Hepatic tumors International Collabora- 

ion Stratification System (CHIC-HS). Risk stratification integrated 

he following parameters: Metastatic status (M + ): Patients with 

istant metastases (e.g., lung, lymph nodes) were directly classified 

nto the high-risk category. For non-metastatic patients: PRETEXT I 

umors were classified as high-risk if combined with VPEFR + , de- 

ned as positivity for any one of the following criteria: inferior 

ena cava or hepatic vein involvement ( V ), portal vein involvement 

 P ), extrahepatic abdominal disease ( E ), multifocal tumors ( F ), or

umor rupture ( R ).PRETEXT II/III tumors were classified as high-risk 

f patients were ≥8 years old or < 8 years old with serum alpha- 

etoprotein (AFP) levels ≤100 ng/mL, PRETEXT IV tumors were uni- 

ormly classified as high-risk, with further stratification: ≥3 years 

ld (regardless of AFP), or < 3 years old with AFP ≤100 ng/mL (in- 

icating poorly differentiated histology). These patients were then 

andomly divided into training and test sets in a ratio of 7:3. 

.2. CT scan 

A GE Lightspeed 64/Philips Brilliance 256 spiral CT scan was 

erformed at the time of initial consultation. Tube voltage was 

0–100 kV, tube current 150–200 mAs, acquisition slice thickness 

.0 mm, pitch 1.1 mm, collimation 0.6 mm, reconstruction slice 

hickness 1.25 mm. CT scanning was performed with iodixanol, io- 

ine concentration 320 mg/l or 300mg/l, dose 1.5–2.0 ml/kg, flow 

ate 0.5–3.5 ml/s. The scan’s arterial and venous phases were car- 

ied out 20–28 and 55–66 s, respectively, following the contrast 

edia injection. After the contrast medium was injected, the arte- 

ial and venous phases were carried out 20–28 and 55–66 s later, 

espectively. 

.3. Radiomics feature analysis 

Tumor segmentation and radiomics feature extraction were per- 

ormed using uAI Research Portal software (version 20231115) 

 Fig. 2 ). Images were normalized for window width, window po- 

ition, and image resampling (1 × 1 × 1 mm ³) in order to reduce 

ifferences in image specifications. Regions of interest (ROIs) were 

anually and blindly delineated by a radiologist with 3 years of 

xperience based on the contours of the lesions on the portal vein 

hase images. All delineated ROIs were reviewed and corrected by 

nother radiologist with 15 years of experience. About one-third 

f the instances were chosen at random from the training group 

nd characterized once more two weeks later to evaluate the re- 

eatability of the radiomics features. A total of 2264 radiomics 

eatures were extracted for each ROI, including 18 first-order fea- 

ures, 14 shape-based features, 21 Gray-Level Co-Occurrence Ma- 

rix (GLCM) features, 16 Gray-Level Size Zone Matrix (GLSZM) fea- 

ures, 16 Gray-Level Run-Length Matrix (GLRLM) features, 5 Neigh- 

orhood Gray-Level Transfer Differences Matrix (NGTDM) features, 

4 Gray Level Dependence Matrix (GLDM) features, and 14 shape- 

ased features. 24 filters (box-mean, additive Gaussian noise, bino- 

ial blur, curvature flow, box sigma, normalization, Laplace sharp- 

ning, discrete Gaussian, mean, speckle noise, recursive Gaussian, 

hot noise, LoG (sigma: 0.5, 1, 1.5, 2), and wavelet (LLL, LLH, LHL, 

HH, HHL, HLH, HHL, HHH)) processed the original image, yielding 

160 higher-order statistical features. 
lth and Social Security de ClinicalKey.es por Elsevier en septiembre 07, 
ión. Copyright ©2025. Elsevier Inc. Todos los derechos reservados.
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Fig. 1. High risk HB identification flowchart. 

Fig. 2. Flowchart showing the process for the development of radiomics. 
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.4. Selection of radiomics features 

All features were normalized using z-score normalization to 

liminate dimensionality effects across features. Intragroup corre- 

ation coefficient (ICC) analysis was used to evaluate the radiomic 

eatures that were taken from the two sketches. Features that had 
1804
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n ICC of > 0.75 were deemed reproducible and were chosen for 

dditional examination. Then, the best radiomics features were se- 

ected by correlation coefficient ( P = 0.05), Lasso (Alpha = 0.05) to 

nd the feature set that has the maximum correlation with the fi- 

al output in the original feature set, and Least Absolute Shrink- 

ge and Selection Operator (LASSO) to achieve feature selection 
ealth and Social Security de ClinicalKey.es por Elsevier en septiembre 07, 
ación. Copyright ©2025. Elsevier Inc. Todos los derechos reservados.
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Table 1 

Patient clinical and pathological characteristics. 

Clinical features Training Set ( n = 113) Test Set( n = 49) 

High-risk Non-high-risk P -value High-risk Non-high-risk P -value 

Gander 0.567 0.456 

Male 21(72.4 %) 56(66.7 %) 7(58.3 %) 17(45.9 %) 

Female 8(27.6 %) 28(33.3 %) 5(41.7 %) 20(54.1 %) 

Age (months) 34 (16.5, 58.5) 15(7.25, 26) 0.000 31.5 

(15.5,38.75) 

15(8, 28.5) 0.021 

PRETEXT 0.064 0.759 

I 0 6 0 1 

II 5 25 3 14 

III 15 42 7 18 

IV 9 11 2 4 

AFP( × 10−5 μg/L) 2.4(0.05, 12.4) 2.0(0.28, 6.3) 0.528 12.8(2.0,19.0) 4.1(0.5, 11.7) 0.149 

VPEFR + 17(24.1 %) 16(19 %) 0.000 8(66.7 %) 14(37.8 %) 0.081 

M + 23(79.3 %) 0(0 %) 0.000 10(83.3 %) 0(0 %) 0.000 

Notes: PRETEXT = Pretreatment Extent of Disease. AFP: alpha-fetoprotein. 

VPEFR + : refers to positivity for any 1 of inferior vena cava or hepatic vein involvement (V), portal vein involvement (P), extrahepatic abdominal disease (E), multifocal 

tumors (F), or tumor rupture (R). 
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y minimizing the objective function. Linear discriminant analysis 

 n = 1) dimensionality reduction was then used to increase the 

ifferentiation between data by maximizing the variance between 

ifferent categories and minimizing the variance within the same 

ategory to ensure that data points of the same category are tightly 

lustered in the low-dimensional space. 

On the final selected radiomics features, a radiomics model was 

onstructed using the Bagging Decision Tree (BDT), logistic regres- 

ion (LR), and stochastic gradient descent (SGD) algorithms. The 

odel parameters were all used to find the ideal parameters using 

 grid search, and the BDT parameters were set as follows: Max- 

mum Features: 1; Maximum Depth: 4 N Estimators: 100, Maxi- 

um Samples: 1, The parameters of the SGD algorithm were set 

s learning rate optimum, loss modified_huber, penalty parameter 

2, and 0.5 for classification threshold. Threshold: 0.5; LR penalty 

arameter l2, classification threshold 0.5. 

.5. Model performance evaluation 

Receiver operating characteristic curves (ROCs) were plotted to 

ssess the predictive performance of each model in the train- 

ng and validation groups. The area under the ROC curve (AUC), 

5 % confidence interval (CI), sensitivity, specificity, accuracy, and 

1 score were calculated. Calibration curves were plotted for each 

odel in both the training and test sets. In addition, decision curve 

nalysis (DCA) was used to assess the clinical validity of the mod- 

ls by quantifying the net gain at different threshold probabilities. 

he AUC values of the different models were compared by Delong’s 

est. 

.6. Statistical analyses 

Statistical analyses were performed using IBM SPSS statistical 

oftware (version 25.0). Measurement variables with non-normally 

istributed distributions were compared using the Mann-Whitney 

 test. Count variables were tested using the chi-square test or 

isher’s test. Differences were considered statistically significant 

hen the two-tailed P value was < 0.05. 

. Results 

.1. Patients 

This study comprised 162 patients with HB diagnoses, 101 of 

hom were male and 61 of whom were female. The mean age of 

he patients was 25.9 ± 25.5 months (range: 0.3–139.0 months). 
1805
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he mean age of the 41 patients in the high-risk group was 

1.78 ±5.45 months (range: 6.0–139.0 months) with 28 males and 

3 females. There were 121 patients in the non-high-risk group, 73 

f whom were male and 48 of whom were female. Their mean age 

as 22.8 ± 26.1 months (range: 0.3–114.0 months). There were 113 

atients in the training set, including 29 high-risk patients and 84 

on-risk patients. In the test set, there were 49 patients, of whom 

2 were high-risk and 37 were non-high risk ( Table 1 ). In the train-

ng set, the differences in age, VPEFR + , and metastasis were statis- 

ically significant ( P < 0.05), and in the test set, the differences in 

ge and metastasis were statistically significant ( P < 0.05). 

.2. CT features 

The mean maximum tumor size was 9.9 cm (range:1.5–17.5). 

lurred borders (16/162,9.8 %), rupture hemorrhage (8/162,19.3 %), 

nd vascular invasion (6/162, 3.7 %) were present.22/162(13.6 %) 

ere multifocal and 24/162(14.8 %) were perihepatic effusions. A 

ecrotic component was present in 152/162 (93.8 %) tumors, and 

 calcified component was present in 45/162 (27.8 %) foci. 41/162 

ases (25.3 %) of tumors showed perihepatic invagination. 

.3. Radiomics feature selection and model building 

2264 radiomics features were extracted from each patient’s ROI, 

085 radiomics features with ICC (0.69 ±0.27) greater than 0.75, 

nd 403 radiomics features were left after CorrelationCoefficient 

orrelation analysis and then screened by lasso regression analysis, 

nd a total of 20 most important radiomics features were retained 

Supplementary material 2). After max-min normalization, the fea- 

ures were downscaled using LDA, and the model was built using 

DT, LR, and SGD algorithms. 

.4. Machine learning model performance 

The AUC of the Bagging decision tree model on the training 

nd test sets were 0.966 (95 % CI: 0.938–0.994) and 0.875 (95 % 

I: 0.77–0.98), with accuracies of 0.841 and 0.816, respectively. 

he AUC of the logistic regression model on the training and test 

ets were 0.901 (95 % CI: 0.839–0.963) and 0.845 (95 % CI: 0.721–

.968), with accuracies of 0.788 and 0.735 for the training and 

est sets, respectively. The AUC for the stochastic gradient descent 

odel was 0.788 (95 % CI: 0.712–0.863) and 0.742 (95 % CI: 0.627–

.857) for the training and test sets, respectively. The accuracy was 

.735 and 0.653, respectively ( Table 2 ). 
ealth and Social Security de ClinicalKey.es por Elsevier en septiembre 07, 
ación. Copyright ©2025. Elsevier Inc. Todos los derechos reservados.
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Table 2 

Performance of radiomics models in the training and test sets. 

Model Auc sensitivity specificity accuracy precision f1Score 

BDT 

Training Set 0.966 (95 % CI: 

0.938–0.994) 

0.966 0.798 0.841 0.622 0.757 

Test Set 0.875 (95 % CI: 

0.77–0.98) 

0.833 0.811 0.816 0.588 0.69 

LR 

Training Set 0.901 (95 % CI: 

0.839–0.963) 

0.793 0.786 0.788 0.561 0.657 

Test Set 0.845 (95 % CI: 

0.721–0.968) 

0.75 0.73 0.735 0.474 0.681 

SGD 

Training Set 

0.788(95 %CI:0.712–

0.863) 

0.897 0.679 0.735 0.491 0.634 

Test Set 0.742(95 %CI: 

0.627–0.857) 

0.917 0.568 0.653 0.407 0.564 

Table 3 

Comparison of models in the training and test sets. 

LR vs SGD SGD vs BDT BDT vs LR 

p.training set 0 0 0.006 

p.test set 0.05 0.001 0.388 

P values obtained using DeLong test. 
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The training set results demonstrated statistically significant 

ifferences among all models ( p ≤ 0.006) ( Table 3 ), while the test 

et confirmed the consistent superiority of the BDT model over 

GD ( p = 0.001), suggesting enhanced performance of BDT. Al- 

hough the significant difference between BDT and LR observed 

n the training set ( p = 0.006) was not replicated in the test set

 p = 0.388), likely due to overfitting to training noise or limited 

est sample size, BDT maintained robust generalization, as evi- 

enced by its strong significance against SGD ( p = 0.001) and com- 

arable performance to LR ( p = 0.388). Notably, BDT was the only 

odel exhibiting significant superiority over another (SGD) in the 

est set. Clinically, BDT’s high sensitivity (96 % in training, 83 % 

n testing) minimizes missed diagnoses of high-risk hepatoblas- 

oma cases, a critical advantage given the disease’s severity. Deci- 

ion curve analysis (DCA) further supported BDT’s utility, revealing 

reater net clinical benefit across decision thresholds compared to 

R, thereby solidifying its role as a superior classifier for risk strat- 

fication. These conclusions are supported by their ROC, calibration 

urves and decision curves ( Fig. 3 ), as well as the confusion matri-

es for the diagnostic classification problem (Supplementary Mate- 

ial 3) assessing the decisions of the three models 

The conventional CT model had a training set AUC of 0.7286 

95 % CI: 0.6179–0.8393) with sensitivities and specificities of 

.680 and 0.729, respectively, and a test set AUC of 0.646 (95 % 

I: 0.4 47–0.84 47) with sensitivities and specificities of 0.455 and 

.892(Supplementary Material 4), suggesting that its ability to dis- 

riminate between high-risk HBs is fair but needs to be optimized. 

he DeLong test between this model and the BDT model showed a 

ignificant difference in AUC between the two models ( p < 0.001) 

Supplementary Material 5), indicating that the discriminative abil- 

ty of the BGT model was significantly better than that of the con- 

entional CT model. 

. Discussion 

Finding high-risk hepatoblastoma is crucial for choosing the 

est therapeutic approaches in the clinical management of the dis- 

ase [ 21 ]. Based on CECT portal phase pictures of hepatoblastoma, 

e extracted and analyzed radiomics features in this work. After 

hat, we used machine learning to train the radiomics features in 
1806
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rder to create a radiomics model for the diagnosis of high-risk 

epatoblastoma. Our findings demonstrate that high-risk hepato- 

lastoma may be successfully identified by the radiomics-based 

DT, SGD, and LR models, with high AUC and accuracy values in 

oth training and test sets. Furthermore, with accuracy values of 

.966 and 0.875 in the training and test sets, respectively, the opti- 

al BDT model performs well in discriminating between high-risk 

nd non-high-risk patients. These results demonstrate the correla- 

ion between the radiomic features of CECT images and high-risk 

epatoblastoma. 

The enhanced CT radiomics model based on the CHIC-HS sys- 

em proposed in this study, which extracts quantitative features 

uch as intratumoral heterogeneity and portal-phase marginal en- 

ancement gradients, effectively addresses the limitations of tra- 

itional CHIC risk stratification that relies on static clinical pa- 

ameters [ 13 ]. For instance, in PRETEXT IV cases, the radiomics 

odel successfully corrected 6 clinically misclassified high-risk tu- 

ors (which were non-high-risk), demonstrating its potential to 

mprove risk stratification accuracy by capturing tumor microenvi- 

onment heterogeneity [ 22 ]. Notably, although retrospective anal- 

sis revealed that some cases ( n = 6) were initially understaged 

ue to undetected metastases at diagnosis, and 8 cases exhibited 

ostoperative microvascular invasion (difficult to identify radiolog- 

cally), our model incorporated these cases to enhance its abil- 

ty to recognize occult high-risk factors. This radiomic model can 

e used preferentially for preoperative risk stratification of PRE- 

EXT III/IV tumors to guide neoadjuvant therapy or surgical plan- 

ing [ 23 ]. Identifying occult high-risk features (e.g., microvascular 

nvasion) in patients with incomplete biopsy or ambiguous imag- 

ng. Dynamic monitoring of chemotherapy response, leveraging ra- 

iomics’ ability to detect microenvironmental changes earlier than 

onventional metrics [ 24 ]. 

Compared with the current Children’s Oncology Group (COG) 

isk stratification system, our model uniquely enables noninvasive 

reoperative risk prediction. While the COG system depends on 

ostoperative pathological parameters (e.g., resection margin sta- 

us) [ 25 ], the CHIC-HS framework, built on multicenter big data, 

as demonstrated superior prognostic discrimination for Chinese 

epatoblastoma patients in overall survival (OS, P < 0.001) and 

isease-free survival (DFS, P = 0.001) [ 14 ]. Furthermore, to mit- 

gate potential misclassification in PRETEXT staging, this study 

mplemented double-blinded imaging reviews (pre-chemotherapy 

T/MRI) combined with surgical record verification, minimizing 

verstaging bias [ 26 ]. The results indicate that radiomics can objec- 

ively predict risk stratification directly from preoperative CT, pro- 

iding earlier and more reliable guidance for individualized thera- 

eutic decision-making. 
ealth and Social Security de ClinicalKey.es por Elsevier en septiembre 07, 
ación. Copyright ©2025. Elsevier Inc. Todos los derechos reservados.
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Fig. 3. ROC curves, DCA curves, and calibration curves for BDT model, LR model, and SGD model in training group (a, b, c) and validation group (d, e, f). 
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According to earlier research, radiomics and texture analysis 

ave great promise for solid cancer prognostic and pathologic stag- 

ng [ 27 ]. To find UHR subgroups of neuroblastoma patients in a 

igh-risk cohort, several support vector machine models based on 

he radiomic properties of arterial phase pictures were developed 

n a study involving 107 patients with high-risk neuroblastoma 

 28 ]. Other studies have further investigated the predictive value of 

adiomics in the preoperative development of individualized treat- 

ent regimens. The AUC for the training and validation sets of 

he model were 0.877 and 0.867, respectively, indicating that the 

odel has good recognition ability and has good calibration and 

linical applications. Prior studies have shown that tumors with 

he highest imaging heterogeneity have poor prognoses and re- 

pond poorly to neoadjuvant treatment, even though radiomics in 

epatoblastoma has received less attention [ 29 , 30 ]. Cystic alter- 

tions within the tumor can also partially represent heterogeneity. 

his also supports the idea that spatial variability in pictures has 

romise for hepatoblastoma risk grading. Although this is the first 

tudy to systematically explore the association between radiomic 

eatures and hepatoblastoma risk stratification, our findings high- 

ight the potential of spatial heterogeneity in CT images as a novel 

iomarker for improving risk stratification. Importantly, this work 

ridges a critical gap between radiomics research and the clini- 

al framework of precision medicine for pediatric hepatoblastoma. 

y enabling more accurate identification of high-risk patients, our 

odel may indirectly inform therapeutic decision-making, such as 

ptimizing neoadjuvant chemotherapy regimens or surgical plan- 

ing. However, prospective validation with treatment outcome data 

s required to establish its direct clinical utility in tailoring thera- 

ies. 

Higher-order radiomic features, encompassing advanced quan- 

itative descriptors such as textural heterogeneity and wavelet- 

ransformed spatial patterns, are being progressively integrated 
1807
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nto radiomics investigations due to their demonstrated prognostic 

tility in characterizing oncologic disease heterogeneity and treat- 

ent response [ 31 ]. These features quantitatively encapsulate sub- 

isual tumor morphological and textural attributes, including intra- 

umoral heterogeneity and microenvironmental complexity, which 

vade detection through conventional radiological evaluation [ 32 ]. 

his was also demonstrated in our work, where we demonstrated 

hat "busyness" is a feature in the matrix of adjacent grey level 

ifferences and that, in the BDT model, "log_ngtdm_log-sigma-0-5- 

m-3D-Busyness" was the most crucial feature for differentiating 

igh risk from non-high risk. 

High Busyness indicates that the image is “busy”, i.e., the inten- 

ity between a pixel and its neighboring pixels changes rapidly. It 

llows the complexity of the tumor to be calculated. The higher the 

alue, the faster the image grayscale changes, the more inhomoge- 

eous the image, and the more complex the texture information 

f the tumor [ 33 ]. Thus, Busyness may be related to the prolifera-

ive heterogeneity of high-risk hepatoblastoma. In addition, ngtdm 

an provide feature spatial variability metrics including roughness, 

ontrast, redundancy, and texture intensity, thus reflecting the ho- 

ogeneity of the overall grayscale area. ngtdm can effectively cap- 

ure the textural features of high-risk hepatoblastoma, which may 

e due to the heterogeneity of high-risk hepatoblastomas due to 

heir shape and growth pattern. 

Admittedly, this study has some shortcomings. First, because 

his study was a single-center retrospective study with a small 

ample size, further expansion of the sample size or future mul- 

icenter studies are needed. Second, a genome-wide map for the 

dentification of chemotherapeutic genetic modifiers and high-risk 

epatoblastoma cancer-dependent genes was recently discovered 

 34 ]. This map could help identify genes for the identification 

f high-risk hepatoblastoma recurrence. Regretfully, because the 

tudy was retrospective, we only extracted the original radiomic 
ealth and Social Security de ClinicalKey.es por Elsevier en septiembre 07, 
ación. Copyright ©2025. Elsevier Inc. Todos los derechos reservados.



Y. Yang, J. Si, K. Zhang et al. Digestive and Liver Disease 57 (2025) 1802–1809

f

a

s

p

r

t

a

s

o

n

e

m

F

E

C

v

c

i

C

A

o

i

L

t

m

C

t

S

f

R

 

 

 

[

[

[

[

[

[

[

[

[

[

[

[

eatures and did not mine the link between the radiomic features 

nd the biogenetic information. Lastly, this study used the CHIC-HS 

ystem to categorize the risk. To further understand the prediction 

erformance of screening-transformed radiomics features for high- 

isk hepatoblastoma, we are prepared to employ prognostic indica- 

ors such as event-free survival and overall survival in the future. 

In conclusion, the efficacy of the CT-based radiomics model cre- 

ted in this study to identify high-risk hepatoblastoma demon- 

trates the significance of radiomics features for risk stratification 

f HB patients. It would be excellent to carry out additional exter- 

al validation in test cohorts at different universities using differ- 

nt brands of equipment to investigate the generalizability of our 

odel and demonstrate its reproducibility and stability. 

unding 

No. 

thical approval and consent to participate 

Our retrospective cohort study was authorized by the Ethics 

ommittee of the Children’s Hospital of Chongqing Medical Uni- 

ersity (File No. 2023-472-1), which consented to waive informed 

onsent because the data used in this study have no personally 

dentifiable information of patients. 

onsent for publication 

Not applicable. 

uthor statement 

Yanlin Yang and Jiajun Si contributed equally to this work. 

Xin Chen, Yanlin Yang, Jiajun Si : Conceptualization, Methodol- 

gy, Software. Yanlin Yang, Jiajun Si: Data curation, Writing- Orig- 

nal draft preparation. Jun Li,Ke Zhang: Validation, Investigation. 

ing He : Supervision. : Fang Wang,Huan Liu: Software, Visualiza- 

ion. Xin Chen : Writing- Reviewing and Editing,All authors com- 

ented on drafts of the paper and approved the final manuscript. 

onflict of interest 

The authors have no relevant financial or non-financial interests 

o disclose 

upplementary materials 

Supplementary material associated with this article can be 

ound, in the online version, at doi:10.1016/j.dld.2025.06.017 . 

eferences 

[1] Spector LG, Birch J. The epidemiology of hepatoblastoma. Pediatr Blood Cancer 

2012;59:776–9. doi: 10.1002/pbc.24215 . 
[2] Sharma D, Subbarao G, Saxena R. Hepatoblastoma. Semin Diagn Pathol 

2017;34:192–200. doi: 10.1053/j.semdp.2016.12.015 . 
[3] Feng J, Polychronidis G, Heger U, Frongia G, Mehrabi A, Hoffmann K. Incidence 

trends and survival prediction of hepatoblastoma in children: a population- 
based study. Cancer Commun 2019;39:62. doi: 10.1186/s40880- 019- 0411- 7 . 

[4] Perilongo G, Maibach R, Shafford E, Brugieres L, Brock P, Morland B, et al. Cis-
platin versus cisplatin plus doxorubicin for standard-risk hepatoblastoma. N 

Engl J Med 2009;361:1662–70. doi: 10.1056/NEJMoa0810613 . 

[5] Zsiros J, Brugieres L, Brock P, Roebuck D, Maibach R, Child M, et al. Effi-
cacy of irinotecan single drug treatment in children with refractory or re- 

current hepatoblastoma–a phase II trial of the childhood liver tumour strat- 
egy group(SIOPEL). Eur J Cancer 2012;48:3456–64. doi: 10.1016/j.ejca.2012. 

06.023 . 
1808

Descargado para Lucia Angulo (lu.maru26@gmail.com) en National Library of Hea
2025. Para uso personal exclusivamente. No se permiten otros usos sin autorizac
[6] Hishiki T, Watanabe K, Ida K, Hoshino K, Iehara T, Aoki Y, et al. The role
of pulmonary metastasectomy for hepatoblastoma in children with metas- 

tasis atdiagnosis: results from the JPLT-2 study. J Pediatr Surg 2017;52: 
2051–2055 . 

[7] Katzenstein HM, Langham MR, Malogolowkin MH, et al. Minimal ad- 
juvant chemotherapy for children with hepatoblastoma resected at di- 

agnosis (AHEP0731): a Children’s Oncology Group, multicentre,phase 3 
trial. Lancet Oncol 2019;20(5):719–27. https://pubmed.ncbi.nlm.nih.gov/ 

30975630/ . 

[8] Perilongo G, Maibach R, Shafford E, et al. Cisplatin versus cis-platin plus dox- 
orubicin for standard-risk hepatoblastoma. N Engl J Med 2009;361(17):1662–

70. https://pubmed.ncbi.nlm.nih.gov/19846851/ . 
[9] Zsiros J, Brugieres L, Brock P, et al. Dose-dense cisplatin-based chemotherapy 

and surgery for childrenwith high-risk hepatoblastoma (SIOPEL-4): a prospec- 
tive, single-arm, feasibility study. Lancet Oncol 2013;14(9):834–42. https:// 

pubmed.ncbi.nlm.nih.gov/23831416/6/j.jpedsurg.2017.08.031 . 

[10] Srinivasan S, Prasad M, Parambil BC, et al. Treatment outcomes and prognostic 
factors in children with hepatoblastoma using a risk-stratified approach. Pedi- 

atr Blood Cancer 2023;70(7):e30302. doi: 10.1002/pbc.30302 . 
[11] Agarwala S, Gupta A, Bansal D, et al. Management of hepatoblastoma: ICMR 

consensus document. Indian J Pediatr 2017;84(6):456–64. https://pubmed. 
ncbi.nlm.nih.gov/28353129/ . 

12] Arora RS. Outcomes of hepatoblastoma in the Indian context. Indian Pediatr 

2012;49(4):307–9. https://pubmed.ncbi.nlm.nih.gov/22080621/ . 
[13] Meyers RL, Maibach R, Hiyama E, et al. Risk- -stratified staging inpaediatric hep- 

atoblastoma: a unified analysis from the Children’s hepatic tumors Interna- 
tional Collaboration. Lancet Oncol 2017;18:122–31 . 

[14] Huang J, Hu Y, Jiang H, et al. CHIC risk stratification system for predicting 
the survival of children with hepatoblastoma: data from children with hep- 

atoblastoma in China. Front Oncol 2020;10:552079 Published 2020 Nov 18. 

doi: 10.3389/fonc.2020.552079 . 
[15] Kim PH, Hwang J, Yoon HM, et al. Outcome of staging chest CT and 

identification of factors associated with lung metastasis in children with 
hepatoblastoma. Eur Radiol 2021;31(12):8850–7. doi: 10.10 07/s0 0330-021- 

08047-w . 
[16] Tolbert VP, Matthay KK. Neuroblastoma: clinical and biological approach to 

risk stratification and treatment. Cell Tissue Res 2018;372(2):195–209. doi: 10. 

10 07/s0 0441- 018- 2821- 2 . 
[17] Li M, Fan Y, You H, et al. Dual-energy CT deep learning radiomics 

to predict macrotrabecular-massive hepatocellular carcinoma. Radiology 
2023;308(2):e230255. doi: 10.1148/radiol.230255 . 

[18] Perik TH, van Genugten EAJ, Aarntzen EHJG, Smit EJ, Huisman HJ, Her- 
mans JJ. Quantitative CT perfusion imaging in patients with pancreatic can- 

cer: a systematic review. Abdom Radiol 2022;47(9):3101–17. doi: 10.1007/ 

s00261- 021- 03190- w . 
[19] Russo L, Charles-Davies D, Bottazzi S, Sala E, Boldrini L. Radiomics for clin- 

ical decision support in radiation oncology. Clin Oncol 2024;36(8):e269–81. 
doi: 10.1016/j.clon.2024.03.003 . 

20] Yang Y, Wang H, Si J, et al. Predicting response of hepatoblastoma primary le- 
sions to neoadjuvant chemotherapy through contrast-enhanced computed to- 

mography radiomics. J Cancer Res Clin Oncol 2024;150(5):223 Published 2024 
Apr 30. doi: 10.10 07/s0 0432- 024- 05746- x . 

21] Katzenstein Howard M, et al. Upfront window vincristine/irinotecan treatment 

of high-risk hepatoblastoma: a report from the Children’s Oncology Group 
AHEP0731 study committee. Cancer 2017;123(12):2360–7. doi: 10.1002/cncr. 

30591 . 
22] Markich R, Palussière J, Catena V, et al. Radiomics complements clini- 

cal, radiological, and technical features to assess local control of colorec- 
tal cancer lung metastases treated with radiofrequency ablation. Eur Radiol 

2021;31(11):8302–14. doi: 10.10 07/s0 0330- 021- 07998- 4 . 

23] Boster JM, Superina R, Mazariegos GV, et al. Predictors of survival following 
liver transplantation for pediatric hepatoblastoma and hepatocellular carci- 

noma: experience from the Society of Pediatric Liver Transplantation (SPLIT). 
Am J Transplant 2022;22(5):1396–408. doi: 10.1111/ajt.16945 . 

24] O’Connor JP, Aboagye EO, Adams JE, et al. Imaging biomarker roadmap for can- 
cer studies. Nat Rev Clin Oncol 2017;14(3):169–86. doi: 10.1038/nrclinonc.2016. 

162 . 

25] Ranganathan S, Lopez-Terrada D, Alaggio R. Hepatoblastoma and pediatric 
hepatocellular carcinoma: an update. Pediatr Dev Pathol 2020;23(2):79–95. 

doi: 10.1177/1093526619875228 . 
26] Nanaa M, Gupta VO, Hickman SE, et al. Accuracy of an artificial intelligence 

system for interval breast cancer detection at screening mammography. Radi- 
ology 2024;312(2):e232303. doi: 10.1148/radiol.232303 . 

27] Association of computed tomography radiomics signature with progression- 

free survival in neuroblastoma patients. Clin Oncol 2023;35(11). doi: 10.1016/j. 
clon.2023.06.008 . 

28] Identification of an ultra-high-risk subgroup of neuroblastoma patients within 
the high-risk cohort using a computed tomography-based radiomics approach. 

Acad Radiol 2023;31(4). doi: 10.1016/j.acra.2023.08.022 . 
29] Chen Y, Froelich MF, Tharmaseelan H, et al. Computed tomography imag- 

ing phenotypes of hepatoblastoma identified from radiomics signatures 

are associated with the efficacy of neoadjuvant chemotherapy. Pediatr 
Radiol 2023 Published online November 20. doi: 10.10 07/s0 0247-023- 

05793-5 . 
30] O’Connor JP, Rose CJ, Waterton JC, Carano RA, Parker GJ, Jackson A. Imag- 

ing intratumor heterogeneity: role in therapy response, resistance, and clin- 
lth and Social Security de ClinicalKey.es por Elsevier en septiembre 07, 
ión. Copyright ©2025. Elsevier Inc. Todos los derechos reservados.

https://doi.org/10.1016/j.dld.2025.06.017
https://doi.org/10.1002/pbc.24215
https://doi.org/10.1053/j.semdp.2016.12.015
https://doi.org/10.1186/s40880-019-0411-7
https://doi.org/10.1056/NEJMoa0810613
https://doi.org/10.1016/j.ejca.2012.penalty -@M 06.023
http://refhub.elsevier.com/S1590-8658(25)00882-5/sbref0006
https://pubmed.ncbi.nlm.nih.gov/30975630/
https://pubmed.ncbi.nlm.nih.gov/19846851/
https://pubmed.ncbi.nlm.nih.gov/23831416/6/j.jpedsurg.2017.08.031
https://doi.org/10.1002/pbc.30302
https://pubmed.ncbi.nlm.nih.gov/28353129/
https://pubmed.ncbi.nlm.nih.gov/22080621/
http://refhub.elsevier.com/S1590-8658(25)00882-5/sbref0013
https://doi.org/10.3389/fonc.2020.552079
https://doi.org/10.1007/s00330-021-penalty -@M 08047-w
https://doi.org/10.1007/s00441-018-2821-2
https://doi.org/10.1148/radiol.230255
https://doi.org/10.1007/s00261-021-03190-w
https://doi.org/10.1016/j.clon.2024.03.003
https://doi.org/10.1007/s00432-024-05746-x
https://doi.org/10.1002/cncr.30591
https://doi.org/10.1007/s00330-021-07998-4
https://doi.org/10.1111/ajt.16945
https://doi.org/10.1038/nrclinonc.2016.162
https://doi.org/10.1177/1093526619875228
https://doi.org/10.1148/radiol.232303
https://doi.org/10.1016/j.clon.2023.06.008
https://doi.org/10.1016/j.acra.2023.08.022
https://doi.org/10.1007/s00247-023-penalty -@M 05793-5


Y. Yang, J. Si, K. Zhang et al. Digestive and Liver Disease 57 (2025) 1802–1809

[  

[

[  

[

ical outcome. Clin Cancer Res 2015;21(2):249–57. doi: 10.1158/1078-0432. 
CCR- 14- 0990 . 

31] Jing R, Wang J, Li J, Wang X, Li B, Xue F, Shao G, Xue H. A wavelet features
derived radiomics nomogram for prediction of malignant and benign early- 

stage lung nodules. Sci Rep 2021;11:22330. doi: 10.1038/s41598- 021- 01470- 5 . 
32] Computational radiomics system to decode the radiographic phenotype. Can- 

cer Res 2017;77:e104–7 Abstract/FREE Full TextGoogle Schola. doi: 10.1158/ 
0 0 08- 5472.CAN- 17- 0339 . 
1809

Descargado para Lucia Angulo (lu.maru26@gmail.com) en National Library of Hea
2025. Para uso personal exclusivamente. No se permiten otros usos sin autorizac
33] Rossi L, Bijman R, Schillemans W, Aluwini S, Cavedon C, Witte M, et al. Tex-
ture analysis of 3D dose distributions forpredictive modelling of toxicity rates 

in radiotherapy. Radiother Oncol 2018;129:548e553. doi: 10.1016/j.radonc.2018. 
07.027 . 

34] Fang J, Singh S, Cheng C, et al. Genome-wide mapping of cancer depen- 
dency genes and genetic modifiers of chemotherapy in high-risk hepato- 

blastoma. Nat Commun 2023;14(1):4003 Published 2023 Jul 6. doi: 10.1038/ 
s41467- 023- 39717- 6 . 
lth and Social Security de ClinicalKey.es por Elsevier en septiembre 07, 
ión. Copyright ©2025. Elsevier Inc. Todos los derechos reservados.

https://doi.org/10.1158/1078-0432.CCR-14-0990
https://doi.org/10.1038/s41598-021-01470-5
https://doi.org/10.1158/0008-5472.CAN-17-0339
https://doi.org/10.1016/j.radonc.2018.07.027
https://doi.org/10.1038/s41467-023-39717-6

	Identification of high-risk hepatoblastoma in the CHIC risk stratification system based on enhanced CT radiomics features
	1 Introduction
	2 Methods
	2.1 Patients
	2.2 CT scan
	2.3 Radiomics feature analysis
	2.4 Selection of radiomics features
	2.5 Model performance evaluation
	2.6 Statistical analyses

	3 Results
	3.1 Patients
	3.2 CT features
	3.3 Radiomics feature selection and model building
	3.4 Machine learning model performance

	4 Discussion
	Funding
	Ethical approval and consent to participate
	Consent for publication
	Author statement
	Conflict of interest
	Supplementary materials
	References


