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Abstract Background Hepatocellular carcinoma (HCC) is a leading cause of cancer-related
deaths, with transarterial chemoembolization (TACE) being a key treatment for
intermediate-stage cases. Accurate prediction of TACE response remains challenging,
prompting the exploration of machine learning (ML) models.
Aim This study aims to investigate ML models for predicting the response to TACE in
HCC patients.
Materials and Methods We utilized the public “WAW-TACE” data set. This data set
comprises clinical data and multiphasic computed tomography (CT) images with their
corresponding masks. We divided this data set randomly into 183 training and
validation cases and 50 held-out test cases. Four models were trained: (A) clinical
model incorporating demographic and laboratory parameters, (B) radiomic model
using PyRadiomics-extracted features, (C) deep neural network (DNN) using multi-
phasic CT images processed with MaskedAttentionViT, and (D) combined clinicoradio-
logical model. Performance was assessed using fivefold cross-validation and testing on
a held-out data set to predict a lack of response to TACE.
Results There were 64 (37%) responders and 109 (63%) nonresponders in the training
set. There were 13 (26%) responders and 37 (74%) nonresponders in the test set. In the
held-out test set, the clinical support vector machine model achieved an accuracy of
70%, sensitivity of 78.9%, specificity of 50%, and area under the curve (AUC) of 0.778 for
predicting failure of TACE. The radiomic logistic regression model demonstrated an
accuracy of 76.1%, sensitivity of 85.4%, specificity of 18.2%, and AUC of 0.740. The DNN
had an accuracy of 63%, sensitivity of 65.7%, specificity of 54.5%, and AUC of 0.601. The
combined clinicoradiological model yielded an accuracy of 55.6%, sensitivity of 50%,
specificity of 72.7%, and AUC of 0.639.
Conclusion We utilized a multimodal approach to predict response to TACE in HCC
patients. Further optimization and multicenter data sets are required to enhance
predictive accuracy further.
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Introduction

Hepatocellular carcinoma (HCC) is themost common primary
liver cancer, with an increasing global incidence, particularly
in regionswithhighprevalenceofchronic liverdisease, suchas
Asia and sub-Saharan Africa.1 According to the World Health
Organization, liver cancer ranks as the sixth most common
cancer and the third leading cause of cancer-related deaths
worldwide.2 As a result, HCC represents a significant public
health challenge. One of the critical issues in managing HCC is
the delayed diagnosis, often due to vague or nonspecific
complaints in its initial stages. Many patients are diagnosed
at an intermediate or advanced stage not amenable to surgical
resection or liver transplantation.3 Transarterial chemoembo-
lization (TACE) is a widely used locoregional therapy for
treating intermediate and advanced HCC. Despite its efficacy
in improving survival rates, TACE is not universally effective,
and the response to treatment varies significantly across
individuals.4,5 Predicting the response to TACE remains a
significant challenge, as treatment outcomes depend on a
multitude of factors, including tumor characteristics, liver
function, and the underlying liver disease.6–8 Accurate predic-
tionof the response toTACE couldhelp guidepatient selection,
optimize treatment planning, and improve patient outcomes.
Traditional prediction methods, such as clinical staging sys-
tems and imaging evaluation, often fail to provide sufficient
accuracy to predict outcomes effectively.6–8 This limitation
highlights theneed for novel approaches incorporatingdiverse
data sources, including clinical, laboratory, and imaging fea-
tures, to improve predictive accuracy.

Over the past decade, there has been growing interest in
using machine learning (ML) techniques to enhance medical
imaging and clinical decision-making. ML has shown prom-
ise in automating image analysis, identifying subtle patterns
that may not be evident to the human eye, and developing
predictive models incorporating complex, multidimensional
data. In the context of HCC, ML models have been applied to
early detection, tumor classification, and treatment response
prediction.9 Previous studies exploring ML predicting the
response to TACE have primarily focused on clinical data,
radiomic features, or imaging-based approaches, often with
mixed results.10–12 While some studies have demonstrated
promising outcomes using ML models based on clinical
parameters and imaging data, integrating multiple data
types and optimizing ML algorithms for better performance
remain active areas of research. The current study aims to
compare the performance of clinical, radiomics, image-
based, and combined ML models for predicting the response
to TACE in patients with HCC.

Materials and Methods

The “WAW-TACE: A Hepatocellular Carcinoma Multiphase CT
Dataset with Segmentations, Radiomics Features, and Clinical
Data” is a publicly available data set designed for research on
HCC and its treatment responses.13 The data set includes
multiphasic computed tomography (CT) images of HCC
patientswhohaveundergoneTACE, alongwith segmentations

of liver lesions and extraction of radiomic features. In addition
to imaging data, the data set provides comprehensive clinical
data, including patient demographics, laboratory values, tu-
mor characteristics, and response to TACE. The data set was
split into a training set of 183patients and aheld-out test set of
50 patients (►Table 1). We used data from the lesion. The
response was documented after the first cycle of TACE using
the 2017 LR-TR (Liver Imaging Reporting and Data System
[LI-RADS] Tumor Response) criteria.14 We classified tumor
response into binary with nonviable tumors assigned to
responders and equivocal and viable tumors assigned to non-
responders. The ethics committee approval and informed
written consent were not applicable to our study as a public
data set was used. Below, we discuss the methodology for
developing clinical, radiomics, image-based, and combined
clinicoradiological models.

Clinical Model
The clinical parameters used for model development includ-
ed age, gender, lesion number, lesion localization, maximum
tumor diameter in the axial plane in the portal venous phase,
lesion LI-RADS score, laboratory values (albumin, creatinine,
bilirubin, alpha-fetoprotein, international normalized ratio,
alanine aminotransferase), Child–Pugh score, Barcelona Clin-
ic Liver Cancer (BCLC) stage, etiology (alcoholic, viral, and
other), as well as other scores related to hepatic function
(hepatoma arterial embolization prognostic [HAP] score,15

modified HAP score,16 Albumin-Bilirubin Transarterial Em-
bolization score,17 and six-and-twelve score).18

The training data set was preprocessed as follows: first,
the features were standardized to ensure that each feature
contributed equally to the model training. Missing values in
the clinical features were handled using mean imputation.
The training datawas then split into an 80% training set and a
20% validation set. Five-model cross-validation was per-
formed. A set of five commonly used ML algorithms was
trained and tested for their ability to predict treatment
response: random forest (RF), support vector machine
(SVM), logistic regression (LR), gradient boosting (GB), and
XGBoost (XGB). These models were selected for their ability
to handle small and large data sets, interpretability, and
general applicability to clinical data. To optimize model
hyperparameters, grid search was used with a predefined
hyperparameter grid for each model. Once the optimal
hyperparameters were identified, the models were trained
on the whole training set, and their performance was evalu-
ated on the held-out test set.

Radiomic Models
Radiomic features were extracted from tumor regions using
segmentation masks corresponding to the imaging phase in
which the tumor was best visualized. Segmentation masks
were resampled to match the image size and ensure align-
ment during feature extraction. The PyRadiomics package
(version 3.0.1) was used to extract various features.19 Fea-
tures were standardized, and the top 30 features were
selected using LASSO (Least Absolute Shrinkage and Selec-
tion Operator). RF, SVM, LR, GB, and XGB were trained.
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Hyperparameter tuning was performed using grid search
with fivefold stratified cross-validation.

Image-Based Deep Neural Network
Each image was resized to 224�224 pixels to match the
input requirements of the pretrained Vision Transformer
(ViT) model (►Fig. 1). The images and masks were trans-
formed into tensors. Data augmentation techniques such as
random horizontal and vertical flips were used. A custom
neural network model named MaskedAttentionViT was de-
veloped, leveraging a pretrained ViT model from the timm
library. The original classification head of the ViT model was
replaced with a custom head consisting of a dropout layer
and a linear classifier. The model takes both the image and
the corresponding mask as inputs, applying the mask to the
image before feeding it into the ViT model to focus on the
regions of interest. The focal loss function and weighted
random sampling were employed to address the class im-
balance and improve model robustness. Focal loss function
adjusts the learning process by focusing more on hard-to-
classify samples. Weighted random sampling ensured that
each class was equally represented in each batch. The
AdamW optimizer was used with a learning rate scheduler
to adjust the learning rate based on the validation loss. An
early stopping mechanism was implemented to prevent
overfitting. Training was terminated if the validation loss
did not improve for a specified number of epochs. The
training and evaluation were done in a system with Intel
(R) Xeon(R) Gold 5218 processor and four Nvidia Tesla V100
32 GB graphics processing unit (GPU).

Combined Model
This model was trained using a hybrid approach integrating
clinical data (see above) and imaging data (comprising
images with their corresponding masks). We used a custom
neural network model named MaskedAttentionViT to ex-
tract features from the imaging data. The clinical data was
preprocessed by one-hot encoding categorical variables and
normalizing quantitative variables. These features were then
concatenatedwith the imaging features extracted by the ViT.

The combined data set was used to train a neural network.
The training and evaluationwere done in a systemwith Intel
(R) Xeon(R) Gold 5218 processor and four Nvidia Tesla V100
32 GB GPUs.

Statistical Analysis
The performance metrics included accuracy, sensitivity,
specificity, and F1 score. Sensitivity and specificity were
calculated using the recall values for the positive and nega-
tive classes, respectively. Additionally, the receiver operating
characteristic (ROC) curve and area under the curve (AUC)
were computed to assess the discriminative power of the
models. The importance of each model’s features was visu-
alized using bar plots and heat maps. To evaluate themodel’s
performance at the patient level, predictions for each patient
were averaged across all folds. The final patient-levelmetrics
were calculated using these averaged predictions. The sta-
tistical analyses were performed using SciPy 1.1.0 (Austin,
Texas, United States).

Results

Baseline Characteristics
The baseline characteristics of all the overall groups are given
at https://pubs.rsna.org/doi/full/10.1148/ryai.240296.13 The
median age is 66 (28–86) years. There are 185 (79.4%) males.
Most (n¼149) patients have single HCC. The baseline charac-
teristics of the test set are given in►Table 1. Themedian age is
66.5 years (interquartile range 13.75). There are 78% males.
Single HCC is present in 64% of the patients.

Responder versus Nonresponders
Overall, there were 77 (33%) responders and 156 (67%)
nonresponders. In the training set, there were 64 (37%)
responders and 109 (63%) nonresponders. In the test set,
therewere 13 (26%) responders and 37 (74%) nonresponders.

Clinical Model
The clinical model achieved an average accuracy of 70%,
sensitivity of 76.3%, specificity of 50%, and AUC of 0.693.

Fig. 1 Representative computed tomography (CT) images from theWAW-TACE data set. (A) Axial arterial phase CT image and the corresponding
mask (inset) of a patient who responded to transarterial chemoembolization shows a well-defined arterial phase hyperenhancing mass in
segment 8 (arrow). (B) Axial arterial phase CT image and the corresponding mask (inset) of a patient who had a failure to transarterial
chemoembolization shows a large ill-defined arterial phase hyperenhancing mass in segment 3 (arrow).
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Among individual algorithms, SVM performed the best, with
an accuracy of 72%, sensitivity of 78.9%, specificity of 50%,
and AUC of 0.779 (►Table 2).

Radiomic Model
A total of 131 radiomic featureswere extracted. The radiomic
models demonstrated high sensitivity but low specificity.
Logistic regression achieved the highest AUC of 0.743, with
an accuracy of 76.1%, sensitivity of 85.7%, and specificity of
18.2% (►Table 2).

Image-Based Deep Neural Network
Utilizing the MaskedAttentionViT architecture, the deep
learning model achieved a moderate accuracy of 63%, sensi-
tivity of 65.7%, specificity of 54.5%, and an AUC of 0.601
(►Table 2).

Combined Model
The combined model yielded an accuracy of 55.6%,
sensitivity of 50%, specificity of 72.7%, and AUC of 0.639
(►Table 2).

►Fig. 2 shows the ROC curves of various models,
and►Fig. 3 shows the feature importancemap of the clinical
and radiomics models. The top five clinical features contrib-
uting to model performance were the six-and-twelve score,
tumor diameter, serum albumin, bilirubin, and creatinine.
The topfive radiomics featureswere shape andgray level size
zonematrix (glszm) features.►Fig. 4 shows theheatmap of a
patient where the combined model accurately predicted the
response to TACE.

Discussion

Our study explored clinical, radiomics, image-based deep
neural network (DNN), and combined models for predicting
the failure of the first session of TACE in HCC patients. Our
results indicate that different models excelled in distinct
performance metrics, highlighting the tradeoffs between
sensitivity and specificity across approaches. The clinical
model demonstrated reliable predictive capabilities, with
SVM emerging as the top performer. Its balanced accuracy
and sensitivity suggest that clinical parameters such as
tumor characteristics and liver function contribute signifi-
cantly to predicting TACE failure. Radiomics models, with
their high sensitivity, proved effective in identifying non-
responders, likely due to the rich quantitative features de-
rived from CT images. Nevertheless, the lack of specificity
suggests overfitting to the nonresponder class, limiting their
generalizability. The image-based DNNs had moderate accu-
racy, sensitivity, and specificity. The combinedmodel yielded
the best specificity but modest sensitivity. These results
suggest the potential of different models in evaluating
TACE response, yet highlighting that further research and
experimentation with large multicenter data sets is critical
to improving the accuracy and generalization further.

Previous studies utilizing CT data to predict response to
TACE inHCChavebeenpublished.Morshid et al reported that
the RF classifier model utilizing the BCLC stage and quanti-
tative CT features performed better (accuracy of 74.2%) than
the BCLC stage alone (accuracy of 62.9%). The AUC of the
combined model was 0.73.10 However, this study did not

Table 2 Performance of various machine learning models

Model Accuracy Sensitivity Specificity F1 score AUC

Clinical

Random forest 70 78.9 41.6 80 0.692

SVM 72 78.9 50 81 0.778

Logistic regression 58 57.8 58.3 67.6 0.719

XGBoost 68 81.5 25 79.4 0.632

Gradient boosting 66 78.9 25 77.9 0.661

Radiomics

Random forest 60.8 74.2 18.2 74.2 0.403

SVM 67.3 80.5 0 88.5 0.542

XGBoost 76.1 86.4 0 100 0.496

Gradient boosting 76.1 86.4 0 100 0.488

Logistic regression 76.1 85.7 18.2 94.2 0.742

DNN

Masked_ViT 63 65.7 54.5 73 0.601

Combined

ClinicalþMasked_ViT 55.5 50 72.2 62.9 0.639

Abbreviation: AUC, area under the curve; DNN, deep neural network; SVM, support vector machines; ViT, VisionTransformer; XGB, extreme gradient
boosting.
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report the detailed metrics and was limited by the majority
of the tumors being BCLC C and D compared to the WAW-
TACE data set, where all tumors are BCLC A or B. A study by
Zhang et al, comprising 110 patients, utilized portal vein
tumor thrombosis type, albumin level, and distribution of
tumors within the liver, for predictive model building.11 The
RF model showed the best performance, with accuracy,
sensitivity, specificity, and AUC of 78.4%, 90.4%, 48%, and
0.802, respectively. The authors, however, did not report the
performance in a held-out test set. The lower specificity is

similar to our clinical and radiomicmodels. In another recent
study, a combined clinical-CT RF model comprising mean
diameter, Eastern Cooperative Oncology Group performance
status, cirrhosis, and mean attenuation values of target
lesions on multiphase contrast-enhanced CT, arterial, portal
venous, and arterial portal venous enhancement ratios had
the best performance (sensitivity 75%, specificity 75.4%, and
AUC 0.800), for predicting response to TACE.12 However, to
our knowledge, none of the reported studies explored the
potential of utilizing multiple clinical parameters (as

Fig. 2 Receiver operating characteristic curves of different models.

Fig. 3 Feature importance map for the clinical model.
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reported in the WAW-TACE data set), DNN features, and
combining clinical and DNN features. However, our model’s
moderate performance may reflect data size and heteroge-
neity limitations. Our approach utilizing the WAW-TACE
data set may encourage further research on multicenter
data sets that may yield a more realistic performance for
response prediction.

Therewere a few limitations to our study. First, theWAW-
TACE data set is a single-center data. Second, the data set is
heterogeneous in terms of lesion characteristics and type of
CTscanner. Third, the diagnosis of HCCwas based on LI-RADS
comprising categories LR-4, 5, and M, and histological con-
firmation was unavailable. Fourth, the treatment response
was assessed by a single radiologist based on the LI-RADS
treatment response criteria. Finally, as all the contrast phases
were not available in all patients, we utilized the images and
corresponding masks where the tumor was best visualized,
potentially affecting the performance of the image-based
models.

In conclusion, we explored a multimodal approach to
assess TACE response. However, the models achieved a
moderate performance due to the data set limitations. Fur-
ther research incorporatingmulticenter large data sets could
refine model performance, paving the way for personalized
treatment planning in HCC.
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