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Purpose: The aim of this study was to develop and validate a predictive model for early refractoriness to transarterial chemoembo-
lization (TACE)—termed early TACE refractoriness (ETR)—in patients with hepatocellular carcinoma (HCC). The model integrates
contrast-enhanced CT (CECT) shell features (annular features at the tumor-liver parenchyma interface) with the Vision-Mamba (Vim)
architecture, known for its efficiency in handling high-resolution medical images.

Patients and Methods: This study was a two-center and retrospective study. Patients from center 1 were divided into the training set
(n=254) and validation set (n=108), while patients from center 2 were used as the testing set (n=75). A joint model was constructed to
predict ETR, and four Vim models without clinical features and 14 machine learning models based on clinical features were also
developed for comparison. Model performance was evaluated by the accuracy, area under the curve (AUC), calibration curve,
sensitivity, specificity, decision curve analysis (DCA) and Delong test. SHapley Additive exPlanations(SHAP) analysis were used
to explain the predictions.

Results: The combined model based on the Vim framework performs better than others. The AUC of the combined model in the
training set, validation set and test set were 0.959, 0.956 and 0.942, respectively. The calibration curve and DCA verified the
practicality of the combined model in clinical practice. SHAP provides a visual interpretation of the model.

Conclusion: The Vim-based model integrating CECT and shell features shows promise for ETR prediction, offering a preliminary
stratification tool. However, it remains a promising step rather than a definitive solution, requiring prospective validation due to the
retrospective design and limited validation.

Keywords: hepatocellular carcinoma, transarterial chemoembolization refractoriness, vision-mamba, contrast-enhanced CT, shell
feature

Introduction

Studies have shown that patients with TACE refractoriness have a poor survival prognosis.'* The determination of TACE
refractoriness is made after a patient has undergone at least two to three TACE procedures. However, repeated ineffective
TACE not only further compromises liver function and causes patient suffering, but also compromises patients’ eligibility
for subsequent therapies. Early identification of patients at high risk of ETR, combined with the timely initiation of
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additional therapies such as systemic treatment, could lead to improved tumor response, a reduced incidence of vascular
invasion or extrahepatic metastasis, and more favorable survival outcomes.

Currently, there is a critical clinical need for an effective predictive model for ETR. Although several predictive
models for TACE refractoriness have been developed based on clinical information and radiomics, they have not
achieved widespread clinical acceptance or application.>> These clinical-only scoring systems are convenient for clinical
use, but their ability to mine imaging features reflecting tumor heterogeneity is limited. Radiomics demonstrates
predictive value for response to TACE by quantitatively extracting whole-tumor features from imaging data.’
However, radiomics is constrained by two key limitations: its dependence on target volume delineation and its
representation of features by predefined values, both of which can lead to the loss of complex details. In contrast, end-
to-end deep learning methods facilitate holistic processing from input to output, enabling models to learn relevant
features directly from the input data. Previous studies have also demonstrated that features captured by deep learning
algorithms can effectively predict treatment response, recurrence, distant metastasis and survival outcomes in patients
with HCC.®® On the other hand, the definition of TACE refractoriness in HCC encompasses not only the intra-tumoral
response to TACE but also vascular invasion and distant metastasis, reflecting the tumor’s invasive and metastatic
properties. The tumor-liver parenchyma interface is the region of most active tumor growth. Research has found that the
interaction between the tumor and its microenvironment is correlated with local invasion and distant metastasis.” Typical
changes in cancer cells at the tumor boundary, such as epithelial-to-mesenchymal transition, manifest as dual alterations
in both cell morphology and function. This leads to decreased intercellular adhesion and enhanced migratory properties.
Some of these cancer cells can acquire metastasis-like cancer stem cell-like characteristics, with increased heterogeneity,
invasiveness, and therapeutic resistance. This suggests that the interface between the tumor and liver tissue may provide
phenotypic information related to tumor invasion and metastasis, thereby making the development of predictive models
possible. Extracting quantitative imaging features associated with the cellular phenotype of the tumor-liver parenchyma
interface may allow for a quantitative reflection of the pathological heterogeneity at the tumor margin. The predictive
value of features extracted from the tumor-normal tissue interface has been successfully demonstrated. Specifically,
tumor shell features (consisting of outer voxels around the tumor boundary) have proven effective in forecasting distant
metastasis post-treatment in patients with non-small cell lung cancer and cervical cancer.'® Zhang, K. et al further support
this potential by showing that peritumoral radiomics features are strong predictors of peritumoral microvascular invasion
and survival outcomes in HCC."""'? Accordingly, we sought to develop an ETR prediction model integrating the Vim
deep learning method with CECT images and shell features.

Materials and Methods

Patient Enrollment

This study was conducted in accordance with the Transparent Reporting of a multivariable prediction model for
Individual Prognosis or Diagnosis (TRIPOD) guidelines. A total of 437 patients from 2 centers were enrolled: (1)
Center 1, 362 patients, data from November 2016 to December 2024, were randomly divided into training set (70% of
patients) and validation set (30% of patients); (2) Center 2, 75 patients, patients admitted from January 2019 to
December 2023 were used as the external test set (Figure 1). Inclusion criteria: (1) diagnosed with HCC according to
the European Association for the Study of the Liver (EASL) criteria. (2) BCLC stage A or B (patients with BCLC stage
A were those ineligible for surgical resection or radiofrequency ablation). (3) Age > 18 years. (4) Underwent an
abdominal CECT within 1 month before the initial TACE procedure. (5) Child-Pugh class A or B. (6) Eastern
Cooperative Oncology Group (ECOG) performance status of 0 or 1.Exclusion criteria: (1) Patients with poor-quality
preoperative CECT images. (2) Concomitant other malignancies. (3) A history of prior HCC-related treatment. (4)
Patients with incomplete clinical data.

TACE Procedure and Follow-Up

TACE procedures were performed by interventional radiologists with over 15 years of experience and their assistants.
Conventional TACE(cTACE) was performed on all patients. For cTACE, a mixed emulsion of a chemotherapeutic agent

2 https: Journal of Hepatocellular Carcinoma 2026:13



Zhao et al

Patients with HCC treated by TACE from November Patients with HCC treated by TACE from January 2019
2016 to December 2024 in Center 1(n=568) to December 2023 in Center 2(n=217)

Exclusion Criteria:

* Previous HCC-related treatment: (center1=68,center2=55)

— + Poor quality of CT images: (center1=32,center2=23) D a—
* Incomplete clinical data: (center1=120,center2=57)

» Combined with other malignant tumors: (center1=16,center2=7)
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Eligible the inclusion criteria (n=362)

v
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(n=108) External testing cohort (n=75)
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Figure | Flowchart of patients’ enroliment. Light blue boxes (top and middle) represent the original data and patient inclusion process. The light red box (middle) indicates
the exclusion criteria. Light green boxes (bottom) denote the final cohort groupings.
Abbreviations: HCC, hepatocellular carcinoma; TACE, transarterial chemoembolization.

(epirubicin, 10-40 mg) and lipiodol (5—10 mL) was first injected, followed by the injection of an appropriate amount of
gelatin sponge particles to embolize the tumor-feeding arteries.

Follow-up, including non-contrast chest CT, upper abdominal CECT or contrast-enhanced MRI, and alpha fetoprote-
(AFP) levels, was conducted 4 to 8 weeks after the initial TACE. Subsequent follow-ups using the same modalities were
performed 1 to 3 months after each subsequent TACE. Based on the results of each re-evaluation, the need for repeat
TACE or a transition to other treatment plans (such as combined with systemic therapy) was assessed.

ETR Evaluation

The efficacy of TACE for each patient was evaluated according to the modified Response Evaluation Criteria in Solid
Tumors (mRECIST)."® For this study, we defined ETR as events occurring within three months of the first two
consecutive TACE procedures. For patients with BCLC stage A/B, refractoriness was met if any of the following
were observed: (i) residual activity in target intrahepatic lesions exceeding 50% of the baseline, or the emergence of new
intrahepatic lesions at each follow-up; (ii) new vascular invasion; (iii) new extrahepatic metastasis; or (iv) a continuous

rise in post-procedure AFP.

Image Acquisition and Processing

Before TACE, all patients underwent a 64-slice CT scanner to collect CECT images according to the standard liver scan
protocol. The detailed scanning parameters are shown in Table S1. The obtained CECT images were resampled and
density-normalized. All CT images were resampled to an isotropic resolution of 1 x 1x1 mm?® during preprocessing. HCC
lesions before the initial TACE treatment were defined as regions of interest (ROI). These ROIs were manually
delineated on the images by two independent physicians, each with over five years of clinical experience, using 3D
Slicer software. The ROIs were further reviewed and manually refined by a senior physician with over 20 years of
experience in the field. Any discrepancies were resolved through group discussion. The ROIs were then cropped from the

CT images to isolate the tumor regions for analysis (Figure 2a).
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Figure 2 (a) Overview of the predicting models construction, evaluation and interpretation. Firstly,the CT images were preprocessed to obtain the ROI. The red dashed
rectangle indicates the HCC lesion on the CT image. The red solid rectangle shows a locally magnified view of the HCC after boundary delineation. Solid elliptical contours
in red, blue, and green represent the HCC ROIs. The clinical features were also collected. The ellipsis (...) indicates that additional clinical factors (e.g., age, sex, tumor
location) were collected but omitted here due to space constraints. Secondly, cropped ROI images, enhanced CT, radiomics feature maps, clinical, and shell features were
input to the Vision-Mamba Model. Additionally, selected clinical features were input into other machine learning models. The plus sign inside a circle (®) represents
integrating selected clinical features with the enhancement model to develop the combined model. Finally, the prediction models were evaluated using ROC curves,
calibration curves, decision curve analysis, and Delong tests, with SHAP value maps visualizing the regions of CT images focused on by the Vision-Mamba model. (b) The
dual-pathway Vision-Mamba model architecture. The clinical features and shell features were concatenated with the features extracted by the dual-branch Vision-Mamba at
the concatenation layer. The red dashed rectangle indicates the HCC lesion on the CT image.

Abbreviations: AFP, alpha-fetoprotein; BCLC, Barcelona Clinic Liver Cancer; SHAP, Shapley Additive Explanations; ETR, early transarterial chemoembolization refractori-
ness; NETR, non-early transarterial chemoembolization refractoriness.
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Clinical Feature Selection and Machine Learning Model Development

Clinical factors were retrospectively collected using the PACS system. In the training set, univariate and multivariate
logistic regression analyses were performed, and clinical features associated with the occurrence of ETR were screened
using a p-value < 0.05. A binary classification machine learning model was then built using the screened clinical features
(Figure 2a).

Voxel-Level Radiomics Feature Map Extraction

Voxel-level radiomics feature maps were generated using a sliding-window approach. Specifically, for each voxel within
the lesion bounding box, a local neighborhood patch (kernel size: 5x5x5 voxels) centered on that voxel was extracted,
and a predefined set of first-order and texture-based radiomic descriptors (including GLCM energy, entropy, contrast, and
homogeneity, as well as first-order statistics such as mean, variance, and kurtosis) were computed within this local
window. The resulting scalar value was assigned back to the central voxel, yielding a 3D feature map of the same spatial
dimensions as the input volume (resampled to 32x64x64). This process was repeated independently for each selected
radiomic feature, producing 6 feature maps in total, where 6 denotes the number of features retained after dimensionality
reduction. Each feature map was subsequently intensity-normalized (zero mean, unit variance) prior to model input.

Vim Deep Learning Model Construction and Evaluation

To fully exploit spatial complexity and high-dimensional feature interactions, three phases of CECT images were input
into a multi-input three-dimensional deep neural network based on the Vim architecture (Figure 2b). The Vim model is
a recently proposed efficient visual representation architecture. Its core advantage lies in effectively processing a large
number of high-resolution, multi-layered sequence features in medical images using a “bidirectional state space model
(SSM)”, while achieving spatial perception through position embedding. Compared with the traditional transformer self-
attention mechanism, this method processes long sequences with linear complexity, making it more efficient and suitable
for medical scenarios.'*

For each CECT phase, the ROIs was first cropped during three phases. Then, the images from the different CT phases
were concatenated along the relevant dimensions so that all the modalities combined could form a 3D tensor containing
full multimodal information. This three-dimensional tensor was then extracted from the voxel-wise radiomics feature
map and fed into the model independently. This approach retains the spatial consistency of the data and enables the
model to exploit the integrated multimodal information fully.

The model input is a 4D tensor of (X+1, 32, 64, 64), where X is the number of features selected from the voxel-level
radiomics feature maps for the model input. “+1” corresponds to the CT-enhanced image. Each input is initially
processed by a structurally equivalent 3D convolutional block (3D Conv Block). This block consists of convolution,
batch normalization (BatchNorm), activation functions (eg., ReLU), and spatial down-sampling to extract low-level
spatial features in local space with reduced dimensionality to a unified spatial scale (each output is a tensor of size
128x8x16x16). During this process, deep convolutional kernels adaptively learn to capture texture and intensity patterns
from various channels, akin to clinical “visual interpretation”, but in a more specific and high-dimensional setting. The
features of each input are convoluted with the initial convolution, maintaining the high-resolution spatial structure
differences and avoiding the loss of hierarchical information resulting from low-dimensional summarization. Then, the
convolutional features from all inputs are concatenated in terms of dimension and fed into the Vim Block for global
modelling. Vim is fundamentally different from any Transformers as it uses a state-space model instead of self-attention
for modelling at a global level. First, it outputs the input feature trajectory, then it decomposes the input coupling B (and
the output coupling C) into a SSM, as well as the time step dt. These parameters are then aggregated by global attention
and pooling. Finally, the multi-path features are concatenated with the trained clinical and shell features and then input
into a fully connected layer to output a binary classification of non-early TACE refractoriness/ETR. To make the loss
function more robust to class imbalance, weighted binary cross-entropy (BCEWithLogitsLoss) was used. The study also
implements SHAP technology to produce saliency maps showing where the model concentrates its attention: on tumor
lesion areas. Additionally, we developed three single-path Vim models (using single-phase CECT images) and one dual-
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path Vim model (using three-phase CECT images, radiomics feature maps and shell features) for comparison. Shell
features were calculated from the best performing phase of the three single-path Vim models.

During model training, the data from center 1 was randomly split at a ratio of 7:3 into training and validation
sets, while the data from center 2 formed the external test dataset. The Adam optimizer was used with an initial
learning rate of le-4. This was reduced by half at regular intervals during training, based on the validation
performance, to ensure stable and accurate convergence. Several data augmentation methods were implemented to
enhance the model’s generalization capability and avoid overfitting. In particular, the training samples were
randomly flipped and rotated with a 50% probability, and a random scaling ratio between 0.9 and 1.1 was chosen.
We also introduced elastic deformation (Gaussian elastic deformation parameters are typically set to alpha = 15 and
sigma = 3) to increase the diversity of the training samples. These methods effectively broadened the data
distribution and enhanced the model’s robustness to diverse inputs. Furthermore, batch normalization was intro-
duced at appropriate locations in the network structure using standard parameters (momentum 0.1, epsilon 1e-5) to
accelerate convergence and stabilize the training process. Dropout (with a drop rate of 0.5) was also applied in the
fully connected layer to further inhibit the co-adaptation.The proposed method trains the model using an early
stopping approach, updating the training rounds adaptively according to the loss on the validation set to finally
produce a more general model.

Multi-Modal Fusion and Channel Concatenation Dimensions

In the dual-branch architecture, multi-modal fusion is performed at two levels. First, within the imaging branch, the
three-phase CT volumes (plain, arterial, and venous phases) are concatenated along the channel dimension prior to the
3D Conv Block, forming a tensor of shape (3, 32, 64, 64) as input. The X voxel-level radiomics feature maps are
similarly organized as an X-channel volume of identical spatial dimensions. These two streams are processed by separate
but structurally identical 3D Conv Blocks, each producing an output tensor of shape (128, 8, 16, 16) after three stages of
convolution-BN-ReLU-downsampling. The two convolutional outputs are then concatenated along the channel dimen-
sion to yield a (256, 8, 16, 16) tensor, which is subsequently flattened and fed into the Vision-Mamba Block for global
sequence modeling. Second, after the Mamba Block produces a global feature vector, it is concatenated with the shell
feature vector (length 256, after a two-layer MLP projection) and the selected clinical feature vector along the feature
dimension, forming the final fused representation (total length ~640) that is passed to the fully connected classification
head.

Shell Feature Generation

This study uses CECT data of HCC and manually drawn 3D masks as input to construct a shell feature map that
highlights the heterogeneity of the tumor-liver parenchyma interface. First, the images and masks are resampled to
a unified voxel and matrix, and a consistent interpolation strategy and intensity normalization are used to reduce
cross-device and reconstruction differences. Then, on each axial slice containing the tumor, a fixed-size grayscale
patch centered on the tumor centroid of that layer is extracted, and morphological dilation and erosion are performed
on the corresponding binary mask. The difference between the two yields a ring-shaped boundary band. This
boundary band is then element-wise multiplied with the normalized grayscale patch to preserve the tumor’s peripheral
voxels and suppress the interior and background. To preserve the spatial correspondence between layers, all slice
patches are aligned at their centroids and then resampled to a uniform size and orientation. Zero-filling is adopted
when the tumor lies close to the edge of the field of view to minimize clipping bias. The boundary enhancement
patches obtained from each layer are accumulated along the head-to-foot direction to form a single 2D shell map,
reflecting the overall edge metabolism and morphological complexity of the tumor. Finally, the shell map is sized and
re-normalized for intensity and used for subsequent modeling. Throughout the process, a fixed patch size, morpho-
logical structural elements, and accumulation strategy were maintained for each case, and visual review was
conducted to control quality, making the feature reproducible and comparable in multi-case and multi-center condi-
tions (Figure 3).
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Figure 3 (a) ETR, Early TACE refractoriness case. (b) NETR, non-Early TACE refractoriness case. In each cohort, shell feature maps (third column) were calculated from
a series of slices of the tumor (Second column). The solid 3D box in the first column delineates the entire tumor on CT. The red straight dashed lines indicate that the CT
images in the second column are consecutive slices of this 3D tumor. In the second column, the HCC lesion is enclosed by the red solid rectangle, and the red elliptical ring-
shaped area represents the HCC-liver parenchyma interface, from which shell features are extracted. In the third column, higher red values reflect greater interslice intensity
differences, indicating a more pronounced shell feature. As shown, tumors that develop early TACE refractoriness exhibit more complex morphological patterns.

Statistical Analysis

Statistical analysis was conducted in Python (version 3.8.2; www.python.org). An independent samples ¢-test was applied
to compare normally distributed quantitative data, and the results are presented as the mean + standard deviation. Non-
normally distributed data were analyzed using the Mann—Whitney U-test and presented as median (interquartile range).
The Levene test was used to determine the equality of variance. Categorical variables were presented as counts (n) and
percentages (%), and were compared using chi-square tests or Fisher’s exact test. A p-value of <0.05 was considered
statistically significant. The performance of the classification models was evaluated using ROC curves and the AUCs.
DCA curve analysis was conducted to evaluate the clinical utility of the models by estimating net benefits across a range
of threshold probabilities. The DeLong test was used to compare the AUCs of different models. Model calibration was
assessed using calibration curves to determine how closely the model’s predicted probabilities aligned with the observed
incident rates. We assessed model calibration using the Hosmer—Lemeshow (HL) test, with P > 0.05 indicating a good fit.
To empirically address the adequacy of our sample size, we conducted a learning curve analysis by progressively
increasing training set size from 90 to 230 samples and evaluating test AUC at each step (Figure S1).

Results

Basic Characteristics

This study included 437 patients from two centers. The cohort was divided into a training set of 254 patients, a validation
set of 108 patients, and an external test set of 75 patients. Table 1 summarizes the patient characteristics. The ETR rates
in the training set, validation set, and external test set were 106 (41.7%), 45 (41.7%), and 41 (54.7%), respectively. There
was no significant difference in ETR rates among the three groups. Statistically significant differences were found among
the three groups in terms of gender, etiology, maximum tumor diameter, number of tumors, ECOG performance status
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Table | Baseline Characteristics of Patients in Three Cohorts

Characteristic Overall Train Validation | Test P
(n=437) (n=254) (n=108) (n=75)

Age (years) 58.0+9.4 57483 58.6x10.4 59.0+11.1 | 0.301

Gender, n (%) 0.013

Male 350 (80.1) | 215 (84.6) | 82 (75.9) 53 (70.7)

Female 87 (19.9) | 39 (154) 26 (24.1) 22 (29.3)

Etiology, n (%) 0.009

HBV/HCV infection 383 (87.6) | 233 (91.7) | 88 (81.5) 62 (82.7)

Others 54 (124) | 21 (83) 20 (18.5) 13 (17.3)

AFP (ng/mL), n (%) 0.742

<400 312 (71.4) | 181 (71.3) | 75 (69.4) 56 (74.7)

2400 125 (28.6) | 73 (28.7) 33 (30.6) 19 (25.3)

Radiological cirrhosis, n (%) 0.07

Yes 270 (61.8) | 166 (65.4) | 66 (61.1) 38 (50.7)

No 167 (38.2) | 88 (34.6) | 42 (38.9) 37 (49.3)

Maximum tumor size(mm), n (%) 0.019

<50 237 (54.2) | 140 (55.1) | 48 (44.4) 49 (65.3)

250 200 (45.8) | 114 (44.9) | 60 (55.6) 26 (34.7)

Tumor number, n (%) <0.001

| 223 (51.0) | 113 (44.5) | 54 (50.0) 56 (74.7)

22 214 (49.0) | 141 (55.5) | 54 (50.0) 19 (25.3)

Child-pugh stage, n (%) 0.233

A 364 (83.3) | 206 (81.1) | 91 (84.3) 67 (89.3)

B 73 (16.7) | 48 (18.9) 17 (15.7) 8 (10.7)

ECOG-PS, n (%) 0.002

0 376 (86.0) | 206 (81.1) | 102 (94.4) | 68 (90.7)

| 61 (14.0) | 48 (18.9) 6 (5.6) 7(9.3)

ALBI score —2.6+0.5 —2.620.6) | —2.5+0.6 —2.6x0.5 | 0472

NLR, n (%) 0.304

<2.57 269 (61.6) | 163 (64.2) | 60 (55.6) 46 (61.3)

22.57 168 (38.4) | 91 (35.8) | 48 (44.4) 29 (38.7)

PLR, n (%) 0.833

<83 179 (41.0) | 107 (42.1) | 43 (39.8) 29 (38.7)

283 258 (59.0) | 147 (57.9) | 65 (60.2) 46 (61.3)

BCLC stage, n (%) <0.001

A 247 (56.5) | 131 (51.6) | 57 (52.8) 59 (78.7)

B 190 (43.5) | 123 (48.4) | 51 (47.2) 16 (21.3)

Ascites, n (%) 0.045

Yes 111 (25.4) | 67 (26.4) | 33 (30.6) 11 (14.7)

No 326 (74.6) | 187 (73.6) | 75 (69.4) 64 (85.3)

Tumor location, n (%) 0.067

One lobe 377 (86.3) | 215 (84.6) | 91 (84.3) 71 (94.7)

Both lobes 60 (13.7) 39 (15.4) 17 (15.7) 4 (5.3)

Tumor margin, n (%) 0.499

Smooth 246 (56.3) | 149 (58.7) | 57 (52.8) 40 (53.3)

Non-smooth 191 (43.7) | 105 (41.3) | 51 (47.2) 35 (46.7)

Tumor encapsulation, n (%) <0.001

Yes 157 (35.9) | 130 (51.2) | 12 (IL.1) 15 (20.0)

No 279 (63.8) | 124 (48.8) | 96 (88.9) 59 (78.7)

Tumor enhancement, n (%) 0.083

High 257 (58.8) | 141 (55.5) | 71 (65.7) 45 (60.0)

Mid-low 179 (41.0) | 113 (44.5) | 37 (34.3) 29 (38.7)
(Continued)
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Table | (Continued).

Characteristic Overall Train Validation | Test P
(n=437) (n=254) (n=108) (n=75)

Early TACE refractoriness, n (%) 0.12
Yes 192 (43.9) | 106 (41.7) | 45 (41.7) 41 (54.7)
No 245 (56.1) | 148 (58.3) | 63 (58.3) 34 (45.3)

Abbreviations: ECOG-PS, Eastern Cooperative Oncology Group-Performance Status; HBV, hepatitis B virus; HCV,
hepatitis C virus; BCLC, Barcelona Clinic Liver Cancer; AFP, alpha fetoprote; ALBI, Albumin-Bilirubin; NLR,
Neutrophil-to-Lymphocyte  Ratio; PLR, Platelet-to-Lymphocyte  Ratio; TACE, Transcatheter  Arterial
Chemoembolization;

score, BCLC stage, and tumor capsule (p < 0.05). No other baseline characteristics differed significantly among the three

groups.

Model Construction and Validation
Using univariate and multivariate logistic regression on the training set, we found that maximum tumor diameter, BCLC
stage, tumor boundary, tumor capsule, and tumor enhancement were valuable clinical parameters for predicting ETR
(Table 2). These clinical features were incorporated into 14 machine learning algorithms, and the names and predictive
performance of the machine learning models are shown in Table S2. The model with the best predictive performance was
Extremely Randomized Trees (ExtraTree).

Figures 3a and b show representative 2D shell mapping maps. The top row shows tumors with ETR (Figure 3a), and
the bottom row reports tumors without ETR (Figure 3b). The 2D shell mapping shows that tumors with ETR exhibit

more heterogeneous boundary expression than those without. Tables 3, S3, and Figures 4,5 detail the performance of the

Table 2 Univariable and Multivariable Logistic Regression Analysis for Predicting Early TACE
Refractoriness in the Training Cohort

Characteristic Univariable Analysis Multivariable Analysis
OR (95% CI) P OR (95% CI) P

Age (years) 0.98(0.95, 1.01) 0.14

Gender (Male vs Female) 0.57(0.28, 1.19) 0.13

Etiology (Others vs HBV/HCV infection) | 0.95(0.39, 2.35) 0.91

AFP (<400 vs 2400) 3.16(1.80, 5.56) <0.001 | 1.71(0.77,3.79) | 0.19
Radiological cirrhosis (Yes vs No) 1.18(0.70, 1.98) 0.54

Maximum tumor size (<50 vs 250) 7.33(4.19, 12.85) | <0.001 | 6.95(3.10,15.57) | <0.001
Tumor number(l vs 22) 1.72(1.03, 2.86) 0.037 1.07(0.42,2.72) 0.89
Child-pugh stage (A vs B) 0.80(0.42, 1.54) 0.51

ECOG-PS (0 vs 1) 0.90(0.47, 1.70) 0.74

ALBI score 0.82(0.52, 1.28) 0.39

NLR (<2.57 vs 22.57) 0.87(0.52, 1.47) 0.60

PLR (<83 vs 283) 1.12(0.67, 1.85) 0.67

BCLC stage (A vs B) 2.95(2.06, 4.23) <0.001 | 2.42(1.08,5.41) | 0.03
Ascites (Yes vs No) 1.40(0.79, 2.49) 0.25

Tumor location (One lobe vs both lobes) | 1.58(0.80, 3.13) 0.19

Tumor margin (smooth vs Non-smooth) 13.73(7.47, 25.23) | <0.001 | 7.04(2.32,21.3) <0.001
Tumor encapsulation (Yes vs No) 4.21(247,7.17) <0.001 | 0.31(0.10,0.99) 0.047
Tumor enhancement (High vs Mid-low) 12.90(7.06, 23.57) | <0.001 | 6.10(2.06,18.06) | 0.001

Abbreviations: ECOG-PS, Eastern Cooperative Oncology Group-Performance Status; HBV, hepatitis B virus; HCV,
hepatitis C virus; BCLC, Barcelona Clinic Liver Cancer; AFP, alpha fetoprote; ALBI, Albumin-Bilirubin; NLR, Neutrophil-to
-Lymphocyte Ratio; PLR, Platelet-to-Lymphocyte Ratio; TACE, Transcatheter Arterial Chemoembolization.
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Table 3 Performance of the Six Models in Three Cohorts

Models Cohorts | Accuracy | AUC (95% CI) Sensitivity | Specificity | NPV | PPV | FI
Clinical model Train 0.783 0.877 (0.842,0.911) | 0.821 0.757 0.855 | 0.707 | 0.760
Validation | 0.713 0.721 (0.623,0.818) | 0.756 0.683 0.796 | 0.630 | 0.687
Test 0.827 0.895 (0.833,0.946) | 0.780 0.882 0.769 | 0.889 | 0.831
Arterial phase model Train 0.728 0.814 (0.759,0.861) | 0.726 0.730 0.788 | 0.658 | 0.691
Validation | 0.722 0.781 (0.694,0.860) | 0.711 0.730 0.780 | 0.653 | 0.68I
Test 0.707 0.790 (0.673,0.879] | 0.683 0.735 0.658 | 0.757 | 0.718
Portal venous phase model | Train 0.657 0.736 (0.671,0.792) | 0.660 0.655 0.729 | 0.579 | 0.617
Validation | 0.694 0.737 (0.639,0.823) | 0.689 0.698 0.759 | 0.620 | 0.653
Test 0.680 0.697 (0.570,0.812) | 0.659 0.706 0.632 | 0.730 | 0.692
Delayed phase model Train 0.661 0.729 (0.667,0.792) | 0.689 0.642 0.742 | 0.579 | 0.629
Validation | 0.630 0.667 (0.564,0.767) | 0.644 0.619 0.709 | 0.547 | 0.592
Test 0.640 0.649 (0.516,0.768) | 0.634 0.647 0.595 | 0.684 | 0.658
Enhancement model Train 0.760 0.860 (0.810,0.902) | 0.736 0.777 0.804 | 0.703 | 0.719
Validation | 0.787 0.853 (0.782,0.915) | 0.778 0.794 0.833 | 0.729 | 0.753
Test 0.760 0.847 (0.758,0.920) | 0.780 0.735 0.735 | 0.780 | 0.780
Combined model Train 0.878 0.959 (0.937,0.975) | 0.896 0.865 0.921 | 0.826 | 0.860
Validation | 0.880 0.956 (0.919,0.983) | 0.867 0.889 0.903 | 0.848 | 0.857
Test 0.867 0.942 (0.889,0.982) | 0.854 0.882 0.833 | 0.897 | 0.875

Abbreviations: AUC, area under the receiver operating characteristic curve; NPV, negative predictivevalue; PPV, positive predictive value; Cl, confidence
interval.

ExtraTree machine learning model and the single-pathway and dual-pathway Vim models. A comparison of single-
pathway Vim models across different phases of CECT images revealed that the arterial phase single-pathway Vim model
had higher accuracy, AUC, sensitivity, and specificity than the portal venous phase and delayed phase models across all
datasets. Therefore, tumor shell features were calculated using arterial phase CECT images.
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Figure 4 The top row is the ROC curves and AUCs of the models (a—c). The bottom row shows the Calibration curves of the models in all sets (d—f).
Abbreviations: AUC, area under the receiver operating characteristic curve; ROC, receiver operating characteristic; Val, validation.
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Figure 5 The models’ Decision curves (a—c) and Delong test (d—f) in different sets.
Abbreviations: DCA, decision curve analysis; Val, validation.

Table 3 shows that among the six different models, the combined model (constructed using the dual-pathway Vim
framework, combined with triphasic CECT, radiomics feature maps, clinical features, and shell features) demonstrated
the best predictive performance and robust predictive ability across all datasets, with accuracy ranging from 0.867 to
0.878, AUC from 0.942 to 0.959, sensitivity from 0.854 to 0.896, and specificity from 0.865 to 0.882 (95% confidence
intervals for accuracy, sensitivity, specificity, NPV, PPV, and F1 are shown in Table S3). Notably, the model maintained
good predictive accuracy on both the internal validation set and the external test set. ROC curves for the six models are
shown in Figure 4a—c. Furthermore, as shown in Figure 4d-f, the calibration curves show that the combined model has
the best agreement between the predicted probability and the actual incidence. The degrees of freedom (df), chi-square
(Chi2), and p-values (calculated via the Hosmer-Lemeshow test) for the three cohorts in Table S4 reflect the degree of
calibration of the predictive models. Subsequently, the Delong test and DCA indicate that the combined model has better
performance and higher net clinical benefit (Figure 5). The predicted probability for each HCC patient in the six models
is shown in Figure 6, with the combined model showing the best performance among all models.

The shell-only model achieved the following performance across datasets: in the training set, AUC = 0.860, ACC =
0.760, sensitivity = 0.736, specificity = 0.777; in the validation set, AUC = 0.825, ACC = 0.769, sensitivity = 0.800,
specificity = 0.746; and in the test set, AUC = 0.803, ACC = 0.747, sensitivity = 0.756, specificity = 0.735. These results
demonstrate that the shell feature alone possesses meaningful discriminative capacity, confirming that peritumoral
boundary heterogeneity carries independent prognostic information.

As shown in the learning curve (Figure S1), the test AUC rises substantially from ~0.52 at n=90 to ~0.89 at n=190,
and begins to plateau beyond n=190-210 (test AUC stabilizing at approximately 0.90-0.92). Crucially, the training AUC
remains relatively stable throughout (0.87-0.96), and the train-test AUC gap narrows progressively with increasing
sample size, converging to approximately 0.03—0.04 at our full cohort size. This convergence pattern provides empirical
evidence that the model is approaching a stable generalization boundary and is not severely overfitting at the final sample

size used.
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Figure 6 The predictive probabilities for each patient and the optimal cut-off values (derived from the training set) in the training, validation, and external test sets for the
six models, respectively. (a—c) Combined model. (d—f) Arterial phase model. (g—i) Venous phase model. (j-I) Delayed phase model. (m—0) Enhangcement model. (p—r)

Clinical model.

Abbreviations: ETR, early transarterial chemoembolization refractoriness; NETR, non-early transarterial chemoembolization refractoriness.
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Figure 7 In a comparison between SHAP value maps and CT images in four cases, the darker red areas in the SHAP value maps indicate the regions that contribute more
significantly to the model’s prediction.(a)The darker red area in the middle region of the tumor indicates significant SHAP values that contribute to the prediction of the
model. (b)The visualization of The SHAP value maps emphasizes the importance of enhanced regions and tumor boundaries in model prediction. (c and d) The darker red
areas, especially the necrotic areas in the middle of the tumor, highlight areas that have a significant impact on the prediction of whether early TACE refractoriness occurs.
Abbreviation: SHAP, Shapley Additive Explanations.

Model Visualization via SHAP

The SHAP value plot provides an explanation and insight into how the model predicts for each patient on CT images. In
Figure 7, CT images are compared with the SHAP value plot, where the dark red areas represent regions that contribute
more to the model’s predictions. In the SHAP value maps of all patients, arcas showing high SHAP values include the
junction of tumor fusion nodules, some areas of significant enhancement, tumor boundaries, and areas of tumor necrosis
(as shown in Figures 7a—d).

Discussion

This study established a deep learning-based combined model that combines CECT images, shell features, radiomics
feature maps and clinical features to assess the risk of ETR in HCC patients undergoing cTACE. Tumor shell features
were calculated using arterial phase CECT images. A single-pathway Vim model incorporating single-phase CECT,
a machine learning model incorporating clinical features, and a dual-pathway Vim model incorporating three-phase
CECT were also developed and compared with the joint model. The performance of all models was validated on the
training, validation, and external test sets in terms of AUC, accuracy, sensitivity, specificity, DeLondo test, and clinical
applicability. The combined model showed the best performance and outperformed all other models. Furthermore, we
provide an interpretable method to visualize key regions of CT images involved in model prediction.

HCC patients with a high probability of ETR after initial TACE monotherapy should be identified promptly. For these
patients who may benefit from early TACE combined with systemic therapy, the initial treatment strategy should be
modified. TACE combined with sorafenib/lenvatinib or TACE combined with atezolizumab and bevacizumab can
improve the objective response rate, progression-free survival, and overall survival in patients with intermediate-stage
HCC.">'® However, there is currently no broad consensus on when and for which patients to use TACE in combination
with systemic therapy. ETR following TACE is a sign of TACE treatment failure, which not only impairs liver function
and misses the optimal treatment window, but also greatly shortens patient survival. Therefore, this study chose ETR as
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the endpoint. We developed a joint model based on a Vim deep learning framework to explore its potential utility in early
identification of high-risk patients, which may offer a preliminary reference for stratification in clinical decision-making
for initial treatment.

TACE is the most commonly used first-line local treatment for all stages of HCC worldwide.'” Therefore, some
studies have attempted to develop scores such as the ART score and the ABCR score to predict whether patients will
benefit from TACE treatment.*” These scoring systems are convenient for clinical use, but they only contain clinical
information and have limited depth in mining imaging features that reflect tumor heterogeneity. Some studies have used
radiomics to mine tumor features®'® or used genetic data combined with machine learning algorithms to construct
predictive models.'” This multi-dimensional assessment of tumor heterogeneity significantly improves the accuracy of
TACE refractoriness prediction. However, radiomics relies on tumor segmentation, which is subjective and subject to
operator differences, leading to inconsistent feature extraction results. Liver cancer biopsy may cause complications
such as tumor bleeding or needle tract metastasis, making gene testing difficult. These factors hinder the clinical
application of these two predictive models. Deep learning methods, as non-invasive end-to-end models, are not limited
by target delineation and preset values. They can directly extract microscopic features, revealing potential histopatho-
logical features related to clinical outcomes. Studies have shown that tumor features directly extracted by deep learning
methods can effectively predict the response and prognosis of HCC TACE treatment.’" Our model yielded AUCs of
0.959, 0.956, and 0.942 across the training, validation, and test sets, respectively. These results outperform those of
previous studies in similar cohorts, such as an MRI-based radiomics nomogram (AUCs: 0.955 and 0.941)'® and a model
combining immune-related genes with machine learning (AUCs: 0.887 and 0.762).'° However, cross-study comparisons
require caution due to variations in study populations, imaging or genetic testing approaches, and modeling frameworks.

Previous studies have shown that the dual-pathway Vim model outperforms vision-transformer and 3D-ResNet,
making it an ideal choice for 3D imaging tasks such as CT scans.'® The results of this study also show that the prediction
model based on the dual-pathway Vim framework, constructed from 3D CECT images, achieved good prediction
performance on the training set, validation set, and external test set. The voxel-level radiomics feature map method
solves the problem of high feature compression in traditional radiomics by analyzing subtle feature distributions and
combining deep learning models.'* The results of this study also suggest that the prediction model of deep learning
combined with radiomics feature maps has better performance. This may be because radiomics feature maps can observe
more detailed differences in feature distributions. Our results also suggest that the combined model with clinical features
exhibits better prediction performance, with AUC values higher than the Vim model containing only image features or
the machine learning model containing only clinical features on the training, validation, and external test set. Previous
studies have shown that combined imaging and clinical features have better predictive performance in predicting TACE
refractoriness than separate imaging/clinical models.'® This may be because clinical and imaging features reflect different
dimensions of information about cancer patients. The results of this study suggest that tumor size, BCLC stage, tumor
boundary, tumor capsule, and enhancement degree may be predictive factors for ETR. Studies have also shown that the
larger the tumor diameter, the more likely it is to develop TACE refractoriness.>** This may be because, as the tumor
burden increases, the biological behavior of the tumor changes, making the tumor more likely to invade and metastasize,
resulting in a worse prognosis after treatment.”> BCLC staging is the most commonly used method for HCC treatment
allocation worldwide, which includes information such as tumor burden, liver function, vascular invasion, and metastasis.
The higher the stage, the worse the response to various treatments and the worse the prognosis. The results of this study
also suggest that the higher the BCLC grade, the greater the likelihood of ETR. However, when and for which patients to
combine systemic therapy is a challenge that clinicians have always faced. Irregular tumor margins are closely related to
microvascular invasion and are important risk factors affecting the prognosis of HCC patients after treatment.”**> The
results of this study also suggested that patients with irregular margins are more likely to develop ETR. Patients with
HCC without a tumor capsule have a higher probability of developing TACE refractoriness after TACE treatment;*
however, the results of logistic regression in this study indicated a contrasting finding. This may be because there is
a non-linear association between the tumor capsule and ETR in this study, and logistic regression cannot reflect this non-
linear relationship. Since machine learning and deep learning models are good at handling non-linear data, it is
appropriate to include tumor capsule features in the model construction. Previous studies have indicated that a higher
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degree of tumor enhancement is associated with better TACE treatment outcomes.?® Consistent with this, our results
suggested that increased tumor enhancement was associated with a lower probability of ETR. A potential explanation
could be that TACE drug delivery depends on blood flow; thus, high tumor enhancement may reflect increased tumor
vascularity and blood flow, which might contribute to improved TACE efficacy. However, the underlying biologic
mechanisms require further validation.

Previous predictive models for TACE refractoriness®'®?’ focused only on extracting tumor-specific features, neglect-
ing the tumor-hepatic parenchyma junction. The tumor-hepatic parenchyma junction represents a complex biological
interface where the tumor and its microenvironment are believed to interact; this region is considered critical for tumor
cell morphological transformation, invasion into surrounding tissues, and potential angiogenesis. Studies have found
a close correlation between the tumor-normal tissue interface and local tumor invasion and distant metastasis.”*® Post-
treatment vascular invasion or distant metastasis is a key marker of TACE refractoriness. Hao, H. et al successfully
constructed a model for predicting distant metastasis after treatment in NSCLC and CC patients using Pet-CT images
combined with tumor edge shell features extracted from radiomics.'® This suggests that the shell features, after
standardized feature extraction and processing, may serve as a potential proxy for the overall metabolic and morpholo-
gical complexity of the tumor edge. Furthermore, it is reproducible and comparable under multi-case and multi-center
conditions. Our results suggested that the enhancement model and joint model constructed by incorporating shell features
into the Vim framework demonstrated improved predictive performance compared to the model containing only CECT
images. A potential explanation is that shell features may provide complementary information to tumor features, thereby
potentially contributing to a more comprehensive characterization of TACE resistance.

In the present study, shell features were computed using arterial phase images, and the arterial phase model was found
to perform best among single-phase models. This may be related to the fact that arterial phase images provide more
information on tumor heterogeneity and clearer tumor boundaries. This hypothesis is supported by our interpretability
method, namely, the visualization of SHAP value maps. We used SHAP value map visualization to attempt to address the
interpretability issue of deep learning models. The original CT images contain detailed tumor information and are
important features. SHAP value maps suggested that tumor enhancement areas, tumor nodule fusion areas, tumor
boundary areas, and tumor necrosis areas contributed substantially to the prediction results. A potential explanation is
that these areas may reflect key biological properties of the tumor, including vascular complexity, invasiveness,
microenvironmental heterogeneity, and microvascular invasion, which are hypothesized to be associated with TACE
efficacy and refractoriness. DCA indicated that the combined model yiclded a favorable net benefit, suggesting its
potential utility as a reference for informing clinical decision-making.

This study has several limitations. First, the retrospective, two-center design inherently introduces potential selection
bias and limits causal inference, which subsequently compromises the generalizability and reproducibility of the
prediction model. Therefore, future studies utilizing prospective, multicenter, and multinational datasets are warranted.
Second, concerning external validation, although our dual-center cohort provides a degree of cross-institutional assess-
ment, we agree that validation in fully independent, geographically distinct cohorts remains necessary. We have noted
this as a priority for future work. Third, despite using SHAP values for model interpretability and visualization, the
identified imaging-derived features—particularly those capturing peritumoral heterogeneity via the shell representation—
currently lack direct histopathological validation. Without biological corroboration, their mechanistic relevance remains
unproven. Future studies are warranted to validate these features against histopathological data to elucidate the under-
lying mechanisms. Fourth, our study did not include biomarkers such as gene and protein expression that may predict
TACE refractoriness. Due to the complications and economic costs of detecting these biomarkers, most patients in our
dataset did not possess these biomarkers. Future studies will continue to explore the feasibility of constructing predictive
models using combined biomarkers. Fifth, the 2D shell features derived from 3D shell features through computation and
standardization may result in a loss of spatial complexity. Future studies may require further research and the develop-
ment of better algorithms to represent shell features, thereby obtaining more comprehensive feature representations of the
boundary region and better predictive capabilities.
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Conclusion
In conclusion, the deep learning model developed in this exploratory study suggests potential for predicting ETR risk in

BCLC stage A/B HCC patients ineligible for surgical resection or ablation. By integrating CECT, shell features, clinical

characteristics, and voxel-level radiomics within a Vim architecture, the model may serve as a preliminary reference for

stratifying initial therapies—such as TACE combined with systemic therapy for high-risk patients. However, given the

retrospective design, it represents a promising step requiring validation rather than a definitive clinical tool. Future multi-

center studies are warranted to validate reproducibility, while incorporating pathological or genomic data could help

elucidate the underlying biological mechanisms, which will be our future focus.
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