
Cancer Science, 2025; 116:1930–1940
https://doi.org/10.1111/cas.70089

1930

Cancer Science

ORIGINAL ARTICLE OPEN ACCESS

A Contrast-Enhanced Ultrasound Cine-Based Deep 
Learning Model for Predicting the Response of Advanced 
Hepatocellular Carcinoma to Hepatic Arterial Infusion 
Chemotherapy Combined With Systemic Therapies
Xu Han1  |  Chuan Peng1  |  Si-Min Ruan2  |  Lingling Li1  |  Minke He3  |  Ming Shi3  |  Bin Huang4  |  Yudi Luo4  |  Jingming Liu4  |  
Huiying Wen4  |  Wei Wang2   |  Jianhua Zhou1  |  Minhua Lu4  |  Xin Chen4  |  Ruhai Zou1  |  Zhong Liu4

1State Key Laboratory of Oncology in South China, Guangdong Provincial Clinical Research Center for Cancer, Department of Ultrasound, Sun Yat-Sen 
University Cancer Center, Guangzhou, China  |  2Department of Medical Ultrasonics, Ultrasomics Artificial Intelligence X-Lab, Institute of Diagnostic and 
Interventional Ultrasound, the First Affiliated Hospital of Sun Yat-Sen University, Guangzhou, China  |  3State Key Laboratory of Oncology in South China, 
Guangdong Provincial Clinical Research Center for Cancer, Department of Hepatobiliary Oncology, Sun Yat-Sen University Cancer Center, Guangzhou, 
China  |  4National-Regional Key Technology Engineering Laboratory for Medical Ultrasound, Guangdong Key Laboratory for Biomedical Measurements 
and Ultrasound Imaging, School of Biomedical Engineering, Shenzhen University Medical School, Shenzhen University, Shenzhen, China

Correspondence: Ruhai Zou (zourh@sysucc.org.cn)  |  Zhong Liu (liuzhong@szu.edu.cn)

Received: 30 November 2024  |  Revised: 1 April 2025  |  Accepted: 18 April 2025

Funding: This work was supported by the Basic and Applied Basic Research Foundation of Guangdong Province under Grant 2023A1515110202, and 
2025A1515011934; the National Natural Science Foundation of China under Grants 82171957, 82272014, 82327804, 62471315, and 61901282; Science & 
Technology Projects in Guangzhou under Grant 202102080249; Shenzhen Basic Science Research (Key Program) under Grant JCYJ20220818095612027, and 
JCYJ20241202124228035; and Medicine-Engineering Interdisplinary Funding of Shenzhen University.

Keywords: combination therapy | contrast-enhanced ultrasound | deep learning | hepatic arterial infusion chemotherapy | hepatocellular carcinoma

ABSTRACT
Recently, a hepatic arterial infusion chemotherapy (HAIC)-associated combination therapeutic regimen, comprising HAIC and 
systemic therapies (molecular targeted therapy plus immunotherapy), referred to as HAIC combination therapy, has demonstrated 
promising anticancer effects. Identifying individuals who may potentially benefit from HAIC combination therapy could contribute 
to improved treatment decision-making for patients with advanced hepatocellular carcinoma (HCC). This dual-center study was 
a retrospective analysis of prospectively collected data with advanced HCC patients who underwent HAIC combination therapy 
and pretreatment contrast-enhanced ultrasound (CEUS) evaluations from March 2019 to March 2023. Two deep learning models, 
AE-3DNet and 3DNet, along with a time-intensity curve-based model, were developed for predicting therapeutic responses from 
pretreatment CEUS cine images. Diagnostic metrics, including the area under the receiver-operating-characteristic curve (AUC), 
were calculated to compare the performance of the models. Survival analysis was used to assess the relationship between predicted 
responses and prognostic outcomes. The model of AE-3DNet was constructed on the top of 3DNet, with innovative incorporation of 
spatiotemporal attention modules to enhance the capacity for dynamic feature extraction. 326 patients were included, 243 of whom 
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formed the internal validation cohort, which was utilized for model development and fivefold cross-validation, while the rest formed 
the external validation cohort. Objective response (OR) or non-objective response (non-OR) were observed in 63% (206/326) and 37% 
(120/326) of the participants, respectively. Among the three efficacy prediction models assessed, AE-3DNet performed superiorly with 
AUC values of 0.84 and 0.85 in the internal and external validation cohorts, respectively. AE-3DNet's predicted response survival 
curves closely resembled actual clinical outcomes. The deep learning model of AE-3DNet developed based on pretreatment CEUS 
cine performed satisfactorily in predicting the responses of advanced HCC to HAIC combination therapy, which may serve as a prom-
ising tool for guiding combined therapy and individualized treatment strategies.
Trial Registration: NCT02973685.

1   |   Introduction

Primary liver cancer ranks as the sixth most commonly di-
agnosed cancer and the third leading cause of cancer-related 
deaths globally [1]. Hepatocellular carcinoma (HCC) accounts 
for the majority (75%–85%) of primary liver cancer cases, with 
prognosis and treatment strategies varying significantly across 
stratified stages. Early-stage HCC typically has a favorable prog-
nosis, with curative treatment options such as surgical resec-
tion, thermal ablation, and liver transplantation available. By 
contrast, advanced HCC exhibits a poor prognosis, and research 
continues to identify more effective therapies for improving the 
prognosis. Recent advancements in systemic therapy [2] and he-
patic arterial infusion chemotherapy (HAIC) [3, 4] have spurred 
investigations into combining these approaches to improve out-
comes for advanced HCC. Particularly, a HAIC-associated com-
bination therapeutic regimen, comprising HAIC (with drugs 
of oxaliplatin, fluorouracil, and leucovorin, FOLFOX) and sys-
temic therapies (molecular targeted therapy plus anti-PD-1 [pro-
grammed cell death-1] immunotherapy), referred to as HAIC 
combination therapy, has demonstrated promising anticancer 
effects, with objective response rates ranging from 54.1% to 
77.1% in patients with advanced HCC [5–10]. With safety con-
firmation, an increasing number of clinicians are considering 
HAIC combination therapy as a viable option to enhance patient 
prognosis [11–13]. However, there are still at least 20% of patients 
who fail to benefit from the combination therapy or even suffer 
from heightened toxic side effects. Therefore, it is imperative to 
develop methods for predicting the efficacy of HAIC combina-
tion therapy and prognosis before treatment initiation, such that 
individuals who may potentially benefit from the combination 
therapy could be identified for personalized management and 
ultimately improving the prognosis.

Abnormal vascular structure and blood supply in advanced HCC 
could significantly impact the effectiveness of anticancer therapies. 
Contrast-enhanced ultrasound (CEUS) provides high-resolution 
imaging of the vascular structure and real-time monitoring of 
tumor blood supply through contrast agent infusion [14], and 
thus it would be promising to predict the therapeutic efficacy by 
analyzing the hepatic CEUS cine data before treatment initiation. 
Currently, the analysis of hepatic CEUS cine data predominantly 
focuses on parameters such as enhancement patterns, perfusion 
intensity, time to washout, and degree of washout, which are 
often derived by naked-eye observation or employing an engi-
neering method based on time-intensity curve (TIC) analysis [15]. 
However, CEUS cine data contain a wealth of information that 
may surpass human perception or exceed the capabilities of TIC 
analysis. A comprehensive exploration of this hidden information 

could contribute to improving predictions regarding therapeu-
tic efficacy. Recent advances in deep learning technologies have 
empowered the exploration of more latent crucial details within 
CEUS cines by deep and supervised learning on the data. In this 
perspective, deep learning models based on pretreatment CEUS 
cine images have been established for predicting the response of 
HCC to various therapeutic regimens, including HAIC [16–21], 
systemic therapy [22] or transarterial chemoembolization (TACE) 
[19]. Of note, the clinical application of these predictive models has 
the potential to facilitate personalized treatments for patients with 
advanced HCC, ultimately improving prognosis. However, there 
remains a paucity of studies predicting the efficacy of HAIC com-
bination therapy prior to treatment initiation.

Therefore, this study aims to establish and validate a deep learn-
ing model based on pretreatment CEUS cine images to predict 
the response of advanced HCC to HAIC combination therapy 
prior to treatment initiation. This approach seeks to identify 
advanced-HCC patients who are likely to benefit from the com-
bination therapy, facilitating personalized treatment plans and 
improving clinical outcomes.

2   |   Methods

2.1   |   Patient Cohorts

The work has been reported in line with the STARD (Standards 
for the Reporting of Diagnostic accuracy studies) criteria [23]. 
The patients included in this dual-center retrospective study 
were derived from clinical trial registration no. NCT02973685 
and adhered to the ethical review standards of Sun Yat-sen 
University Cancer Center (Hospital Center A) and the First 
Affiliated Hospital of Sun Yat-Sen University (Hospital Center 
B). Patients who received HAIC combination therapy from 
March 2019 to March 2023 at either of these two hospital cen-
ters were evaluated for eligibility. The inclusion criteria were as 
follows: unresectable advanced HCC confirmed by contrasted-
enhanced CT/MRI and histopathological examination before 
treatment; Barcelona Clinic Liver Cancer (BCLC) stage B or C; 
receiving therapeutic treatment for the first time; and under-
going CEUS examination within one month before treatment 
initiation. The exclusion criteria included the following: diffuse 
liver cancer without definite lesion boundaries, poor CEUS 
image quality, or incomplete clinical information. Poor CEUS 
image quality was defined as significant acoustic attenuation 
caused by factors such as anomalous anatomical positioning 
of the lesion, acoustic shadowing from overlying structures, 
or suboptimal patient cooperation, resulting in inadequate 
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visualization of the target lesion. Patients from Hospital Center 
A served as the internal validation cohort for model deviation 
and cross-validation, while those from the other center served 
as the external cohort for external validation of the model de-
rived from the internal validation cohort. More details on pa-
tient screening are shown in Figure 1. All enrolled patients and 
the associated data were assessed by the same surgical team in 
Hospital Center A.

2.2   |   Therapeutic Protocols

Patients received FOLFOX-HAIC, targeted therapy (apatinib) 
plus immunotherapy (camilizumab) as the therapeutic strategy. 
FOLFOX-HAIC was administered as follows: Firstly, an initial 
round of HAIC with FOLFOX was conducted by following the 

femoral artery approach [24]. A 3.5 French catheter was utilized 
for super-selective catheterization of relevant arteries, and a 
2.7 French microcatheter was meticulously positioned into the 
feeding arteries of the tumor and tumor thrombus, using arte-
riography to identify the tumor's arterial supply. Following the 
first HAIC circle, patients were transferred to the ward and 
confined to bed for 48 h, and then a second round of HAIC was 
conducted. For this circle, a marked microcatheter was con-
nected to an arterial infusion pump for the administration of 
chemotherapy agents: oxaliplatin 85 mg/m2, leucovorin 400 mg/
m2, fluorouracil bolus 400 mg/m2 on day 1, and fluorouracil in-
fusion 2400 mg/m2 for 46 h. In addition to the HAIC treatments, 
all patients received anti-PD-1 immunotherapy (camilizumab, 
200 mg, repeated every 21 days from day 4 of the second HAIC 
cycle) and targeted therapy (apatinib, 250 mg, orally daily, start-
ing on day 8 of the initial HAIC cycle).

FIGURE 1    |    Workflow for patient screening.



1933

2.3   |   Patient Follow-Up and Response Assessment

All patients were followed up for at least one year, with the 
follow-up period ending in March 2024. Tumor responses to 
the HAIC combination therapy were confirmed by contrast-
enhanced CT/MRI at 12–16 weeks after treatment. Two inde-
pendent radiologists assessed the tumor response according to 
the guidelines of modified Response Evaluation Criteria in Solid 
Tumors (mRECIST) [25]. Objective response (OR) was defined 
as complete response or partial response, while non-objective 
response (non-OR) was defined as stable disease or progressive 
disease. In cases of discrepancies between the radiologists' as-
sessments, discussions were conducted to reach a consensus.

2.4   |   CEUS Examinations

CEUS examinations were conducted within one month prior 
to therapy by senior radiologists, each possessing a minimum 
of 10 years of experience in liver CEUS. The examinations were 
performed using an ultrasound machine (Siemens Acuson 
Sequoia) equipped with a 5C1 probe. For the CEUS examination 

of each patient, a bolus of the second-generation contrast agents 
(2.0 mL, SonoVue, Bracco Imaging) was injected through the 
antecubital vein within 1–2 s, followed by a 5 mL saline flush. 
A timer was started immediately after the injection of contrast 
agents, and a dynamic digital video with a dual-view display 
(demonstrated in Figure 2a) of CEUS and B-mode images of the 
target lesion and the surrounding tissues was continuously ob-
served and recorded for at least 90 s. All video data were stored 
in Digital Imaging and Communications in Medicine (DICOM) 
format. In cases of multiple lesions, preference was given to re-
cording the larger and more clearly visualized lesion.

2.5   |   Data Preprocessing

The CEUS video data from each patient were firstly decom-
posed into consecutive frames using the native function of 
the MicroDicom DICOM viewer 2.8.3. Then, image patches 
corresponding to the region of interest (ROI, including tumor 
and peritumoral regions) were extracted from the image se-
quence. The extraction of ROIs was conducted by a radiologist 
who was blinded to the histopathological results of the patient 

FIGURE 2    |    (a) Procedure for the cropping of CEUS image patches. Step-1: for the first frame of the dual-view CEUS data, tumor boundaries were 
delineated by the radiologist on the B-mode image side and a bounding box denoting the ROI (tumor and peritumoral regions) was generated by the 
software according to the delineation; Step-2: the ROI of the first frame on the B-mode image side was tracked by using an object-tracking method, by 
which bounding boxes for the subsequent B-mode images were automatically generated by the software. Step-3: the bounding boxes on the B-mode 
image side were mapped onto the CEUS image side, and then CEUS images were cropped by the mapped bounding boxes. (b) Architecture of AE-
3DNet. The data input to the model were a sequence of 81 frames sampled from the cropped CEUS image patches. AE-3DNet = attention-enhanced 
three-dimensional deep convolutional neural network, AP = average pooling, Conv = convolution, FC = fully-connected, FLT = flattening, Instance-
Norm = instance normalization, Max-Pool = Max pooling, non-OR = non-objective response, OR = objective response, ReLU = rectified linear unit, 
STAM = spatiotemporal attention module.
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using a semi-automatic segmentation tool developed in-house 
under the MATLAB platform. The detailed procedure for 
CEUS image cropping is illustrated in Figure 2a and section 1 
of Data S1. Due to the limited data input capacity of the deep 
learning model, the CEUS image patches extracted from each 
video clip were evenly sampled (one frame per second for 
10–90 s), resulting in a sequence of 81 frames for subsequent 
model development.

2.6   |   Model Developments

An attention-enhanced three-dimensional deep convolutional 
neural network, AE-3DNet, was devised for predicting thera-
peutic responses from the preprocessed CEUS data. AE-3DNet 
was constructed on top of a three-dimensional convolutional 
neural network (3DNet) [26], with the innovative incorporation 
of spatiotemporal attention modules (STAMs) to enhance the ca-
pacity for dynamic feature extraction. As shown in Figures 2b 
and S1, the data input to AE-3DNet was a sequence of CEUS 
image patches obtained via data preprocessing. Four convolu-
tional blocks (CBs) were sequentially stacked to extract deep 
features from the input data, in which each CB was composed 
of a three-dimensional convolution layer (3D Conv) followed 
by the other layers, including a 3D instance normalization (3D 
Instance-Norm) layer, a rectified linear unit (ReLU), and a 3D 
max pooling (3D Max-Pool) layer, with an STAM lying between 
the ReLU and 3D Max-Pool layers. At the back end of the model, 
the deep features were processed by two fully connected (FC) 
layers to produce the prediction results, that is, whether the 
tumor would achieve an OR or non-OR after therapeutic treat-
ment. Additionally, we developed other models, including the 
conventional three-dimensional convolutional neural network 
(3DNet) without the attention module and a traditional model 
based on the time-intensity curve (TIC), to compare against AE-
3Dnet. Detailed information can be found in Data S1, Tables S1 
and S2.

2.7   |   Model Evaluation and Interpretation

Patients from Hospital Center A served as the internal valida-
tion cohort, on which fivefold cross-validation (FFCV) was 
performed to develop and internally evaluate the models, while 
patients from Hospital Center B served as the external validation 
cohort in order to assess the generalizability of the models de-
rived from the internal validation cohort. The predictive perfor-
mances of various models were evaluated in terms of accuracy 
(ACC), sensitivity (SEN), specificity (SPE), receiver-operating-
characteristic (ROC) curve, and the area under the ROC curve 
(AUC). To interpret the inferring behavior of the AE-3DNet 
model, we employed gradient-weighted class activation mapping 
(Grad-CAM) [27] to convert the model's outputs into pseudoco-
loured images (attention or heatmaps) for qualitative analysis. 
Besides, the association between AE-3DNet scores and patient 
survivals was evaluated in the external validation cohort using 
the Kaplan–Meier survival curve, with comparisons against the 
other models. For this survival analysis, three different mod-
els were applied for prediction, the probability of efficacy eval-
uation as OR was generated, the cutoff value was obtained by 
maximizing the Youden Index [28] of the ROC curve to classify 

patients as OR or non-OR, and the survival curve was obtained 
according to the predicted grouping and compared with the real 
survival curve.

2.8   |   Statistical Analysis

Continuous variables are expressed as the median (interquartile 
ranges, IQRs) and were compared by Student's t-test. Categorical 
variables are expressed as numbers (percentages) and were com-
pared by the chi-squared test. The Clopper–Pearson method [29] 
was used to calculate 95% confidence intervals (CIs) for ACC, 
SEN, SPE, and AUC. Differences between the ROC curves 
and the corresponding AUC values were measured using the 
DeLong test [30]. The log-rank test was used to evaluate the 
significance of the differences between Kaplan–Meier survival 
curves. All statistical tests were two-sided, and a p-value less 
than 0.05 indicates statistical significance. Data analysis was 
performed using MedCalc (version 18.2) and MATLAB (version 
R2023a) software.

3   |   Results

3.1   |   Patient Characteristics

From March 1, 2019, to March 30, 2023, a total of 439 patients 
were initially enrolled in our study, of whom 326 patients met the 
screening criteria and were included for analysis. Among these 
included patients (median age, 51 years; IQR, 43–60 years; 308 
male), 243 individuals (median age, 52 years; IQR, 45–60 years; 
OR, 159; non-OR, 84) were from Hospital Center A and formed 
the internal validation cohort, and 83 subjects (median age, 
50 years; IQR, 43–59 years; OR, 47; non-OR, 36) were from 
Hospital Center B and constituted the external validation co-
hort. The baseline characteristics of the included patients are 
summarized in Table 1.

3.2   |   Performance in the Internal 
Validation Cohort

By running FFCV ten times on the internal validation cohort, 
the mean ACC, SEN, SPE, and AUC of AE-3DNet were 0.77 
(95% CI: 0.75, 0.79; standard deviation [SD], 0.06), 0.78 (95% CI: 
0.75, 0.81; SD, 0.103), 0.76 (95% CI: 0.74, 0.78; SD, 0.07), and 0.84 
(95% CI: 0.83, 0.86; SD, 0.06), respectively, which were higher 
than the corresponding values obtained by the conventional 
3DNet (ACC, 0.74 [95% CI: 0.72–0.76; SD, 0.07]; SEN, 0.75 [95% 
CI: 0.72–0.78; SD, 0.09]; SPE, 0.74 [95% CI: 0.71–0.76; SD, 0.10]; 
AUC, 0.81 [95% CI: 0.79–0.83; SD, 0.06]), and by the TIC model 
(ACC, 0.67 [95% CI: 0.65–0.69; SD, 0.08]; SEN, 0.69 [95% CI: 
0.66–0.72; SD, 0.12]; SPE, 0.66 [95% CI: 0.64–0.69; SD, 0.12]; 
AUC, 0.75 [95% CI: 0.73–0.77; SD, 0.09]). These results are sum-
marized in Table 2. Averaged ROC curves of the three models 
and box-and-whisker plots of the AUC values corresponding to 
multiple runs of the FFCV are shown in Figures 3a and 4, re-
spectively. AE-3DNet exhibited the highest performance metrics 
and ROC curves, followed by 3DNet and the TIC model. DeLong 
test confirmed significant differences between the ROC curves 
of AE-3DNet and those of the other models (ps < 0.001), while 
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TABLE 1    |    Patient baseline characteristics.

Characteristics

Internal 
validation 

cohort 
(n = 243)

External 
validation 

cohort 
(n = 83) p

Age (years)a 52 (45–60) 50 (43–59) 0.97

Sex

Male 227 (93) 81 (98) 0.15

Female 16 (7) 2 (2)

Tumor size on US 
(cm)a

10.5 (7.3–13.5) 8.7 (5.4–11.6) 0.04

AFP, ng/mL

< 20 47 (19) 22 (27) 0.25

20–200 43 (18) 17 (20)

≥ 200 153 (63) 44 (53)

Differentiation type

Well 28 (11) 15 (18) 0.31

Medium 101 (42) 31 (37)

Poor 114 (47) 37 (45)

HBV infection

Positive 227 (93) 65 (78) < 0.001

Negative 16 (7) 18 (22)

Liver cirrhosis

Positive 178 (73) 40 (48) < 0.001

Negative 65 (27) 43 (52)

BCLC Stage

Stage B 90 (37) 31 (37) 0.96

Stage C 153 (63) 52 (63)

Child-Pugh Score

Child-Pugh A 177 (73) 70 (84) 0.03

Child-Pugh B 66 (27) 13 (16)

mRECIST

PR 138 (57) 46 (56) 0.05

CR 21 (9) 1 (1)

PD 18 (7) 11 (13)

SD 66 (27) 25 (30)

Tumor response

OR 159 (65) 47 (57) 0.15

Non-OR 84 (35) 36 (43)

Note: Except where indicated, data are numbers of participants, with 
percentages in parentheses. Student's t test was used to compare continuous 
variables. The chi-squared test was used to compare categorical variables.
Abbreviations: AFP = alpha-fetoprotein, BCLC = Barcelona Clinic Liver Cancer, 
CR = complete response, HBV = hepatitis B virus, mRECIST = Modified 
Response Evaluation Criteria in Solid Tumors, non-OR = non-objective 
response, OR = objective response, PD = progressive disease, PR = partial 
response, SD = stable disease.
aData are medians; data in parentheses are interquartile ranges (IQRs).
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paired Student's t test indicated that the differences among the 
AUC values obtained by the various models were significant 
(ps < 0.05).

3.3   |   Performance in the External 
Validation Cohort

To assess the models' generalizability, we evaluated the per-
formance of various models on the external validation cohort. 
The ACC, SEN, SPE, and AUC achieved by AE-3DNet were 
0.81 (95% CI: 0.71–0.89), 0.81 (95% CI: 0.64–0.92), 0.81 (95% CI: 
0.67–0.91), and 0.85 (95% CI: 0.76–0.92), respectively, which 
were again higher than the values obtained by 3DNet (ACC, 0.75 
[95% CI: 0.64–0.84]; SEN, 0.72 [95% CI: 0.55–0.86]; SPE, 0.77 
[95% CI: 0.62–0.88]; AUC, 0.79 [95% CI: 0.68–0.87]), and by the 
TIC model (ACC, 0.69 [95% CI: 0.58–0.78]; SEN, 0.69 [95% CI: 
0.52–0.84]; SPE, 0.68 [95% CI: 0.53–0.81]; AUC, 0.70 [95% CI: 
0.59–0.79]). The corresponding results are summarized in the 
bottom rows of Table 2. ROC curves yielded by various models 
in the external validation cohort are shown in Figure 3b, where 
it can be observed that AE-3DNet yielded the best quantitative 
results and ROC curve, followed by 3DNet and the TIC model, 
the results of which are consistent with those obtained in the 
internal validation. We also performed the DeLong test, which 
confirmed statistically significant differences between the ROC 
curves of AE-3DNet and those of the other models (p = 0.041 and 
p = 0.038 for 3DNet and TIC, respectively).

3.4   |   Model Visualization

Although AE-3DNet demonstrated excellent performance, cli-
nicians may be more concerned with understanding how the 
model infers its prediction outcomes. To interpret the mod-
el's behavior, we used Grad-CAM to convert the feature maps 
(generated by the AE-3DNet model as it inferred the tumor re-
sponse from the CEUS data) into pseudocolored maps, that is, 
attention maps or heatmaps. By reading the attention maps, we 
summarized several rules that might be used by AE-3DNet for 

decision-making, most of which were related to the feeding ar-
tery and feeding speed of the tumor, as reflected by the CEUS 
data. First, the presence of apparent feeding arteries in the 
early stage of the arterial phase was indicative of a higher like-
lihood of achieving an OR, as illustrated in Figure 5a. Second, a 
relatively high feeding speed, defined as the time from contrast 
agent arrival at the tumor to full enhancement, was associated 
with a higher probability of achieving an OR. This relationship 
is exemplified in Figure  5b, where the model assigns greater 
attention to early-stage CEUS frames for patients who achieved 
an OR, reflecting the higher feeding speed, compared to late-
stage frames (vice versa for patients who achieved non-OR).

FIGURE 3    |    ROC curves of various models including TIC, 3DNet, and AE-3DNet. (a) ROC curves on the internal validation cohort; (b) ROC curves 
on the external validation cohort. 3DNet = conventional three-dimensional deep convolutional neural network, AE-3DNet = attention-enhanced 
three-dimensional deep convolutional neural network, TIC = time intensity curve-based model.

FIGURE 4    |    Box-and-whisker plots of the AUC values obtained by 
ten independent runs of the FFCV. The lines through the boxes repre-
sent the median values. The upper and lower sides of the boxes denotes 
the first (Q1) and third (Q3) quartiles of the data. The length of the box 
denotes the interquartile ranges (IQRs) within which the middle 50% of 
the data are located. The upper and lower whiskers represent data out-
side the middle 50% of the data. The uppermost horizontal line attached 
to the upper whisker denotes the maximum value (Q1 + 1.5 × IQR), while 
the lowest horizontal line attached to the lower whisker denotes the 
minimum value (Q1 − 1.5 × IQR). Circle points outside the box and whis-
ker denote outliers. **p < 0.01; *p < 0.05. 3DNet = three-dimensional 
deep convolutional neural network, AE-3DNet = attention-enhanced 
three-dimensional deep convolutional neural network, FFCV = fivefold 
cross-validation, TIC = time intensity curve-based model.
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3.5   |   Association Between Therapeutic Responses 
and Patient Survivals

This study was censored on March 30, 2024. In the internal 
validation cohort, patients achieving an OR had a mean over-
all survival (OS) of 19.7 months (95% CI: 17.92–21.52), whereas 
those achieving a non-OR had a mean OS of 11.6 months (95% 
CI: 9.94–11.34) (p < 0.001). In the external validation cohort, 
the mean OS was 14.8 months (95% CI: 13.39–16.19) for patients 
who achieved an OR and 10.3 months (95% CI: 8.40–12.20) for 
patients who achieved a non-OR (p < 0.05). The efficacy of HAIC 
combination therapy was significantly correlated with the long-
term prognosis of advanced HCC (Figures  6a and S2). The 
prognosis was further stratified based on predicted therapeutic 
responses from three deep learning models. The predicted ther-
apeutic responses of AE-3DNet could significantly distinguish 
patients with poor outcomes in the external validation cohort 
(p < 0.05, Figure 6b), whereas those predicted by 3DNet and TIC 
failed to distinguish the patients with poor outcomes (ps > 0.05, 
Figure  6c and Figure  6d). Survival curves generated by AE-
3DNet (Figure  6b) closely mirrored actual clinical prognosis 
(Figure 6a).

4   |   Discussion

This dual-center retrospective study successfully built an 
attention-enhanced deep learning model, AE-3DNet, to predict 
the response of advanced HCC to HAIC combination therapy 
using pretreatment CEUS cine images. The model's perfor-
mance was assessed on an internal validation cohort (243 pa-
tients, 65% OR) and an external validation cohort (83 patients, 
57% OR), with comparisons against 3DNet and TIC. The deep 
learning model of AE-3DNet demonstrated superior perfor-
mance in predicting the efficacy of HAIC-associated triple com-
bination therapy for advanced HCC, achieving an AUC value of 
0.84 (95% CI: 0.83–0.86) in the internal validation cohort and an 
AUC value of 0.85 (95% CI: 0.76–0.92) in the external validation 
cohort. Given the promising performance, AE-3DNet may serve 
as a valuable tool to identify patients who could potentially ben-
efit from HAIC-associated triple combination therapy, thereby 
contributing to improved patient management.

HAIC combination therapy for advanced HCC has been 
widely studied, particularly in Chinese institutions, due to 
China's high HCC burden and the urgent need for innovative 

FIGURE 5    |    (a, b) Feature map visualization of AE-3DNet for cases whose responses were correctly predicted by the model. Red and warm col-
ors indicate stronger contributions to the predictive outcome, whereas blue and cold colors indicate weaker contributions. AE-3DNet = attention-
enhanced three-dimensional deep convolutional neural network, non-OR = non-objective response, OR = objective response.

b OR Case:

non-OR Case:

a
10s 11s 12s 13s 14s 15s 16s 17s 18s 19s 20s 21s 22s 23s 24s

OR Case:

non-OR Case:
0.0
0.2
0.4
0.6
0.8
1.0

10s 11s 12s 13s 14s 15s 16s 17s 18s 19s 20s 21s 22s 23s 24s

0.0
0.2
0.4
0.6
0.8
1.0

10s 11s 12s 13s 14s 15s 16s 17s 18s 19s 20s 21s 22s 23s 24s

0.0
0.2
0.4
0.6
0.8
1.0

10s 11s 12s 13s 14s 15s 16s 17s 18s 19s 20s 21s 22s 23s 24s

0.0
0.2
0.4
0.6
0.8
1.0



1938 Cancer Science, 2025

treatments. Our center uses real-world data to develop pre-
dictive models, helping identify responders and reduce futile 
interventions. The combination of HAIC, molecular targeted 
agents (MTAs), and immune checkpoint inhibitors (ICIs) tar-
gets tumor vascular structure, angiogenesis, and the immune 
microenvironment, respectively. While their interactions are 
not fully understood, their individual efficacy and complemen-
tary mechanisms—such as HAIC releasing tumor antigens to 
enhance ICI response, or MTAs normalizing vasculature to 
improve drug delivery—support clinical use. However, com-
plexities like excessive vascular pruning or HAIC-induced 
inflammation may either synergize or counteract effects. 
Despite these uncertainties, the urgent need for effective ther-
apies and promising preliminary results have driven clinical 
adoption. Further trials are needed to clarify interactions and 
optimize sequencing, dosing, and patient selection for maxi-
mal benefit, balancing innovation with evidence generation to 
improve outcomes.

The successful development of AE-3DNet represents a signifi-
cant advancement in utilizing machine learning to tackle clin-
ical challenges, aligning well with other relevant studies[32]. 

Here, we demonstrated the superiority of AE-3DNet over the 
traditional TIC method and the advanced 3DNet in the context 
of response prediction of advanced HCC. While the TIC method 
mainly focuses on temporal feature extraction from the time-
intensity curve and overlooks spatial patterns in CEUS cine 
images, the 3DNet and AE-3DNet models effectively capture 
both spatial and temporal features from the CEUS cine data. 
This ability likely explains why the 3DNet and its attention-
enhanced version exhibited superior prediction performance 
compared to the TIC method in both internal and external co-
horts. Furthermore, our results on the external validation cohort 
revealed that AE-3DNet displayed enhanced generalizability 
in contrast to 3DNet. This finding suggests that the attention-
enhanced model's extraction of CEUS spatiotemporal features 
was more robust than that of the model without attention en-
hancement, underscoring the significance of attention modules 
in optimizing the effectiveness of deep learning for CEUS data 
processing.

While AE-3DNet exhibits impressive performance, clinicians 
are particularly interested in comprehending the rationale be-
hind its prediction outcomes. To enhance the interpretability 

FIGURE 6    |    Survival curves of clinical prognosis and predicted response of the three models in the external validation cohort (n = 83). (a) OS 
curves of clinical prognosis; (b) predicted OS curves of AE-3DNet model; (c) predicted OS curves of 3DNet model; (d) predicted OS curves of TIC 
model. Comparisons between curves were performed with the log-rank test. The hazard ratios were computed using the Mantel–Haenszel method. 
3DNet = conventional three-dimensional deep convolutional neural network, AE-3DNet = attention-enhanced three-dimensional deep convolution-
al neural network, OS = overall survival, TIC = time intensity curve-based model.
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of the AE-3DNet model, we conducted visualizations and 
comparisons of its feature attention maps for populations cat-
egorized as OR and non-OR. Upon this analysis, we identified 
distinct CEUS patterns that may signify different responsive 
populations, such as the presence of conspicuous feeding ar-
teries early in the arterial phase and elevated feeding speed 
among the OR patients. These delineated patterns could be 
invaluable in clinical settings where AI models are not read-
ily available. Understanding and summarizing these patterns 
could enrich the clinicians' capacity to predict the response 
of advanced HCC to HAIC combination therapy by analyzing 
pretreatment CEUS cine images. In the current study, tumors 
with well-defined feeding arteries in the early arterial phase 
showed higher OR rates, suggesting that the efficacy of HAIC 
was closely associated with adequate drug delivery via domi-
nant tumor-feeding vessels. The model's focus on early arte-
rial phase frames demonstrates its ability to detect functional 
vascular patency, a critical factor for efficient FOLFOX pene-
tration. A shorter tumor enhancement time likely reflects fa-
vorable hemodynamic conditions, such as efficient blood flow 
and reduced vascular resistance, potentially leading to more ef-
fective drug delivery during HAIC. Combining feeding artery 
morphology and hemodynamic profiling has the potential to 
refine patient selection for therapy.

Although our model was primarily designed to predict the re-
sponse to HAIC combination therapy, it has the potential for 
transferability (through transfer learning [28]) to address var-
ious predictive tasks. These tasks may include predicting the 
efficacy of TACE, HAIC, systemic therapies [29], and TACE 
[30], provided task-specific CEUS data and data labels are avail-
able. Of note, with the incorporation of spatiotemporal attention 
modules (STAMs), the transferred model may exceed existing 
models, such as the TACE efficacy prediction model [19], in ful-
filling specific tasks. While further assessments are necessary 
to validate our assumptions, even without exploring alternative 
predictive tasks, AE-3DNet can complement existing models to 
enhance therapeutic strategy recommendations. For instance, 
in cases where AE-3DNet predicts unsatisfactory therapeutic ef-
ficacy of HAIC-based triple therapy for advanced HCC patients, 
other models tailored to different therapies could be consulted to 
determine the most appropriate treatment regimen. By employ-
ing multiple predictive models, significant strides can be made 
in advancing personalized treatments and ultimately improving 
patient outcomes.

In the current study, we investigated the effectiveness of the 
deep learning model in predicting OS. Our results revealed 
a significant association between the efficacy of HAIC com-
bination therapy and the long-term prognosis of patients with 
advanced HCC. This finding is in accordance with previous 
relevant studies [30]. Assessment of OS predicted by the three 
models indicates that the AE-3DNet model exhibits the highest 
level of concordance with real-world outcomes, suggesting that 
our model not only demonstrates predictive efficacy but also 
accurately reflects patients' OS through its efficacy predictions. 
Inconsistent OS outcomes were observed between the internal 
and the external validation cohort, which were related to the 
different follow-up times. The internal cohort was followed up 
for a longer period of time, so the OS was longer than that of the 
external cohort.

There are several limitations of our study. Firstly, as HAIC 
combination therapy has not been extensively used in clini-
cal practice, particularly in our external validation cohort, 
the sample size was relatively small. Additional research in-
volving multicenter studies with larger sample sizes is war-
ranted to further validate our results. Secondly, the proposed 
model may be influenced by the specific characteristics of the 
patient cohorts, highlighting the importance of model adjust-
ment through transfer learning when applying it to different 
regions.

In conclusion, the deep learning model AE-3Dnet, developed 
based on pretreatment CEUS cine images, performed satisfac-
torily in predicting the efficacy of HAIC combination therapy 
and prognosis in patients with advanced HCC. Therefore, it 
may be considered a promising tool to identify individuals who 
could potentially benefit from the triple combination therapy.
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