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Abstract

Aim: To develop a deep learning radiomics (DLR) model based on Gd-EOB-DTPA-
enhanced magnetic resonance imaging for preoperative prediction of dual-phenotype
hepatocellular carcinoma (DPHCC) and patient prognosis.

Methods: This study included 331 patients from two centers: 228 in the training cohort
(center |, 93 DPHCC, 135 non-DPHCC) and 103 in the external validation cohort (center I,
47 DPHCC, 56 non-DPHCC). Conventional radiological features were analyzed to build a
radiological model. In total, 1,316 radiomics features and 768 deep learning (DL) features
were extracted from the volumes of interest in arterial phase (AP), portal venous phase
(PP), and hepatobiliary phase images, respectively. Three machine learning classifiers were
applied to develop radiomics, DL, and DLR models using single-phase and combined-phase
(CP) data for DPHCC prediction. Recurrence-free survival (RFS) was assessed by the
Kaplan-Meier method.

'Department of Radiology, The First Affiliated Hospital of Soochow University, Suzhou 215006, Jiangsu, China.
’Department of Endocrinology, The First Affiliated Hospital of Soochow University, Suzhou 215006, Jiangsu, China.
*Department of Radiology, Affiliated Nantong Hospital 3 of Nantong University, Nantong 226000, Jiangsu, China.
“Department of Pathology, The First Affiliated Hospital of Soochow University, Suzhou 215006, Jiangsu, China.

#Authors contributed equally.

Correspondence to: Dr. Yan Yang, Prof. Chunhong Hu, Prof. Yixing Yu, Department of Radiology, The First Affiliated Hospital of Soochow
University, Suzhou 215006, Jiangsu, China. E-mail: yangyan892025@163.com; sdhuchunhong@sina.com; yuyixing@163.com

www.oaepublish.com

Submit a Manuscript: https://ucenter.oaepublish.com


https://www.oaepublish.com
https://ucenter.oaepublish.com
https://orcid.org/0009-0005-5416-6318
https://dx.doi.org/10.20517/ais.2026.04
https://dx.doi.org/10.20517/ais.2026.04
https://crossmark.crossref.org/dialog/?doi=10.20517/ais.2026.04&domain=pdf

Page 281 Sun et al. Art Int Surg. 2026;6:280-99

Results: In the external validation cohort, rim AP hyperenhancement and non-smooth tumor margins were
independent predictors of DPHCC (both P < 0.05), yielding a radiological model with an area under the curve (AUC)
of 0.607 [95% confidence interval (Cl), 0.511-0.704]. Among radiomics and DL models, the PP-DLR model achieved
the highest discrimination (AUC: 0.805; 95%Cl, 0.722-0.887), outperforming the radiological model, PP-Radiomics
(AUC: 0.714; 95%Cl, 0.615-0.813), CP-Radiomics (AUC: 0.639; 95%Cl, 0.532-0.746), and CP-DLR models (AUC:
0.650; 95%Cl, 0.543-0.758) (all P < 0.05). Patients classified as DPHCC by the PP-DLR model had significantly
shorter median RFS than those classified as non-DPHCC (P < 0.05).

Conclusion: The PP-DLR model, which integrates radiomics and DL features, may aid in the preoperative prediction
of DPHCC. DPHCC may be associated with poorer postoperative outcomes.

INTRODUCTION

WHO (World Health Organization) recognizes three principal entities within primary liver cancer:
hepatocellular carcinoma (HCC), intrahepatic cholangiocarcinoma (ICCA), and combined
hepatocellular-cholangiocarcinoma'’. Among these, HCC is the predominant form and the third leading
cause of cancer mortality globally™. Histologically, HCC originates from hepatic parenchymal cells and
characteristically expresses hepatocyte-specific biomarkers such as Hepatocyte Paraffin-1 (HepPar-1). ICCA,
in contrast, arises from biliary epithelial cells and tests positive for cholangiocyte-associated markers,
including cytokeratin 19 (CK19) and cytokeratin 7 (CK7)"!.

In clinical practice, HCC has been found to be heterogeneous in pathobiological patterns'*. A distinct
subtype, dual-phenotype hepatocellular carcinoma (DPHCC), has attracted increasing attention”. DPHCC
displays the typical morphological appearance of HCC but coexpresses both hepatocyte and cholangiocyte
markers in some tumor cells'*”. CK19 expression, commonly used as a marker of biliary differentiation, is an
important molecular feature of DPHCC and has been associated with drug resistance and sensitivity'®*.
Because of its dual biological features, DPHCC shows biphenotypic expression of both hepatic and biliary
markers. CK19 overexpression correlates with enhanced tumor aggressiveness and metastatic potential>'",
and HCC expressing cholangiocyte markers carries a substantially higher risk of recurrence and metastasis
than monophenotypic HCC. Currently, DPHCC can only be diagnosed by postoperative
immunohistochemical examination'”. Because DPHCC and non-DPHCC share overlapping imaging
findings and clinical profiles, differentiation based on imaging alone is challenging?’. Reliable, non-invasive
preoperative approaches to identify this aggressive subtype are therefore needed.

Gadolinium-ethoxybenzyl-diethylenetriamine pentaacetic acid (Gd-EOB-DTPA)-enhanced magnetic
resonance imaging (MRI) is widely used for evaluating hepatobiliary lesions*. Several studies have
attempted to predict DPHCC using preoperative imaging. Radiological features such as persistent
enhancement and targetoid appearance on diffusion-weighted imaging (DWI) have been reported as
potentially useful for identifying DPHCC!"*. Although quantitative radiomics features have been applied to
DPHCC prediction, there is still no clear standard for preoperative imaging diagnosis. Thus, stronger
evidence and more objective methods are needed.

Over the past decades, quantitative and qualitative imaging analyses have been increasingly applied in
oncology. Radiomics and deep learning (DL) have shown value in characterizing HCC subtypes and
predicting survival outcomes'””!. Recent advances in DL extend beyond the convolutional neural network
(CNN) framework to capture long-range spatial dependencies. For instance, a multistage CNN framework
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Figure 1. Representative MRI images with corresponding histopathological findings from a DPHCC case. (A) T2WI image showing slightly
heterogeneous high signal intensity; (B) DWI image (b = 800 s/mm?) showing marginal ring-like high signal intensity; (C) Arterial phase
image showing marginal circular enhancement with intratumoral vascularity and central low signal intensity; (D) Portal venous phase
image showing persistent peripheral enhancement; (E) Hepatobiliary phase image showing low signal intensity; (F) Immunohistochemical

staining (original magnification 100%) showing CK19 (+). MRI: Magnetic resonance imaging; DPHCC: dual-phenotype hepatocellular
carcinoma; T2WI: T2-weighted imaging; DWI: diffusion-weighted imaging; CK19: cytokeratin 19.

has been successfully applied to MRI-based diagnosis of Alzheimer’s disease!"*’. Compared with conventional
CNNs, which analyze local image regions, the 3D Swin Transformer can integrate volumetric information
from the entire tumor, capturing more comprehensive imaging features of tumor heterogeneity. Deep
learning radiomics (DLR), which combines radiomics features with DL-derived representations, has
demonstrated clinical value in assessing tumor progression and prognosis"”. To our knowledge, DLR based
on Gd-EOB-DTPA-enhanced MRI has not been investigated for preoperative prediction of DPHCC or for
evaluating its prognostic implications.

This study aimed to develop a DLR model based on Gd-EOB-DTPA-enhanced MRI to distinguish DPHCC
from non-DPHCC preoperatively and to evaluate its prognostic value.

METHODS

Participants

This retrospective study was approved by the institutional review boards of The First Affiliated Hospital of
Soochow University (Approval No. 2024-431) and Nantong Third People’s Hospital (EK 2023025), and the
requirement for informed consent was waived. A total of 331 HCC patients were included. The training
cohort comprised 228 patients from center I (January 2020 to February 2024: 93 DPHCC and 135
non-DPHCC patients). The external validation cohort consisted of 103 patients from center II (January 2019
to July 2023: 47 DPHCC and 56 non-DPHCC patients).

Inclusion criteria were: (1) Gd-EOB-DTPA-enhanced MRI examination within two weeks before surgery,
and (2) pathologically and immunohistochemically confirmed DPHCC or non-DPHCC [Figures 1 and 2].
Exclusion criteria were: (1) any history of anti-tumor therapy prior to surgery, (2) suboptimal image quality
precluding reliable interpretation, or (3) incomplete clinical or pathological data. For patients with multiple
lesions, only the largest one was analyzed.
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Figure 2. Representative MRI images with corresponding histopathological findings from a non-DPHCC case. (A) T2WI image showing
slightly inhomogeneous high signal intensity; (B) DWIimage (b = 800 s/mm?) showing high signal mass; (C) Arterial phase image
showing moderate inhomogeneous enhancement; (D) Portal venous phase image showing mild decreased enhancement; (E)
Hepatobiliary phase image showing low signal intensity; (F) Immunohistochemical staining (original magnification 100%) showing CK19
(-). MRI: Magnetic resonance imaging; DPHCC: dual-phenotype hepatocellular carcinoma; T2WI: T2-weighted imaging; DWI:
diffusion-weighted imaging; CK19: cytokeratin 19.

All baseline clinical characteristics were collected from medical records, including age, gender, cirrhosis,
tumor diameter, tumor number, hepatitis B virus (HBV) status, alpha-fetoprotein (AFP), alanine
aminotransferase (ALT), aspartate aminotransferase (AST), and gamma-glutamyl transferase (GGT).

Histopathology and Immunohistochemistry

Two experienced pathologists independently reviewed and evaluated all available histological samples.
DPHCC pathological diagnostic criteria were as follows: (1) immunohistochemically, at least one hepatocyte
marker (such as HepPar-1) showed strong positive expression in more than 15% of the tumor cells, mainly in
a diffuse distribution; (2) at least one cholangiocyte marker (such as CK19) and at least one hepatocyte
marker were coexpressed in more than 15% of the tumor cells; (3) patients were excluded from the DPHCC
group if the tumor contained any independent HCC or ICCA component (regardless of the presence of a
transition zone) or if tumor cells did not simultaneously express both HCC and ICCA markers. The 15%
cutoff for cholangiocyte marker positivity was adopted from the original definition of Lu et al. [5], this
threshold was considered to balance sensitivity and specificity for identifying tumors with dual-phenotype
features.

Postoperative follow-up

After curative resection, all patients underwent regular surveillance for HCC recurrence. This included
serum AFP measurement, liver function tests, and abdominal imaging (ultrasound, contrast-enhanced CT or
MRI) within the first postoperative month and subsequently at 3 to 6 month intervals. Recurrence-free
survival (RFS) was defined as the interval from the date of surgery to the date of tumor recurrence, death
from any cause, or last follow-up. The censored follow-up date was February 2024. For patients lost to
follow-up, survival time was calculated from the date of surgery to the date of last available follow-up.
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MR imaging acquisition

Abdominal MRI was performed using a Siemens Magnetom Skyra 3.0-T MRI scanner (Siemens Healthcare,
Munich, Germany) and a Philips Achieva 3.0-T MRI scanner (Philips Healthcare, Best, The Netherlands)
with a 16-channel phased-array coil. Patients were placed supine, and the scan covered the region from the
diaphragmatic dome to the inferior hepatic edge. Detailed scanning sequences and parameters are provided
in the Supplementary Materials. For dynamic imaging, Gd-EOB-DTPA (Bayer, Berlin, Germany) was
administered via an antecubital vein (0.1 mL/kg body weight), followed by 20 mL of 0.9% saline at 1 mL/s.
The images in arterial phase (AP), portal venous phase (PP) and hepatobiliary phase (HBP) were acquired by
performing three-dimensional volume interpolated breath-hold examination (3D VIBE) fat suppression
T1WT at 20-30 s, 60-70 s, and 20 min after Gd-EOB-DTPA administration, respectively.

Volume of interest identification and segmentation

Tumor regions were manually segmented on AP, PP, and HBP images using the ITK-SNAP platform
(www.itksnap.org). All segmentations were performed by a radiologist (3 years of experience) and verified by
a senior radiologist (13 years of experience). Interobserver reproducibility was assessed in a randomly
selected subset of 30 patients. Two radiologists independently delineated volumes of interest (VOIs) covering
the entire tumor manually. Each lesion was carefully examined across all phases to accurately define its
boundaries and avoid adjacent non-tumor tissue. The VOIs delineated by the senior radiologist were used
for subsequent analysis.

Radiological feature analysis and model construction

All MRI images were interpreted independently by two radiologists with 10 and 13 years of abdominal MRI
experience, respectively, who were blinded to histopathology results and other clinical information.
Disagreements were resolved by joint review to reach a consensus.

The following radiological features were evaluated according to the definitions in LI-RADS v2018"*: (a) rim
arterial phase hyperenhancement (rim APHE); (b) non-rim arterial phase hyperenhancement (non-rim
APHE); (c) peripheral washout; (d) non-peripheral washout; (e) enhancing capsule; (f) tumor margins (0,
smooth margins; 1, non-smooth margins); (g) intratumoral hemorrhage; (h) intratumoral fat; (i) necrosis; (j)
peritumoral enhancement in the AP; (k) intratumoral vascularity; (1) delayed enhancement; (m)
hepatobiliary phase hypointensity; (n) peritumoral hypointensity in HBP; (0) T2-weighted imaging (T2WT)
mild-moderate hyperintensity; (p) targetoid diffusion restriction.

Univariate logistic regression analysis was conducted within the training cohort to screen for statistically
significant variables (P < 0.05). Significant variables were entered into a multivariate logistic regression
analysis using the forward likelihood ratio method to identify independent predictors, which were then used
to construct the radiological prediction model for DPHCC.

Radiomics and DL feature extraction and selection

Radiomics features (first-order statistics, shape, and texture) were extracted from each VOI using the
Pyradiomics package (https://pyradiomics.readthedocs.io/en/latest/). Radiomics analysis was performed with
the open-source FeAture Explorer (FAE) software (https://github.com/salan668/FAE), which supported the
complete workflow, including feature extraction, feature matrix preprocessing, model development, and
visualization.

For DL feature extraction, 3D tumor-region images were cropped based on the VOIs. A 3D Swin
Transformer (swin3d_s, PyTorch 2.5.1) was initialized with Kinetics-400 pre-trained weights and fine-tuned
on our 3D MRI data using a partial strategy: only the final stage (Stage 4), the PatchMerging layer, the
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Figure 3. Flowchart of the proposed study design. The workflow includes image segmentation, radiological feature analysis, radiomics and
deep learning feature extraction and selection, and model development. AP: Arterial phase; PP: portal venous phase; HBP: hepatobiliary
phase; rim APHE: rim arterial phase hyperenhancement; 3D: three-dimensional; CAM: class activation mapping.

LayerNorm layer, and the classification head were updated. These deeper layers were responsible for
capturing task-specific high-level semantic information and were therefore the most beneficial for adaptation
to the target domain. For all subsequent deep feature extraction, the resulting fine-tuned weights were used
after removing the classification head, with the fine-tuned backbone serving as the feature extractor. To
ensure compatibility with the model input requirements, all images were resized to a uniform dimension.
Detailed training parameters and the complete fine-tuning code are provided in the Supplementary Materials
and on GitHub (https://github.com/doctoryuxing/DPHCC-Swin3d-classification.git).

Feature selection and model building were performed in FAE. To reduce overfitting and improve model
robustness, we applied the following feature selection procedure. Initially, Z-score standardization was
performed on the feature matrix by subtracting the respective means and scaling with the corresponding
standard deviations. Subsequently, we implemented Pearson correlation analysis for feature selection.
Pairwise coefficients between features were computed, with a threshold larger than 0.80 triggering random
elimination of one feature from correlated pairs. Lastly, RFE (recursive feature elimination) was used to rank
the remaining features according to their predictive ability. The feature number range was set from 1 to 30.

Radiomics, DL, DLR model construction and validation

Based on the selected features, three machine learning classifiers implemented in FAE software, namely
logistic regression (LR), logistic regression-least absolute shrinkage and selection operator (LR-Lasso), and
support vector machine (SVM), were used for model construction. Radiomics and DL models were built
using radiomics and DL features, respectively. The DLR models incorporated both the radiomics and DL
features. In total, 36 models were built based on AP, PP, HBP, and combined-phase (CP) images. Model
performance was evaluated using 10-fold cross-validation in the training cohort. The study workflow is
shown in Figure 3.
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Patients with pathologically confirmed HCC
who satisfied the inclusion criteria(n=448)
Dreceived Gd-EOB-DTPA-contrast-enhanced
MRI examination within 2 weeks before surgery
2)the presence of immunohistochemically
confirmed DPHCC or non-DPHCC

Exclusion criteria:
1)received anti-tumor therapy before surgery(n=53)
2)poor radiologic images for interpretation(n=16)
3)incomplete clinical or pathological information(n=48)

v ;

Training cohort from Center I between External validation cohort from Center IT
January 2020 to February 2024 (n=228) between January 2019 to July 2023 (n=103)
DPHCC(n=93) non-DPHCC(n=135) DPHCC(n=47) non-DPHCC(n=56)

Figure 4. Flowchart shows the patient selection process. HCC: Hepatocellular carcinoma; DPHCC: dual-phenotype hepatocellular
carcinoma.

Statistical analysis

Data processing was performed in R (v4.3.2; https://www.r-project.org/) and SPSS 27.0. Continuous variables
were reported as the mean + standard deviation or median with IQR (interquartile range), while categorical
variables were expressed as counts and percentages. Continuous variables were analyzed using either the
independent t-test or Mann-Whitney U test based on distribution normality, categorical characteristics were
compared with Pearson’s chi-square test. Normality was assessed with the Shapiro-Wilk test. Interobserver
agreement for feature extraction was evaluated using the intraclass correlation coefficient (ICC) and
categorized as poor (< 0.5), moderate (0.5-0.79), or excellent (= 0.8).

Feature correlations were visualized with coefficient matrix heatmaps generated by “ggcorrplot”. Model
discrimination was assessed by receiver operating characteristic (ROC) analysis, with AUC values compared
by the DeLong test. To assess feature selection stability and overfitting risk, we performed bootstrap
resampling (500 iterations) on the training cohort, repeating the entire feature selection pipeline and
calculating selection frequency for each feature. Survival probabilities were estimated by the Kaplan-Meier
method and compared with the log-rank test. A two-sided P value < 0.05 was considered statistically
significant.

RESULTS

Baseline clinical characteristics of patients

The clinical characteristics of patients are presented in Table 1. In the training and external validation
cohorts, 40.79% (93/228) and 45.63% (47/103) of patients were confirmed to have DPHCC, respectively
[Figure 4]. No statistically significant differences in baseline characteristics were found between the two
cohorts except for tumor diameter (P < 0.001). Given that no significant differences were observed in age,
sex, cirrhosis, HBV status, ALT, AST, GGT, AFP, tumor diameter, or number between the DPHCC and
non-DPHCC subgroups within the training cohort (all P > 0.05), these variables were excluded from the
diagnostic model construction.
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Table 1. Clinical characteristics of the patients in training and external validation cohorts

Training cohort
Characteristics External validation cohort P value
non-DPHCC DPHCC Total P value
Age (years) 61.0+£9.8 58.7+10.1 60.1+10.0 0.092 582+95 0.097
Sex (male/female) 101/34 71/22 172/56 0.792 77/26 0.894
Tumor number 0.770 0.094
1 86(63.7) 61(65.6) 147(64.5) 76(73.8)
22 49(36.3) 32(34.4) 81(35.5) 27(26.2)
Diameter (cm) 52(2.6,7.7) 3.8(29,6.6) 4.5(2.7,7.2) 017 2.7(1.9,4.5) < 0.001
AFP (ug/L) 0.915 0.655
<100 92(68.1) 64(68.8) 156(68.4) 73(70.9)
>100 43(31.9) 29(31.2) 72(31.6) 30(29.1)
HBV 0.235 0.163
No 57(42.2) 32(34.4) 89(39.0) 32(31.1)
Yes 78(57.8) 61(65.6) 139(61.0) 71(68.9)
ALT (U/L) 0.627 0.101
<50 115(85.2) 77(82.8) 192(84.2) 79(76.7)
>50 20(14.8) 16(17.2) 36(15.8) 24(23.3)
AST (U/L) 0.608 0.076
<40 99(73.3) 71(76.3) 170(74.6) 67(65.0)
>40 36(26.7) 22(23.7) 58(25.4) 36(35.0)
GGT (U/D) 0.675 0.444
<60 79(58.5) 57(61.3) 136(59.6) 66(64.1)
> 60 56(41.5) 36(38.7) 92(40.4) 37(35.9)
Cirrhosis 0.492 0.871
No 84(62.2) 62(66.7) 146(64.0) 65(63.1)
Yes 51(37.8) 31(33.3) 82(36.0) 38(36.9)

Data are numbers of patients, with percentages in parentheses. DPHCC: Dual-phenotype hepatocellular carcinoma; AFP: alpha-fetoprotein; HBV:
hepatitis B virus; ALT: alanine aminotransferase; AST: aspartate aminotransferase; GGT: gamma-glutamyl transferase.

Radiological model construction

Radiological characteristics are shown in Table 2. The training and external validation cohorts showed good
agreement for all features, with no statistically significant differences (all P > 0.05). In the training cohort,
univariate analysis showed that the DPHCC subgroup had higher frequencies of rim APHE (38.7% vs. 5.2%,
P < 0.001), peripheral washout (14.0% vs. 3.0%, P = 0.002), and non-smooth tumor margins (50.5% vs. 24.4%,
P < 0.001) than the non-DPHCC subgroup. Conversely, non-rim APHE was more common in the
non-DPHCC subgroup (88.1% vs. 54.8%, P < 0.001).

All variables significant in univariate analysis were entered into multivariable logistic regression. After
adjustment, rim APHE [odds ratio (OR): 4.72, 95% confidence interval (CI): 1.15-19.31] and non-smooth
tumor margins (OR: 1.95, 95%CI: 1.01-3.73) remained predictors for DPHCC [Table 3]. In the training
cohort, the AUC, sensitivity, and specificity of the radiological model were 0.718 (95%CI, 0.653-0.782),
67.7%, and 67.4%, respectively; in the external validation cohort, the AUC, sensitivity, and specificity of the
model were 0.607 (95%CI, 0.511-0.704), 25.5%, and 92.9%, respectively. The ROC curves are shown in Figure
5A and B.
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Table 2. Comparison of radiological characteristics of DPHCC and non-DPHCC patients between training and external validation

cohorts
Training cohort External validation cohort
Characteristics P value
non-DPHCC DPHCC Pvalue non-DPHCC DPHCC Pvalue

Rim APHE <0.001 0.010 0.464
Absent 128(94.8) 57(61.3) 52(92.9) 35(74.5)
Present 7(5.2) 36(38.7) 4(7.) 12(25.5)

non-rim APHE < 0.001 0.153 0.970
Absent 16(11.9) 42(45.2) 1@19.6) 15(31.9)
Present 19(88.1) 51(54.8) 45(80.4) 32(68.1)

Peripheral washout 0.002 0.015 0.130
Absent 131(97.0) 80(86.0) 53(94.6) 37(78.7)
Present 4(3.0) 13(14.0) 3(5.4) 10(21.3)

non-peripheral washout 0.060 0.152 0.086
Absent 43(31.9) 41(44.1) 12(21.4) 16(34.0)
Present 92(68.1) 52(55.9) 44(78.6) 31(66.0)

Enhancing capsule 0.599 0.140 0.599
Absent 62(45.9) 46(49.5) 32(57.1) 20(42.6)
Present 73(54.1) 47(50.5) 24(42.9) 27(57.4)

Tumor margins < 0.001 0.218 0.373
smooth 102(75.6) 46(49.5) 42(75.0) 30(63.8)
non-smooth 33(24.4) 47(50.5) 14(25.0) 17(36.2)

Intratumoral hemorrhage 0.079 0.363 0.203
Absent 107(79.3) 82(88.2) 48(85.7) 43(91.5)
Present 28(20.7) 1(11.8) 8(14.3) 4(8.5)

Intratumoral fat 0.515 0.736 0.186
Absent 104(77.0) 75(80.6) 41(73.2) 33(70.2)
Present 31(23.0) 18(19.4) 15(26.8) 14(29.8)

Necrosis 0.449 0.314 0.127
Absent 73(54.1) 55(59.1) 34(60.7) 33(70.2)
Present 62(45.9) 38(40.9) 22(39.3) 14(29.8)

Peritumoral enhancement in the arterial phase 0.288 0.897 0.950
Absent 116(85.9) 75(80.6) 47(83.9) 39(83.0)
Present 19014.1) 18(19.4) 9(16.1) 8(17.0)

Intratumoral vascularity 0.142 0.314 0.069
Absent 68(50.4) 56(60.2) 34(60.7) 33(70.2)
Present 67(49.6) 37(39.8) 22(39.3) 14(29.8)

Delayed enhancement 0.475 0.153 0.079
Absent 96(71.1) 62(66.7) 47(83.9) 34(72.3)
Present 39(28.9) 31(33.3) 9(16.1) 13(27.7)

Hepatobiliary phase hypointensity 0.581 0.508 0.212
Absent 13(9.6) 7(7.5) 2(3.6) 3(6.4)
Present 122(90.4) 86(92.5) 54(96.4) 44(93.6)

Peritumoral hypointensity in HBP 0.997 0.968 0.056
Absent 106(78.5) 73(78.5) 49(87.5) 41(87.2)
Present 29(21.5) 20(21.5) 7(12.5) 6(12.8)

T2WI mild-moderate hyperintensity 0.993 0.353 0.093
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Absent 32(23.7) 22(23.7) 7(12.5) 9(19.1)
Present 103(76.3) 71(76.3) 49(87.5) 38(80.9)
Targetoid diffusion restriction 0.505 0.103 0.133
Absent 129(95.6) 87(93.5) 53(94.6) 40(85.1)
Present 6(4.4) 6(6.5) 3(5.4) 7(14.9)

DPHCC: Dual-phenotype hepatocellular carcinoma; APHE: arterial phase hyperenhancement; HBP: hepatobiliary phase.

Feature extraction and selection

A total of 1,316 radiomics features and 768 DL features were extracted from each VOI per phase. The
interobserver ICC was 2 0.8, 0.5-0.79, and < 0.5 for 88%, 8%, and 4% of the extracted features, respectively.
The mean ICC for VOI delineation was 0.86, indicating satisfactory repeatability. The selected features were
suitable for building DPHCC prediction models [Figure 5C-F]. To improve interpretability, we applied class
activation mapping (CAM) to visualize the model’s decision patterns and highlight the regions it prioritized.
As shown in Figure 6, the concentrated red zones overlapping with blue regions indicated heightened
activation, reflecting focused computational attention. Low correlation coefficients in the heatmaps [Figure
7A-D] further supported feature feasibility. The numbers of features selected from each phase and the
combined phase are listed in Supplementary Table 1.

Construction of radiomics, DL and DLR models

LR, LR-Lasso, and SVM classifiers were used to build radiomics, DL, and DLR models. As summarized in
Table 4, LR-Lasso performed slightly better overall and was therefore selected for subsequent analyses. The
models based on AP and HBP showed unsatisfactory performance in the external validation cohort (AUCs <
0.7), indicating poor diagnostic capability and reproducibility. To reduce redundancy and simplify the
models, we therefore focused on the PP and CP models for detailed evaluation. The selected input features
are presented in Supplementary Table 2.

Bootstrap stability analysis confirmed that most of the 11 selected features were consistently identified; three
features showed high selection frequencies > 70% and six exceeded 25% [Supplementary Table 3], indicating
that the core predictive feature set was robust to sampling variability. Although the stability of the
low-frequency features was suboptimal, the model as a whole was reliable for risk stratification.

Predictive model evaluation

The PP-DLR model achieved the highest predictive performance in both cohorts. In the training cohort, the
AUC was 0.864 (95%CI, 0.816-0.911), sensitivity 88.17%, and specificity 70.37%. In the external validation
cohort, the AUC was 0.805 (95%CI, 0.722-0.887), sensitivity 76.60%, and specificity 75.00%. The PP-DL
model ranked second, with an AUC of 0.801 (95%CI, 0.743-0.859) in the training cohort and an AUC of
0.790 (95%CI, 0.700-0.880) in the external validation cohort. In the external validation cohort, the PP-DLR
model showed a significantly higher AUC value than the PP-Radiomics model (P = 0.026), no significant
difference was observed between the PP-DL and PP-DLR models (P = 0.784).

Among the CP models, the CP-Radiomics and CP-DLR models had lower AUCs than the CP-DL model, but
the differences were not significant (P = 0.281 and 0.219, respectively). The AUC of the CP-DL model was
0.750 (95%ClI, 0.684-0.816) in the training cohort and 0.718 (95%CI, 0.620-0.817) in the external validation
cohort.

According to the DeLong test, the AUC of the PP-DLR model was significantly higher than those of the
CP-Radiomics and CP-DLR models (both P < 0.05). The PP-DLR model had a higher AUC value than the
CP-DL model, although the difference was not statistically significant (P = 0.149). The radiological model
had significantly lower AUC than those of the PP-DLR and PP-DL models (all P < 0.05), but was comparable
to the remaining models (all P > 0.05) [Table 5].
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Figure 5. Performance of the DPHCC prediction models in the training and external validation cohorts. (A and B) ROC curves of
radiological models; (C and D) ROC curves of radiomics, DL, and DLR models in PP; (E and F) ROC curves of radiomics, DL, and DLR
models in CP. DPHCC: Dual-phenotype hepatocellular carcinoma; ROC: receiver operating characteristic; DL: deep learning; DLR: deep

learning radiomics; PP: portal venous phase; CP: combined phase; AUC: area under the curve.

Given the significant difference in tumor diameter between the training and external validation cohorts, a

subgroup analysis was performed accordingly. The results showed that tumor diameter had a limited impact
on the performance of the PP-DLR model in the external validation cohort (< 3 cm: AUC, 0.800 [95%CI:
0.671-0.929]; > 3 cm: AUC, 0.821 [95%CI: 0.709-0.933]; P = 0.805).
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Figure 6. Class activation mapping (CAM) heatmaps of the 3D Swin Transformer. The axial, coronal, and sagittal heatmaps highlight
discriminative regions that support the model’s decision-making rationale. 3D: Three-dimensional; MRI: magnetic resonance imaging;
CAM: class activation mapping.

Table 3. Univariate and multivariate logistic regression analysis for radiological characteristics of DPHCC

Univariate analysis Multivariate analysis
Parameter
OR (95%CI) P value OR (95%CI) P value
Rim APHE 11.549 (4.851-27.536) < 0.001 4.717(1.153-19.308) 0.031
non-rim APHE 0.163 (0.084-0.317) < 0.001
Peripheral washout 5322 (1.677-16.887) 0.005
Tumor margins 3.158 (1.795-5.558) < 0.001 1.945(1.013-3.734) 0.046

DPHCC: Dual-phenotype hepatocellular carcinoma; APHE: arterial phase hyperenhancement; OR: odds ratio; Cl: confidence interval.

Predictors of survival
As of 28 February 2024, 215 of 228 patients (94.3%) in the training cohort and all 103 patients (100.0%) in the
external validation cohort had completed RES follow-up; 13 patients in the training cohort were lost to



Sun et al. Art Int Surg. 2026;6:280-99 Page 292

o A S N 0 IN 5 ” » PN » D ) o
A \\‘&\ @@1 @‘g, ‘o@v @@‘s & 6 & \o& \Q@'\ ‘&@\ .&‘.,,\ B &\ga & 8& & &E ‘b@@ @@@ ,,,\"@ @&G" &“'@ o@@
F FFE S EEE S ¢ & ¢ ¢ FF F & F
F P X F X P XXX XYY & > ¥ QO Q
ROQRIRT R~ QPR QR~RKS QLR QTR QK QR R LR
SR il 1 1
PP_DLfeature1 0.19 -0.07 0.09 -0.3 -0.36-0.42 0.43 -0.22 0.16 -0.13 0.21 PP_radiomics1
| 0.8 0.8
PP_DLfeature2 0.19 -0.01-0.24-0.06-0.11-0.43-0.09 0.14 0.13 0.2 -0.26 PP_radiomics2
PP_DLfeature3 -0.07 -0.01 0.06 0.06 -0.05-0.06 0.01 -0.22 0.01 -0.02-0.06 0.6 R 0.6
PP_DLfeature4 0.09 -0.24 0.06 -0.26 0.04 0.06 {0.36 -0.39 -0.1 0.22 0.38 04 =t F o4
] PP_radiomicsd :
PP_DLfeature5 0.3 -0.06 0.06 -0.26 0.31 0.36 -0.21 -0.07[0.44 0.12 -0.29
— 0.2 PP_radiomics5 [ o2

PP_DLfeature6 -0.36-0.11 -0.06 0.04 0.31 0.42‘0.06 -0.260.14 0.09 0.18

0 PP_DLfeature1

| ]
PP_DLfeature7 -0.42-0.43 -0.06 0.06 [0.36 0.42 0.11 -0.26 0.11 0.08 0.23

| -0. PP_DLfeature2 0 01 -017 032 | |
PP_DLfeature8 0.43J-0.09 0.01/0.36 -0.21 0.06 0.11 2 o
PP_DLfcatured -0.22 0,14 -0.22-0.39-0.07 -0.26.-0.26 -0.48 .04 0.05 0. 04 PP-Dlfeatured 0:2210.111 0.06 F0Z80.13 Rl ° 011 {023 0'4,‘ 04
PP_DLfeature10 0.16 0.13 0.01 -0.1 (0.44 0.14 0.1 -0.06 0.0 123 0. 06 PP_DLfeature4 0.04 -0.13 -0.09 0.08 0.06 0.13 -0.1 0.11 i
PP_DLfeature11 -0.13 0.2 -0.02 0.22 0.12 0.09 0.08 -0.06 0.05 0.23 08 PP_DLfeature5 -0.11 -0.01 0.11 -0.24 -0.2 -0.26 -0.17 0.23 -0.21
| 0. 0.8
PP_DLfeature12 0.21 -0.26 -0.050.38 -0.29 0.18 0.23 0.36 -0.42-0.21 -0.33| PP_DLfeature6 0,02 -0.16 -0.01 -0.1 -0.08 -0.13 -0.32 0.4 ‘ 0.01 ' 0.26
| Bt A ! 4
P P LSS EESE
S F ST S NS S
RO R QR R L &R R
AP_radiomics1 AP_DLfeature
0.8
AP_radiomics2
e 06 PP_radiomics1
PP_radiomics1
PP_radiomics2 04
PP_radiomics2
PP_radiomics3 02
PP_radiomics4 0 PP_radiomics3
PP_radiomics5 02
PP_radiomics4
PP_radiomicsé
N - 04
PP_radiomics7 0.17 |-0.61{-0.01 0.09 0.08 -0.26 -0.43 [20.66 06 PP_radiomics5
PP_radiomics8 0.02 -0.42“-0.06 0.16 0.14 -0.13 -0.25‘-0.47 0
0.8

PP_DLfeature

PP_radiomics9 0.07 . -0.2 0.16 0.32 -0.16 [-064

Figure 7. Correlation heatmaps of selected features. (A) Correlation matrix heatmap of the 12 selected features in the PP-DL model; (B)
Correlation matrix heatmap of the 11 selected features in the PP-DLR model; (C) Correlation matrix heatmap of the 11 selected features in
the CP-radiomics model; (D) Correlation matrix heatmap of the 7 selected features in the CP-DLR model. PP: Portal venous phase; DL:
deep learning; DLR: deep learning radiomics; CP: combined phase. PP: Portal venous phase; DL: deep learning; DLR: deep learning
radiomics.

follow-up. In both cohorts, DPHCC revealed poorer PFS and earlier recurrence compared with non-DPHCC
(both P < 0.05).

In the training cohort, the median RFS was 16.0 (95%CI, 13.6-not evaluable) months for histologically
confirmed DPHCC patients and 34.6 (95%CI, 23.8-not evaluable) months for histologically confirmed
non-DPHCC patients (P = 0.036) [Figure 8A]. Similarly, the median RFS was 13.9 (95%CI, 11.2-not
evaluable) months for patients classified as DPHCC by the PP-DLR model and 35.0 (95%CI, 24.0-not
evaluable) months for those classified as non-DPHCC in the training cohort (P < 0.001) [Figure 8B].

In the external validation cohort, the median RFS was 18.0 (95%CI, 12.0-not evaluable) months for
histologically confirmed DPHCC and not evaluable (95%CI, 33.0-not evaluable) for histologically confirmed
non-DPHCC (P < 0.001) [Figure 8C]; the median RFS was 10.6 (95%CI, 7.1-18.0) months for patients
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Table 4. Performance of radiomics, DL and DLR models in training and external validation cohorts

Training cohort (n = 228)

External validation cohort (n = 103)

Models AUC (95%CI) Sensitivity (%)  Specificity (%)  AUC (95%CI) Sensitivity (%)  Specificity (%)
AP-Radiomics

LR 0.836(0.784-0.889) 77.42 76.30 0.623(0.515-0.732)  57.45 66.07

[Rlasso 0.834(0.781-0.887) 76.34 76.30 0.602(0.492-0.712)  70.21 48.21

SVM  0.836(0.781-0.891)  84.95 76.30 0.622(0.512-0.732)  55.32 69.64
AP-DL

LR 0.807(0.749-0.865) 84.95 62.96 0.487(0.372-0.602) 40.43 67.86

[Rlasso 0.807(0.750-0.865) 84.95 63.70 0.472(0.372-0.602) 27.66 7857

SVM  0.802(0.743-0.861) 82.80 64.44 0.455(0.341-0.569) 12.77 96.43
AP-DLR

LR 0.873(0.826-0.919)  83.87 80.00 0.527(0.414-0.640) 95.74 16.07

[Rlasso 0.869(0.822-0.916) 81.72 80.00 0.527(0.414-0.639)  100.00 10.71

SVM  0.869(0.821-0.917)  70.97 88.89 0.525(0.412-0.638)  95.74 16.07
PP-Radiomics

LR 0.768(0.704-0.831)  70.97 73.33 0.715(0.617-0.814)  76.60 60.71

[Rlasso 0.768(0.704-0.831) 72.04 73.33 0.714(0.615-0.813)  76.60 60.71

SVM  0.764(0.701-0.828) 68.82 74.07 0.715(0.617-0.814)  91.49 42.86
PP-DL

LR 0.801(0.743-0.860) 77.42 72.59 0.786(0.695-0.876) 78.72 71.43

[Rlasso 0.801(0.743-0.859) 81.72 68.89 0.790(0.700-0.880) 76.60 73.21

SVM  0.801(0.742-0.860) 81.72 66.67 0.785(0.694-0.876) 74.47 75.00
PP-DLR

LR 0.864(0.816-0.911)  82.80 75.56 0.805(0.730-0.893) 76.60 76.79

[Rlasso 0.864(0.816-0.911)  88.17 70.37 0.805(0.722-0.887) 76.60 75.00

SVM  0.864(0.816-0.913)  82.80 76.30 0.788(0.702-0.875) 74.47 76.79
HBP-Radiomics

LR 0.693(0.625-0.762) 67.74 61.48 0.559(0.447-0.672) 78.72 37.50

[Rlasso 0.694(0.625-0.762) 68.82 60.74 0.560(0.448-0.672) 78.72 37.50

SVM  0.696(0.628-0.764) 73.12 59.26 0.546(0.434-0.659) 68.09 51.79
HBP-DL

LR 0.778(0.717-0.839)  78.49 65.93 0.610(0.497-0.723)  55.32 73.21

[Rlasso 0.777(0.716-0.839)  78.49 65.93 0.608(0.495-0.721)  46.81 80.36

SVM  0.771(0.707-0.834) 64.52 79.26 0.601(0.489-0.714)  44.68 7857
HBP-DLR

LR 0.701(0.631-0.770)  54.84 77.78 0.535(0.420-0.650) 27.66 87.50

[Rlasso 0.700(0.631-0.769) 54.84 76.30 0.534(0.419-0.649) 27.66 87.50

SVM  0.700(0.630-0.769) 52.69 77.04 0.525(0.409-0.641) 53.19 64.29
CP-Radiomics

LR 0.813(0.757-0.870)  78.49 70.37 0.638(0.531-0.745)  95.74 2857

[Rlasso 0.813(0.757-0.870) 78.49 70.37 0.639(0.532-0.746) 57.45 67.86

SVM  0.807(0.749-0.865) 77.42 7n 0.608(0.499-0.717)  53.19 67.86
CP-DL

LR 0.750(0.684-0.816) 66.67 77.78 0.717(0.618-0.816) ~ 55.32 80.36

[Rlasso 0.750(0.684-0.816) 66.67 78.52 0.718(0.620-0.817)  57.45 78.57

SVM  0.751(0.685-0.816)  66.67 78.52 0.719(0.620-0.817)  57.45 7857
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CP-DLR
LR 0.849(0.801-0.898) 75.27 80.00 0.649(0.542-0.757) 82.98 50.00
[Rlasso 0.849(0.800-0.898) 84.95 69.63 0.650(0.543-0.758) 82.98 50.00
SVM  0.849(0.800-0.898) 75.27 79.26 0.675(0.570-0.779)  78.72 57.14

DL: Deep learning; DLR: deep learning radiomics; AUC: area under the curve; Cl: confidence interval; LR: logistic regression; LR-Lasso: logistic
regression-least absolute shrinkage and selection operator; SVM: support vector machine; AP: arterial phase; PP: portal venous phase; HBP:
hepatobiliary phase; CP: combined phase.

Table 5. Comparison of the constructed models in the external validation cohort

Models AUC P value
PP-DLR vs. PP-DL 0.805vs. 0.790 0.784
PP-DLR vs. PP-Radiomics 0.805vs. 0.714 0.026
PP-DL vs. PP-Radiomics 0.790vs. 0.714 0.279
CP-DLR vs. CP-DL 0.650 vs. 0.718 0.219
CP-DLR vs. CP-Radiomics 0.650 vs. 0.639 0.838
CP-DL vs. CP-Radiomics 0.718 vs. 0.639 0.281
PP-DLR vs. CP-DLR 0.805 vs. 0.650 < 0.001
PP-DL vs. CP-DL 0.790 vs. 0.718 0.198
PP-Radiomics vs. CP-Radiomics 0.714vs. 0.718 0.150
PP-DLR vs. CP-Radiomics 0.805vs. 0.639 0.002
PP-DLR vs. CP-DL 0.805vs. 0.718 0.149
PP-DLR vs. Radiological model 0.805 vs. 0.607 0.003
PP-DL vs. Radiological model 0.790 vs. 0.607 0.007
PP-Radiomics vs. Radiological model 0.714 vs. 0.607 0.131
CP-DLR vs. Radiological model 0.650 vs. 0.607 0.559
CP-DL vs. Radiological model 0.718 vs. 0.607 0116
CP-Radiomics vs. Radiological model 0.639 vs. 0.607 0.671

AUC: Area under the curve; PP: portal venous phase; DLR: deep learning radiomics; DL: deep learning; CP: combined phase.

classified as DPHCC by the PP-DLR model and not evaluable (95%CI, 33.3-not evaluable) for those classified
as non-DPHCC (P < 0.001) [Figure 8D].

DISCUSSION

As evidence increasingly links DPHCC to aggressive biological behavior and poor prognosis, noninvasive
approaches to identify this subtype preoperatively are needed. In this study, we developed and externally
validated preoperative models for DPHCC using conventional radiological, radiomics, DL, and DLR
approaches based on Gd-EOB-DTPA-enhanced MRI. Our results showed that the PP-DLR model
demonstrated higher predictive ability than the other constructed models.

Clinically, previous studies have reported that AFP level and HBV infection are risk factors for DPHCC"*\.
However, in our study, no clinical factors were found to be significantly associated with DPHCC. These
discrepancies may reflect population heterogeneity and the different tumor-marker cutoffs used across
studies. HBV positivity was numerically higher in the DPHCC subgroup, although this difference was not
statistically significant.



Page 295

Sun et al. Art Int Surg. 2026;6:280-99

>

1009 =g, B 1004~
) Sy Le
e e P 4 non-DPHCC *W;':",' = non-DRHEC
hase = AR " bty
. . < DPHCC 5 L <h DPHCC
075 e ] 075 Ty
2 >
= = .
H g
g . E
& 050 1 3 050
2 , dt Ll 2 '
> ' ' 3 '
= ' l = 1
% 1 ' 7] I !
025 ' ' 025 ' I
p =0.036 H f p = 0.00084 i .
i 1 1 i
' ' ' i
0.00 ' ! 0.00 ' !
0 10 20 30 40 [ 10 20 0 40
Time e
Number at risk Number at risk
F 129 81 € 14 2 PHCCY- 131 81 34 14 2
DPHCC{ 81 42 T 3 0 DPHCCA 79 42 9 3 0
0 10 20 0 40 [ 10 20 0 40
Time e
C wiife D of
o] T i3 —
L - < non-DPHCC ! “- nan-DPHCC
L ! «h DPHCC L oy < DPHCC
0.75 == — 075 " L -
- 0 —
3 e, iefeleit ¥ '- s R i
H H
a 050 ==-memeeeemcmcaeaa iy a 0504 ===m-m-emea- N
g N g .
g ' i < —
3 : . 3 =
0.25 ' : 025 ' v
p =0.00048 H - p <0.0001 5 S -
i EEEEE TR ' T F e
' '
0.00 L 0.00 o
0 10 20 30 40 0 10 20 30 40
Time Time
Number at risk Number at risk
F 56 52 37 21 13 73 68 48 22 13
DPHCC{ 47 33 16 4 1 DPHCC{ 30 17 5 3 1
0 10 20 30 40 0 10 20 0 40
Time Time

Figure 8. Recurrence-free survival curves stratified by histological diagnosis and PP-DLR-predicted DPHCC status in the training cohort (A
and B) and external validation cohort (C and D). Curves were estimated using the Kaplan-Meier method and compared using the log-rank
test. PP: Portal venous phase; DLR: deep learning radiomics; DPHCC: Dual-phenotype hepatocellular carcinoma.

Because HCC is highly heterogeneous, some lesions may lack the typical wash-in and wash-out enhancement
pattern and instead exhibit atypical imaging features, posing a diagnostic challenge. Previous studies have
shown that features such as rim APHE, persistent dynamic enhancement pattern, and targetoid diffusion
restriction are independent variables for diagnosing DPHCC!". Similarly, in our study, multivariate analysis
identified rim APHE and non-smooth tumor margins as independent predictors of DPHCC. Rim APHE, a
key feature for predicting ICCA, likely reflects central fibrosis and peripheral cellular proliferation®°’.
CK19-positive HCC often presents with central necrosis and peripheral invasive spread, and dual-phenotype
tumors with biliary differentiation may therefore show ICCA-like imaging patterns. We also observed that
DPHCC more frequently had irregular margins. This may reflect poor differentiation and infiltrative growth,
which are often associated with microvascular invasion (MVI)®'. However, subjective interpretation of
radiological features remains a limitation.

Computational image-analysis methods, including radiomics and DL, can extract multidimensional
quantitative biomarkers from medical images. These methods provide standardized, quantitative protocols
that complement subjective visual assessment. Previous radiomics-based diagnostic models for DPHCC have
shown promising results. Huang et al. achieved good performance by combining multiphase features with an
ensemble of classifiers”, and Wu et al. reported a combined AP and PP radiomics model with an AUC >
0.9"”!. In our study, however, radiomics models alone showed suboptimal predictive performance, possibly
because of the limited cohort size and lack of cross-institutional validation. The relatively lower AUCs also
suggested that radiomics features should be combined with more stable complementary features.
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Compared with radiomics, DL can automatically learn high-level image features that capture both
morphological signatures and subtle imaging patterns related to tumor biology. Our DLR model was
designed to integrate multiphase radiomics features with DL-derived representations, combining their
complementary information.

Conventional CNNs analyze images through local receptive fields, which may limit their ability to integrate
information across the entire tumor volume. The 3D Swin Transformer used in this study addressed this
limitation through a shifted-window design that enabled the model to relate distant spatial regions within the
tumor from multiphase MRI****), Swin Transformer models have been applied to predict MVI on
preoperative MRI and CT"”** and to classify adverse prostate cancer pathology on biparametric MRI*,
supporting their utility in extracting clinically relevant imaging features of tumor heterogeneity.

Medical image analysis is shifting from task-specific models toward foundation models"*’’. Our use of a
fine-tuned 3D Swin Transformer as a feature extractor represents a transitional strategy. While task-specific
models remain useful for focused clinical questions, foundation models pre-trained on massive medical
imaging datasets may offer improved generalizability. Future studies could explore fine-tuning such
foundation models on liver MRI to improve predictive performance and reduce dependence on handcrafted
features.

DLR models have shown improved performance over radiomics or DL alone by integrating complementary
feature sets. Li et al. reported a DLR model differentiating primary from metastatic lung cancer with an AUC
of 0.913"", and Yang ef al. constructed a DLR model that discriminated low- from high-grade meningiomas
better than either radiomics or DL alone". In our study, the PP-DLR model showed the best performance,
combining 5 radiomics features and 6 DL features. Low correlation coefficients indicated that they provided
complementary information. The radiomics features were all texture features reflecting intratumor
heterogeneity through measures such as energy and entropy, while the DL features provided volumetric
spatial information complementary to the texture-based radiomics features. Although bootstrap analysis
confirmed the stability of the core feature set, some features showed lower selection frequencies, likely due to
collinearity among candidate features and the moderate sample size. The good external validation
performance supports the feasibility of this DLR approach. Future studies with larger, multicenter cohorts
are needed to further improve feature reproducibility.

DPHCC may show CK19 expression, reflecting biliary differentiation. This biological trait may be associated
with intratumoral fibrous stroma that delays contrast clearance®. DPHCC therefore maintains stronger
enhancement relative to the adjacent liver on PP imaging, often with persistent enhancement rather than
washout. This sustained enhancement on PP images may increase the contrast between DPHCC and
background liver, facilitating feature-based discrimination. This may explain why the PP-based model
outperformed models based on other phases in our external validation cohort.

The prevalence of DPHCC in our cohorts was higher than that reported in most previous studies. Several
factors may explain this. First, our cohorts were drawn from two centers with a high proportion of patients
undergoing surgery for HCC, which may enrich for more aggressive tumor phenotypes. Second, DPHCC
incidence varies geographically; both centers are located in regions with relatively high HCC prevalence,
including the Nantong area. Third, Gd-EOB-DTPA-enhanced MRI may have been preferentially performed
in patients with atypical HCC features, further enriching for DPHCC. These factors should be considered
when interpreting the DPHCC proportion in our population. Importantly, a model’s positive predictive
value declines with decreasing prevalence, limiting its utility as a stand-alone confirmatory test. Therefore,
the PP-DLR model should be considered a risk-stratification tool to complement, not replace, conventional
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clinical and pathological assessment. Its utility in lower-prevalence settings requires further validation in
prospective multicenter studies with standardized diagnostic criteria.

Previous studies have shown that HCC expressing biliary markers is highly aggressive and proliferative, often
indicating a poor prognosis"”*. We similarly found that DPHCC patients had a higher risk of postoperative
recurrence and mortality, highlighting the need for more intensive surveillance and management in this
subtype. Given the significantly poorer RES associated with DPHCC, surgeons may utilize model-based
predictions to justify closer follow-up, earlier postoperative imaging, and multidisciplinary discussions about
adjuvant therapy. In its current form, the PP-DLR model is not intended to directly trigger invasive or
high-risk interventions; rather, it provides a noninvasive tool for preoperative risk stratification to identify
patients who may benefit from intensified postoperative monitoring. Although the model showed
encouraging discrimination in a high-prevalence cohort, its clinical utility in lower-prevalence settings
requires further validation. Integrating model predictions with conventional clinical and pathological factors
remains essential for informed clinical decision-making.

Limitations

First, the retrospective design introduced inherent selection bias. Second, tumor sizes differed significantly
between the training and external validation cohorts. Although subgroup analysis suggested that tumor size
had a limited effect on model robustness, these findings are preliminary and need to be validated. Third, the
moderate stability of some selected features and the high DPHCC prevalence in our cohort limit
generalizability. External validation in larger, multicenter cohorts is needed before clinical translation.

Conclusion

The PP-DLR model may aid in the preoperative identification of DPHCC. DPHCC is associated with poorer
recurrence-free survival, and preoperative identification of this subtype may help inform postoperative
surveillance strategies.
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