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Background: Histopathological grading is a key prognostic marker for hepatocellular carcinoma (HCC).
However, the clinical application of deep learning models (DLMs) for predicting HCC grading from medical
imaging is limited by their black-box nature. We aimed to develop an interpretable DLM, interpretable
HCC grading network (iIHCG-Net), to predict HCC grading preoperatively using multi-phase contrast-
enhanced magnetic resonance imaging (CEMRI).

Methods: This study retrospectively enrolled 370 HCC patients who underwent preoperative CEMRI
before curative resection. Based on postoperative pathology, the patients were categorized into high-grade
(n=136) and low-grade (n=234) HCC groups. They were then stratified into a training cohort (n=259) and a
time-independent validation cohort (n=111). Twenty-three clinical-radiological features were collected for all
patients. The iHCG-Net, based on the Concept Bottleneck Model (CBM) framework, first encodes CEMRI
images using a DenseNet-121 backbone and then leverages a concept regressor to predict the twenty-three
clinical-radiological features for final prediction of HCC histological grade. A feature importance score plot
was generated to assess the contribution of each feature to the differential diagnosis. Nine baseline predictive
models were developed for comparison. The models were evaluated using receiver operating characteristic
(ROC) curve analysis and DeLong’s test.

Results: iHCG-Net demonstrated strong predictive performance for HCC grading, achieving areas under
the receiver operating characteristic curve (AUCs) of 0.893 in the training cohort and 0.802 in the validation
cohort. The model significantly outperformed conventional models, including the clinical-radiological
model (CM), radiomics models (RMs), and a clinical-radiomic combined model (CRM) (AUCs: 0.675-0.778,
0.617-0.723; P<0.05). Furthermore, iHCG-Net exhibited performance comparable to that of the DLM
(AUCs: 0.920, 0.774; P>0.05), while providing inherent interpretability and mitigating the risk of overfitting.
Feature importance analysis identified intratumoral arteries as the most influential feature for predicting
HCC grading, with an importance score of 0.213.

Conclusions: The iHCG-Net can be a promising interpretable artificial intelligence tool for the
preoperative prediction of HCC grading.
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Introduction

Hepatocellular carcinoma (HCC) ranks as the fifth most
common malignancy and the second leading cause of
cancer-related mortality worldwide (1). Histopathological
grading is an important biomarker for predicting HCC
recurrence rates and overall survival. Preoperative
prediction of HCC grading can guide surgical resection,
assess liver transplantation eligibility, and prevent
unnecessary chemotherapy (2,3). Currently, biopsy is the
main method for assessing HCC grading before surgery,
but it has not been widely used in clinical practice due to its
invasiveness. Therefore, developing a non-invasive imaging
tool for preoperative HCC grading prediction is crucial.

In recent years, deep learning algorithms based on
medical imaging have emerged as a promising non-
invasive approach for oncology assessment (4,5). Several
deep learning architectures have been developed for HCC
grading prediction, including 3D SE-DenseNet, multi-scale
patches convolutional neural network, and Multimodality-
Contribution-Aware TripNet (6-8). However, all these
studies aimed to improve the efficacy of deep learning
models (DLMs) without considering the interpretability
of the models. The black-box nature of DLMs is a major
obstacle to their clinical application. Previous studies have
attempted to interpret liver cancer prediction models using
post-hoc explanation methods such as saliency maps (9-11).
Nevertheless, post-hoc methods may lead to misleading
interpretations, and the reliability of these interpretations is
influenced by model structure and data distribution (12).

Recently, Koh er al. (13) proposed an intrinsically
interpretable technique called the Concept Bottleneck
Model (CBM). This technique simulates human
cognition by incorporating an intermediate concept
layer, which produces final classification results based
on a comprehensive judgment of high-level concepts.
This approach overcomes the limitations of post-hoc
interpretation methods. However, its application in medical
imaging remains to be explored. Moreover, enhancements
in model interpretability often come at the cost of predictive
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performance. Therefore, this study aimed to integrate
the clinical radiological features based on multi-phase
contrast-enhanced magnetic resonance imaging (CEMRI)
and the CBM architecture to establish an interpretable
HCC grading network (iHCG-Net). In addition, nine
baseline prediction models, including various traditional
machine learning (ML) models, black-box DLMs and
multi-label combination models, were constructed for
further comparison to investigate whether the iHCG-Net
can achieve a balance among interpretability, efficacy and
generalization ability. We present this article in accordance
with the TRIPOD + Al reporting checklist (available at
https://qims.amegroups.com/article/view/10.21037/qims-
2025-269/rc).

Methods
Study participants

This retrospective study was conducted in accordance with
the Declaration of Helsinki and its subsequent amendments,
and was approved by the Medical Ethics Committee of
the First Affiliated Hospital of Dalian Medical University
(No. PJ-KS-KY-2022-180). Written informed consent was
waived due to the retrospective nature of the research. We
initially identified patients diagnosed with HCC between
April 2007 and March 2023. The inclusion criteria were:
(I) pathologically confirmed HCC after curative (R0)
resection; (II) preoperative CEMRI performed within two
weeks prior to resection; (III) no anti-tumor treatment
before CEMRI examination. Exclusion criteria were: (I)
unavailable histopathologic grading information (n=3);
(II) unavailable or incomplete clinical or laboratory data
(n=4); (III) poor CEMRI image quality due to severe
artifacts (n=7). A final cohort of 370 eligible patients was
enrolled. All participants were non-randomly allocated to
a training cohort (n=259; examinations from April 2007
to April 2016) and a time independent validation cohort
(n=111, examinations from May 2016 to March 2023) in a
7:3 ratio. This allocation strategy conforms to a Type 2b
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confirmed by curative resection

* Between April 2007 to March 2023, HCC patients were pathologically

e Patients performed CEMRI examination within two weeks before resection
¢ Patients didn’t receive anti-tumor treatment before CEMRI examination

* No available information on
histopathologic grading of HCC (n=3)
* Unavailable or incomplete clinical or

Y

laboratory data (n=4)
* Poor image quality or severe motion
artifacts (n=7)

370 patients were enrolled

Stratified by the date of CEMRI in a 7:3

ratio

Y

Training cohort (n=259)
¢ High-grade HCCs (n=95)
¢ Low-grade HCCs (n=164)

A

Validation cohort (n=111)
¢ High-grade HCCs (n=41)
¢ Low-grade HCCs (n=70)

Figure 1 The flow chart of this study population. CEMRI, contrast-enhanced magnetic resonance imaging; HCC, hepatocellular carcinoma.

study under the Transparent Reporting of a Multivariable
Prediction Model for Individual Prognosis or Diagnosis
(TRIPOD) statement, a design that provides a more robust
evaluation of model performance compared to random split
or internal validation alone. The patient selection process is
summarized in Figure 1.

Baseline patient characteristics were retrospectively
collected, including demographics (age and gender) and
laboratory markers such as alpha-fetoprotein (AFP),
albumin (ALB), alanine aminotransferase (ALT), aspartate
aminotransferase (AST), y-glutamyl transferase (GGT), and
total bilirubin (TBIL). The Child-Pugh classification was
also recorded.

HCC bistological grading

"Two pathologists, blinded to all clinical data, independently
assessed the pathologic grade of HCCs. Discrepancies
were resolved through discussion. HCCs were classified
into high-grade (poorly-differentiated) and low-grade
(moderately/well-differentiated) tumors according to the
fifth edition of the World Health Organization classification
of digestive system tumors (14).

© AME Publishing Company.

MRI acquisition

All patients underwent magnetic resonance imaging (MRI)
examinations using 1.5 T or 3.0 T scanners. The arterial
phase (AP) scans, portal venous phase (PVP), and delayed
phase (DP) images were collected, with scanning parameter
details provided in Appendix 1.

Iinage interpretation

Two radiologists [observer 1 (W.H.) and observer 2 (Y.Z.)],
with 5 and 10 years of experience in abdominal MRI
interpretation respectively and blinded to all clinical and
pathological groupings, independently analyzed all MRI
images. They observed and recorded 13 MRI features
of HCC, including tumor size, position, shape, margin,
number, intratumor necrosis, hemorrhage, encapsulation,
intratumoral arteries, arterial peritumoral enhancement,
AP hyperenhancement, washout appearance, and liver
cirrhosis. Consensus on the feature assessment was reached
through discussion in cases of disagreement. The detailed
assessment criteria for each feature are presented in
Appendix 2.
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Figure 2 The architecture of iHCG-Net. C, concatenate; iHCG-Net, interpretable hepatocellular carcinoma grading network; P, global

max pooling.

Image segmentation and preprocessing

All preoperative MR images were preprocessed to
ensure data uniformity. First, the images were resampled
to an isotropic voxel size of 1xIx1 mm’ using a linear
interpolation algorithm to standardize spatial resolution.
Subsequently, intensity normalization was applied across all
images to mitigate scanner-related variations. A radiologist
(W.H.) manually delineated the volumetric region of
interest (VOI) for each tumor on all slices using I'TK-
SNAP software. For multifocal HCCs, the largest nodule
was selected. To evaluate the inter-observer reproducibility
of the segmentation, a subset of thirty tumors was randomly

selected and independently segmented by a second
radiologist (Y.Z.).

iHCG-Net architecture

The proposed iHCG-Net architecture, illustrated in
Figure 2, comprises three principal components. First,
a DenseNet-121 backbone extracts image features.
Subsequently, a concept regressor then maps these image
features into a 23-dimensional clinical-radiological space,
which comprises 13 MRI, 3 demographic, and 7 laboratory
features. These features, routinely assessed by clinicians
and radiologists in daily practice, enable the model to base
its decisions on human-understandable concepts, thereby
providing inherent interpretability. Finally, a classifier links
these concepts to the label space for grade prediction. For
each contrast phase, the three largest tumor images were

© AME Publishing Company.

selected, with backgrounds removed. Nine such images
from three phases were concatenated, resized to 224x224x9,
and fed into DenseNet-121 network F . In DenseNet-121,
the input tensoryfirst passes through a 7x7 convolutional
layer, batch normalization, ReL U activation, and 3x3 max-
pooling for initial extraction and downsampling. Then
it goes through multiple dense blocks with dense layers
(where each convolutional layer’s input combines previous
layers’ outputs for feature reuse). After each dense block, a
transition layer reduces feature-map dimensionality. Finally,
the features are projected into the clinical-radiological
space via global average pooling and a fully-connected layer

g(). During the training phase, we utilized L1 loss as the
clinical-radiological concept loss, defined as:

g[F(x)l_ —¢

1

2,
Ly

(1]

L CBM

where & [F (x)] ; represents the predicted j-th feature of
the patient, and ¢; denotes the actual clinical-radiological
feature of the patient. Finally, a simple linear classification

layer was added after the clinical-radiological feature space
to predict the outcome. We used cross-entropy loss function
to optimize the classification task, minimizing the difference
between the model’s output and the true labels. The cross-
entropy loss function can be expressed as:

N K

1 N
Loy = _ﬁzzyi,k IOg(yi,k)

i=l k=1

(2]

where N represents the number of samples, K represents

Quant Imaging Med Surg 2026;16(1):86 | https://dx.doi.org/10.21037/qims-2025-269



Quantitative Imaging in Medicine and Surgery, Vol 16, No 1 January 2026

the number of classes, ¥;; is the true label indicating
whether sample i belongs to class &k, and J,, is the

predicted probability by the model that sample i belongs to
class k. Our ultimate loss can be represented as:

Ly = Leg + 0Ly (3]

where a represents the weighting factor that balances
the contribution of the cross-entropy loss and the L1 loss
for clinical-radiological concept learning. The predictive
performance of the concept regressor for various clinical-
radiological features was evaluated by calculating the mean
absolute error (MAE).

A feature importance score plot was generated to
represent the relative contribution of each feature to
predicting HCC grading. Given the nature of iHCG-Net,
all features can be transformed into a linear combination as
follows:

¥ = a,concept, + a,concept, + -+ + a,,concept,, (4]

where, J represents the predicted logic before softmax,
while concept; and ¢; denote the i -th predicted feature and
its corresponding linear combination weight, respectively.
We defined magnitude of «;, i.e., |0:,.| as the importance

score of the corresponding feature. The SHapley Additive
exPlanations (SHAP) analysis was applied to provide post-
hoc interpretation of feature importance and contribution
direction for individual predictions across all samples.

A batch size of 32 was used, with AdamW optimizer
(betal =0.9, beta2 =0.999), a learning rate of 0.001, and a
20-epoch cosine annealing strategy over 200 epochs. Early
stopping and data augmentation (random cropping and
flipping) were applied. Experimenting with hyperparameter
values, 0.1 gave the best performance. All work was done on
an Intel(R) Core(TM) i7-12700K and NVIDIA GeForce
RTX 3090Ti GPU-equipped machine.

Development of comparative models

Nine baseline predictive models were constructed
for comparison with iHCG-Net, including a clinical-
radiological model (CM), five radiomics models (RMs)
using various classical ML algorithms [AdaBoost (AB),
Random Forest (RF), Logistic Regression (LR), Support
Vector Machine (SVM), and Gradient Boosting (GB)], a
clinical-radiomic combined model (CRM), a DLM using
image data; and a deep learning combined model (DLCM)
integrating both image and clinical-radiological data. The

© AME Publishing Company.
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development pipeline for these baseline models is illustrated
in Figure 3. Detailed information on model construction
and feature selection is presented in Appendix 3.
In addition, we introduced a baseline model termed the
clinical-radiological linear model (CRLM), which directly
input ground-truth clinical-radiological features into the
linear classifier of iHCG-Net for validation, to determine
whether the concept regressor adds more value than directly
using existing data.

Statistical analysis

All statistical analyses were performed using Python (version
3.9.18). The Kolmogorov-Smirnov tests were applied
for normality testing. Normality distributed continuous
data were compared with the independent samples #-test,
while non-normally distributed data were analyzed with
the Mann-Whitney U test. Categorical variables were
compared using the Chi-squared test or Fisher’s exact test.
Associations between variables were assessed with Pearson
or Spearman correlation analysis. The model’s performance
was rigorously evaluated through a five-fold cross-validation
procedure on the training set for internal validation.
Its generalization ability was subsequently assessed on
the independent temporal validation cohort. Predictive
performance was quantified using receiver operating
characteristic (ROC) analysis, with the area under the
curve (AUC), accuracy, sensitivity, and specificity reported.
The DeLong’s test was employed to compare the AUC
values. A two-sided P value of less than 0.05 was considered
statistically significant.

Results
General data

This study ultimately enrolled a total of 370 patients.
The study population had a median age of 62 years and
was predominantly male (79.2%). There were 259 and
111 patients finally enrolled in the training (164 low-grade
and 95 high-grade HCCs) and validation cohorts (70 low-
grade and 41 high-grade HCCs), respectively. Despite
the temporal interval between the cohorts, no significant
differences were observed in the prevalence of high-
grade HCC (36.7% vs. 36.9%, P>0.99) or other clinical
characteristics (all P>0.05; Table 1), indicating that the two
cohorts were well-balanced and justifying their use for
model training and validation.
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Figure 3 The flow-chart of the baseline models development. The detailed structures of each model are provided in Appendix 3. AB,
AdaBoost; AP, arterial phase; CM, clinical-radiological model; CRM, clinical-radiomic combined model with SVM classifier; DLCM, deep
learning combined model; DLM, deep learning model; DP, delayed phase; GB, Gradient Boosting; ICC, intraclass correlation coefficients;

LR, Logistic Regression; MRI, magnetic resonance imaging; PVP, portal venous phase; RF, Random Forest; RM, radiomics model with

SVM classifier; ROI, region of interest; SVM, Support Vector Machine.

Clinical-vadiological and radiomics feature selection

Multivariate logistic regression analysis identified AFP
[odds ratio (OR) =2.313; 95% confidence interval (CI):
1.282-4.174; P=0.005], tumor shape (OR =2.013; 95% CI:
1.233-3.287; P=0.005), and liver cirrhosis (OR =1.669; 95%
CI: 1.039-2.680; P=0.034) as independent predictors for
HCC grading, as summarized in Table 2.

Among the 3,111 extracted radiomics features, 2,703
features showed high reproducibility. Next, redundant
radiomics features were removed using the Spearman
correlation method, 758 radiomics features were retained
for further analysis. Finally, the top 10 radiomics features
significantly associated with HCC grade, as identified by
the Wilcoxon rank-sum test, were used to construct the
RM for comparison with iHCG-Net (Appendix 4). These
high-dimensional features often capture sub-visual patterns
beyond human perception and, in contrast to intuitive
clinical-radiological concepts, represent relatively abstract
statistical descriptors that remain challenging for clinicians
to interpret.

© AME Publishing Company.

Model development and evaluation

The CM, developed based on AFP, tumor shape, and liver
cirrhosis, achieved AUCs of 0.675 in the training cohort
and 0.617 in the validation cohort. Ten selected radiomics
features were used to construct RMs with five distinct ML
classifiers (1able 3 and Figure 4). For all classifiers except LR
and SVM, significant differences in AUC were observed
between the training and validation cohorts (P<0.05). The
SVM-based model significantly outperformed the LR-based
model (P<0.05), with corresponding AUCs of 0.764 and
0.682 in the training and validation cohorts, respectively.
CRM was built by integrating radiomics features, AFP,
tumor shape, and liver cirrhosis using an SVM classifier,
achieving AUCs of 0.778 in the training cohort and 0.723
in the validation cohort. The deep-learning models DLM
and DLCM had the best performance in the training
cohort, with AUCs of 0.920 and 0.982 respectively.
However, in the validation cohort, their AUCs were only
0.774 and 0.787, showing severe overfitting (P<0.05). The
iHCG-Net achieved an AUC of 0.893, accuracy of 0.781,

Quant Imaging Med Surg 2026;16(1):86 | https://dx.doi.org/10.21037/qims-2025-269
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Table 1 Clinical-radiological characteristics in the training and validation cohorts

Training cohort (n=259) Validation cohort (n=111)
Characteristics pt
High-grade (n=95) Low-grade (n=164) P’ High-grade (n=41) Low-grade (n=70) P’
Gender
Male 72 (75.8) 132 (80.5) 0.463 34 (82.9) 55 (78.6) 0.757 0.867
Female 23 (24.2) 32 (19.5) 7(17.1) 15 (21.4)
Age (years) 60.0 (51.0,68.0) 62.5(55.8, 68.0) 0.078 57.0 (563.0,63.0) 63.0 (56.0, 67.0) 0.072 0.577
History of hepatitis B or C 0.845 >0.99 0.425
Negative 25 (26.3) 40 (24.4) 12 (29.3) 21 (30.0)
Positive 70 (73.7) 124 (75.6) 29 (70.7) 49 (70.0)
AFP (IU/mL) 0.015* 0.052 0.664
<400 70 (73.7) 142 (86.6) 28 (68.3) 60 (85.7)
>400 25 (26.3) 22 (13.4) 13 (31.7) 10 (14.3)
ALT (U/L) 0.239 0.768 0.346
<50 77 (81.1) 121 (73.8) 28 (68.3) 51 (72.9)
>50 18 (18.9) 43 (26.2) 13 (31.7) 19 (27.1)
AST (U/L) >0.99 >0.99 0.385
<40 68 (71.6) 118 (72.0) 27 (65.9) 47 (67.1)
>40 27 (28.4) 46 (28.0) 14 (34.1) 23 (32.9)
GGT (U/L) >0.99 0.091 0.116
<60 59 (62.1) 103 (62.8) 17 (41.5) 42 (60.0)
>60 36 (37.9) 61 (37.2) 24 (58.5) 28 (40.0)
TBIL (umol/L) 0.998 0.530 0.801
<19 68 (71.6) 116 (70.7) 28 (68.3) 53 (75.7)
>19 27 (28.4) 48 (29.3) 13 (31.7) 17 (24.3)
ALB (g/L) 0.433 0.683 0.490
<40 42 (44.2) 63 (38.4) 20 (48.8) 30 (42.9)
>40 53 (55.8) 101 (61.6) 21(51.2) 40 (57.1)
Child-Pugh class >0.99 0.381 0.442
A 81 (85.3) 139 (84.8) 31 (75.6) 59 (84.3)
B 14 (14.7) 25 (15.2) 0.081 10 (24.4) 11 (15.7) 0.012* 0.643
Tumor size (cm) 3.7 (2.7,5.8) 3.5(2.0,5.2) 4.2(2.6,7.0 3.0 (2.1, 4.5)
Tumor position 0.464 0.859 0.294
Left lobe 26 (27.4) 46 (28.0) 8 (19.5) 14 (20.0)
Junction lobe 2(2.1) 8 (4.9 2 4.9 2(2.9
Right lobe 67 (70.5) 108 (65.9) 31 (75.6) 54 (77.1)
Caudate lobe 0 (0.0) 2(1.2) 0 (0.0) 0(0.0)

Table 1 (continued)
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Table 1 (continued)

Training cohort (n=259) Validation cohort (n=111)
Characteristics p
High-grade (n=95) Low-grade (n=164) P’ High-grade (n=41) Low-grade (n=70) p'

Tumor shape 0.018* 0.076 0.887
Circular 52 (54.7) 115 (70.1) 21 (51.2) 49 (70.0)
Irregular 43 (45.3) 49 (29.9) 20 (48.8) 21 (30.0)

Tumor margin 0.130 0.885 >0.99
Smooth 54 (56.8) 110 (67.1) 25 (61.0) 45 (64.3)
Non-smooth 41 (43.2) 54 (32.9) 16 (39.0) 25 (35.7)

Tumor number 0.017* 0.318 0.658
Unifocal 78 (82.1) 152 (92.7) 39 (95.1) 62 (88.6)
Multifocal 17 (17.9) 12 (7.3) 2(4.9 8 (11.4)

Intratumor necrosis 0.817 0.271 0.872
Absent 54 (56.8) 97 (59.1) 20 (48.8) 43 (61.4)
Present 41 (43.2) 67 (40.9) 21(51.2) 27 (38.6)

Intratumor hemorrhage 0.510 0.544 >0.99
Absent 66 (69.5) 106 (64.6) 25 (61.0) 48 (68.6)
Present 29 (30.5) 58 (35.4) 16 (39.0) 22 (31.4)

Tumor encapsulation 0.524 >0.99 >0.99
Absent 34 (35.8) 51 (31.1) 14 (34.1) 23 (32.9)
Present 61 (64.2) 113 (68.9) 27 (65.9) 47 (67.1)

Intratumoral arteries 0.400 0.480 0.726
Absent 62 (65.3) 97 (59.1) 24 (58.5) 47 (67.1)
Present 33 (34.7) 67 (40.9) 17 (41.5) 23 (32.9)

Arterial peritumoral enhancement 0.132 0.226 0.433
Absent 48 (50.5) 100 (61.0) 22 (53.7) 47 (67.1)
Present 47 (49.5) 64 (39.0) 19 (46.3) 23 (32.9)

Arterial phase hyperenhancement 0.229 0.145 0.487
Absent 28 (29.5) 36 (22.0) 12 (29.3) 11 (15.7)
Present 67 (70.5) 128 (78.0) 29 (70.7) 59 (84.3)

Washout appearance 0.295 0.466 0.358
Absent 37 (38.9) 52 (31.7) 14 (34.1) 18 (25.7)
Present 58 (61.1) 112 (68.3) 27 (65.9) 52 (74.3)

Liver cirrhosis 0.013* 0.641 0.316
Absent 31 (32.6) 81 (49.4) 22 (53.7) 33 (47.1)
Present 64 (67.4) 83 (50.6) 19 (46.3) 37 (562.9)

Quantitative data were presented as median (25th, 75th percentiles), using the Mann-Whitney U test. Categorical data were presented
as n (%), using the Chi-squared test or Fisher exact test. !, comparison between low-grade and high-grade groups; ¥, comparison
between training and validation cohorts; *, P<0.05. AFP, alpha-fetoprotein; ALB, albumin; ALT, alanine aminotransferase; AST, aspartate
aminotransferase; GGT, y-glutamyl transpeptidase; TBIL, total bilirubin.
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Table 2 Univariate and multivariate analyses of clinical-radiological characteristics for predicting HCC grading in the training cohort
Univariate analysis Multivariate analysis
Variables
Odd ratio (95% Cl) P value OR (95% Cl) P value
Gender 0.961 (0.558-1.656) 0.886
Age 1.335 (0.962-1.854) 0.084
History of hepatitis B or C 0.791 (0.473-1.324) 0.373
AFP 2.275 (1.286-4.023) 0.005 2.313 (1.282-4.174) 0.005
ALT 1.137 (0.672-1.924) 0.632
AST 1.058 (0.646-1.734) 0.823
GGT 0.911 (0.581-1.428) 0.683
TBIL 1.339 (0.803-2.233) 0.263
ALB 1.285 (0.817-2.022) 0.278
Child-Pugh class 0.786 (0.417-1.483) 0.458
Tumor size 1.476 (0.979-2.224) 0.063
Tumor position 1.202 (0.792-1.825) 0.388
Tumor shape 2.278 (1.419-3.655) 0.001 2.013 (1.233-3.287) 0.005
Tumor margin 0.735 (0.465-1.163) 0.189
Tumor number 0.743 (0.370-1.491) 0.403
Intratumor necrosis 0.870 (0.556-1.362) 0.543
Intratumor hemorrhage 0.852 (0.536-1.354) 0.497
Tumor encapsulation 1.026 (0.630-1.671) 0.918
Intratumoral arteries 1.007 (0.642-1.578) 0.976
Arterial peritumoral enhancement 0.811 (0.518-1.271) 0.361
Arterial phase hyperenhancement 1.400 (0.820-2.389) 0.218
Washout appearance 1.522 (0.941-2.459) 0.087
Liver cirrhosis 1.597 (1.019-2.504) 0.041 1.669 (1.039-2.680) 0.034

AFP, alpha-fetoprotein; ALB, albumin; ALT, alanine aminotransferase; AST, aspartate aminotransferase; GGT, y-glutamyl transpeptidase;
HCC, hepatocellular carcinoma; TBIL, total bilirubin.

Table 3 Discrimination performance of different traditional ML classifiers in the training and validation cohorts

Training cohort

Validation cohort

Model pt
AUC (95% ClI) SEN SPE ACC AUC (95% ClI) SEN SPE ACC

SVM 0.764 (0.712-0.816) 0.774 0.642 0.712 0.682 (0.583-0.781) 0.729 0.512 0.649 0.169

GB 1.000 (1.000-1.000) 1.000 1.000 1.000 0.682 (0.583-0.781) 0.714 0.537 0.649 <0.0001*

AB 0.819 (0.772-0.865) 0.750 0.723 0.737 0.671(0.571-0.772) 0.671 0.61 0.649 0.015

RF 1.000 (1.000-1.000) 1.000 1.000 1.000 0.698 (0.601-0.795) 0.800 0.537 0.703 <0.0001*

LR 0.692 (0.634-0.750) 0.677 0.561 0.622 0.695 (0.598-0.793) 0.700 0.585 0.658 0.946

T, comparison of AUCs between training and validation cohorts; *, P<0.05. AB, AdaBoost; ACC, accuracy; AUC, area under the curve; Cl,
confidence interval; GB, Gradient Boosting; LR, Logistic Regression; ML, machine learning; RF, Random Forest; SEN, sensitivity; SPE,
specificity; SVM, Support Vector Machine.

© AME Publishing Company.
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Figure 4 ROC curves for different traditional ML classifiers in the training cohort (A) and validation cohort (B). AB, AdaBoost; AUC, area

under the curve; CI, confidence interval; GB, Gradient Boosting; ML, machine learning; RE, Random Forest; RM, radiomics model with

SVM classifier; ROC, receiver operating characteristic; SVM, Support Vector Machine; LR, Logistic Regression.

Table 4 Discrimination performance of different models in the training and validation cohorts

Training cohort

Validation cohort

Model P
AUC (95% ClI) SEN SPE ACC AUC (95% Cl) SEN SPE ACC

CM 0.675 (0.617-0.733) 0.659 0.615 0.637 0.617 (0.512-0.723) 0.629 0.561 0.604 0.409
RM 0.764 (0.712-0.816) 0.774 0.642 0.712 0.682 (0.583-0.781) 0.729 0.512 0.649 0.169
CRM 0.778 (0.727-0.828) 0.713 0.745 0.729 0.723 (0.629-0.817) 0.743 0.659 0.712 0.338
DLM 0.920 (0.887-0.952) 0.843 0.833 0.84 0.774 (0.688-0.860) 0.849 0.632 0.775 0.005*
DLCM 0.982 (0.967-0.996) 0.802 0.976 0.859 0.787 (0.704-0.870) 0.877 0.684 0.811 <0.0001*
iHCG-Net 0.893 (0.855-0.931) 0.698 0.952 0.781 0.802 (0.722-0.882) 0.861 0.641 0.784 0.079

T, comparison of AUCs between training and validation cohorts; *, P<0.05. ACC, accuracy; AUC, area under the curve; Cl, confidence
interval; CM, clinical-radiological model; CRM, clinical-radiomic machine learning model with Support Vector Machine classifier; DLCM,
deep learning combined model; DLM, deep learning model; iHCG-Net, interpretable hepatocellular carcinoma grading network; RM,

radiomics model with Support Vector Machine classifier; SEN, sensitivity; SPE, specificity.

sensitivity of 0.698, and specificity of 0.952 in the training
cohort, with corresponding values of 0.802, 0.784, 0.861,
and 0.640 in the validation cohort. The performance of
iHCG-Net was superior to that of CM, RM, and CRM
(P<0.05), and was comparable to that of DLM (P>0.05).
No significant difference in AUC was observed between
the training and validation cohorts for iIHCG-Net (P>0.05).
The performance and ROC curves of all predictive models
are exhibited in Table 4 and Figure 5, respectively. Statistical
comparisons between the different predictive models based

© AME Publishing Company.

on DeLong’s test are available in Appendix 4. Both the
feature importance score plot and SHAP analysis identified
intratumoral arteries as the most influential feature for
HCC grade prediction (importance score =0.213) (Figure 6).
All clinical-radiological features exhibited a negative
correlation between importance scores and MAE (Pearson’s
r=-0.103; Spearman’s r=-0.086; both P<0.0001) (Appendix 4),
indicating that the concept regressor could predict more
important features with lower error. The CRLM, based
solely on ground truth measurements, achieved an AUC of
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Figure 5 ROC curves for different predictive models in the training cohort (A) and validation cohort (B). CM, clinical-radiological model;
CRM, clinical-radiomic combined model with SVM classifier; DLM, deep learning model; DLCM, deep learning combined model,
iHCG-Net, interpretable hepatocellular carcinoma grading network; RM, radiomics model with SVM classifier; ROC, receiver operating
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0.576 (95% CI: 0.466-0.687), with corresponding accuracy,
sensitivity, and specificity of 0.577, 0.699, and 0.342,

respectively. This performance was significantly inferior to
that of iHCG-Net (P=0.001).

Discussion

To our knowledge, this study represents the first effort
to develop and validate an interpretable deep learning
framework for preoperative prediction of HCC grading.
Our study demonstrated that iHCG-Net can effectively
predict HCC grading with intrinsic interpretability. Its
performance exceeds that of traditional ML models and
is comparable to DLMs. Notably, iHCG-Net mitigated
the overfitting observed in the conventional DLMs. The
feature importance score plot showed that the intra-tumoral
artery was the most influential feature for predicting the
HCC grading.

In our study, AFP, tumor shape, and liver cirrhosis were
included in the CM, with their correlations to HCC grading
confirmed in previous studies (15,16). High-throughput
radiomics features provide a comprehensive description
of tumor heterogeneity. Previous research applied various
ML algorithms to create RMs for HCC grading (17,18),
but the best approach remains unclear. Here, five common
ML classifiers were used to build the RM. All classifiers,
except SVM and LR, exhibited overfitting. A meta-analysis
by Wang er al. (19) showed SVM and LR are the most
common classifiers for this task, validating our finding. In
our analysis, the SVM-based model demonstrated superior
performance over the LR-based model, likely attributable to
its enhanced adaptability to high-dimensional data, superior
capability in modeling complex nonlinear relationships,
and greater robustness to noise and outliers (20,21).
Although the CM and RM models offer interpretability,
their predictive performance was limited. This may be due
to the lower dimensionality of the data and the limitations
of traditional modeling in representing tumor biological
behaviors.

Deep learning algorithms can autonomously extract
and learn high-dimensional features from input data using
multi-layer artificial neural networks, making them highly
effective in modeling complex patterns and decision-making
processes (22). Consistent with previous research (23,24),
the DLM demonstrated higher prediction efficiency
compared to the CM and RM models. The performance
of DLCM improved compared to DLM, indicating that
the integration of multi-dimensional risk factors enhances

© AME Publishing Company.
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their interactions and optimizes the model’s effectiveness.
However, the black-box nature of DLLMs makes it difficult
for doctors to fully trust their predictions of HCC grading.
In addition, despite the use of data augmentation, DLM
and DLCM still had serious overfitting problems. On one
hand, the limited sample size restricted the generalization
ability of the models. On the other hand, the complex
structures and large number of parameters of DLMs made
them overly sensitive to interference factors, such as data
deviation and noise, leading to overfitting (25).

By introducing an intermediate concept layer, iHCG-
Net enables clinicians to clearly visualize the key concepts
extracted and used by the model during the learning
process, thus eliminating the black-box nature of DLMs.
The study results showed that the iHCG-Net enhanced
interpretability without compromising model performance.
Its efficacy was comparable to that of the DLM and
effectively avoided overfitting. This can be attributed to
the following factors (13): (I) the architecture of CBM
enables the DLM to first learn the concepts with clear
semantics related to the task instead of directly outputting
based on the original data. This reduces the model’s need
for large sample sizes and prevents it from fitting noise,
data deviation, or other irrelevant information. (II) The
clinical-radiological features in the study are more stable
than the original data, reducing the impact of varying
datasets and image acquisition parameters on model
efficacy. Additionally, the significantly lower AUC of
CRLM compared to iHCG-Net confirms that the concept
regressor provides additional value by integrating MRI
features and clinical-radiological features rather than relying
solely on raw data. This may be attributed to its ability to
predict “soft” clinical-radiological features instead of hard
diagnostic labels, which better adapts to the complexity of
medical data.

The feature importance score plot generated by iHCG-
Net can visually display the key features for predicting
HCC grading. The results showed that intratumoral arteries
had the highest importance score. The SHAP plot provided
additional directional information, indicating that both low
and high intratumoral artery levels increased the probability
of high-grade HCC, suggesting a non-linear relationship
between them. This may be attributed to the trend where
the number of intratumoral arteries first increases and then
decreases during the progression from well-differentiated to
moderately differentiated and then to poorly differentiated
HCC (26). Reduced vascular endothelial growth factor

expression and increased anaerobic metabolism in poorly

Quant Imaging Med Surg 2026;16(1):86 | https://dx.doi.org/10.21037/qims-2025-269



Quantitative Imaging in Medicine and Surgery, Vol 16, No 1 January 2026

differentiated HCC may underlie this phenomenon (27,28).
Furthermore, the enhanced heterogeneity of high-grade
HCC, characterized by a mixture of hypervascular and
hypovascular regions, may also contribute to this non-linear
relationship.

There are several limitations in this study. First, its
retrospective, single-center design and the limited sample
size may affect the generalizability of the findings. Future
validation using larger, multi-center datasets is necessary
to confirm the robustness of the proposed model. Second,
iHCG-Net incorporated 23 commonly used manually-
defined concepts. Whether additional unsupervised
concepts can further enhance the model’s performance is
a direction for our further research. Third, in this study,
iHCG-Net was only used to predict HCC grading. In
the future, we will extend iHCG-Net to predict various
biological behaviors and prognosis of HCC. Lastly, this
study focused on enhancing the interpretability of DLMs
and did not include models such as 3D SE-DenseNet and
Multimodality-Contribution-Aware TripNet, which aim to
improve model efficacy, in the experimental comparisons.
This may, to some extent, limit the comprehensive
performance reference of different HCC grading models
under the same task scenario. Future studies will expand the
sample size and further supplement comparative analyses of
such cross-objective designed models.

Conclusions

We have developed an interpretable model, iHCG-Net. It
was comparable in performance to black-box DLMs and
effectively avoided overfitting. iHCG-Net has the potential
to serve as an imaging biomarker for predicting HCC
grading. This could help provide a basis for personalized
treatment of HCC patients and promote the integration of
artificial intelligence and radiology in clinical practice.
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