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Abstract

Purpose Existing prognostic staging systems depend on expensive manual extraction by pathologists, potentially overlooking
latent patterns critical for prognosis, or use black-box deep learning models, limiting clinical acceptance. This study intro-
duces a novel deep learning-assisted paradigm that complements existing approaches by generating interpretable, multi-view
risk scores to stratify prognostic risk in hepatocellular carcinoma (HCC) patients.

Methods 510 HCC patients were enrolled in an internal dataset (SYSUCC) as training and validation cohorts to develop
the Hybrid Deep Score (HDS). The Attention Activator (ATAT) was designed to heuristically identify tissues with high
prognostic risk, and a multi-view risk-scoring system based on ATAT established HDS from microscopic to macroscopic
levels. HDS was also validated on an external testing cohort (TCGA-LIHC) with 341 HCC patients. We assessed prognostic
significance using Cox regression and the concordance index (c-index).

Results The ATAT first heuristically identified regions where necrosis, lymphocytes, and tumor tissues converge, particularly
focusing on their junctions in high-risk patients. From this, this study developed three independent risk factors: microscopic
morphological, co-localization, and deep global indicators, which were concatenated and then input into a neural network to
generate the final HDS for each patient. The HDS demonstrated competitive results with hazard ratios (HR) (HR 3.24, 95%
confidence interval (CI) 1.91-5.43 in SYSUCC; HR 2.34, 95% CI 1.58-3.47 in TCGA-LIHC) and c-index values (0.751
in SYSUCC; 0.729 in TCGA-LIHC) for Disease-Free Survival (DFS). Furthermore, integrating HDS into existing clinical
staging systems allows for more refined stratification, which enables the identification of potential high-risk patients within
low-risk groups.

Conclusion This novel paradigm, from identifying high-risk tissues to constructing prognostic risk scores, offers fresh
insights into HCC research. Additionally, the integration of HDS complements the existing clinical staging system by facili-
tating more detailed stratification in DFS and Overall Survival (OS).
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Introduction

Hepatocellular carcinoma (HCC) is the sixth most com-
mon malignant tumor and the third leading cause of cancer-
related mortality worldwide [1]. Common treatments for
HCC include liver resection [2], liver transplantation [3],
and immunotherapy [4]; however, not all patients benefit
from these interventions [5]. This is because, despite the
existence of several staging systems applied in clinical set-
tings to help physicians develop individualized treatment
plans for improving long-term prognosis, such as the Tumor-
Node-Metastasis (TNM) [6] and the Barcelona Clinic Liver
Cancer (BCLC) [7], prognostic variability persists within
patients at the same clinical stage [8]. This variability often
results in some patients being overtreated or undertreated.
Efforts to refine these systems by incorporating more clinical
factors have shown limited improvements in their accuracy
or utility [9]. Thus, there is a pressing need to develop a
new, more effective risk-scoring system for HCC to enhance
prognostic assessments.

With advancements in computing and imaging tech-
nology, pathology has become crucial in cancer diagno-
sis and prognostic analysis [10, 11]. In particular, Whole
Slide Image (WSI) analysis has benefited from deep learn-
ing applications in feature extraction, cancer diagnosis,
and prognosis prediction, showing performance that often
exceeds traditional clinical staging systems [12, 13]. How-
ever, many deep learning-based scoring systems face chal-
lenges in gaining clinical acceptance due to their lack of
interpretability, which limits clinicians’ ability to understand

and trust the predictions. For instance, black-box models
that directly map WSIs to survival outcomes [14, 15] often
fail to provide insights into which features or patterns drive
the predictions, making clinical validation and integration
difficult. Thus, a more explainable approach is to develop
models that predict risk scores based on visually identifiable
pathological risk factors, which can be independently vali-
dated by clinicians and correlated with established clinical
staging systems.

In this study, we aim to establish a deep learning-assisted
prognostic risk-scoring paradigm. We first identified tissue
regions associated with high prognostic risk based on the
attention-driven approach [16, 17]. This method focused on
identifying key regions of interest (ROI) within WSI that
contribute to the prognostic prediction. It allows the subse-
quent risk score construction to prioritize the pathological
features within these ROIs. Therefore, we constructed three
independent risk factors targeting microscopic, local, and
macroscopic levels based on attention-derived ROIs. The
Hybrid Deep Score (HDS) is obtained through a multi-view
risk-scoring system to integrate these factors for predicting
the prognostic risk in HCC patients.

Method
Patient cohort and study design

In this work, we collected the WSI corresponding to 510
patients diagnosed with HCC from Sun Yat-sen University
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Cancer Center (SYSUCC) as the in-house dataset. Among
SYSUCC, 365 HCC patients were treated between March
2013 and December 2014 and 145 patients received treat-
ment from August 2020 to June 2022. All patients and WSIs
were one-to-one correspondence. The criteria for inclusion
were as follows: (1) pathologically confirmed HCC; (2)
absence of concurrent tumors; and (3) no metastases out-
side the liver. The exclusion criteria were as follows: (1)
incomplete clinical data; (2) lack of high-quality WSIs; and
(3) presence of other pathologic types of carcinoma within
liver. Following the same criteria, we also selected 341 WSIs
from the Cancer Genome Atlas Liver Hepatocellular Carci-
noma dataset (TCGA-LIHC)' as the external public dataset.

We randomly selected 60 WSIs from the SYSUCC, seg-
mented them into patches, and annotated six distinct tissue
categories-Tumor (1041), Necrosis (1017), Fibrosis (1007),
Lymphocytes (1029), Normal Liver Cells (1041), and Oth-
ers (such as blood vessels and steatosis, 994) for training a
patch-level classification network. These categories are the
most easily recognizable and representative tissues encoun-
tered. The HDS was developed using the remaining 450
WSIs in SYSUCC, utilizing an 8:2 training to validation
split ratio, and tested on the TCGA-LIHC dataset to verify
its generalizability across different treatment modalities.
This study obtained ethical approval from the Institutional
Review Board of Sun Yat-sen University Cancer Center and
complied with the standards of the Declaration of Helsinki.
All patients gave written informed consent for their archived
tissue and clinical data to be used for scientific research in
this study.

Preparation and pre-process of WSIs

All samples were preserved using 4% neutral formaldehyde,
embedded in paraffin, sectioned consecutively at a thickness
of 4 pm, and stained with hematoxylin and eosin (H&E).
The 60 WSIs selected from the SYSUCC were segmented
into 150 x 150-pixel patches at 20x magnification. We fol-
lowed Clustering-constrained Attention Multiple instance
learning (CLAM) [18] to remove patches with more than
75% blank areas.

Given the gigapixel of WSI, classifying and localizing
each tissue patch in the WSI are crucial prerequisite steps
for constructing new interpretable risk-scoring systems and
performing prognostic analysis. PaSegNet [19] has shown
promising performance in classifying liver pathological tis-
sues. Inspired by this, we fine-tuned PaSegNet as our patch
classification model to predict the labels and coordinates of
each patch to localize the patches of the category of interest,
as shown in Fig. la.

! https://portal.gdc.cancer.gov/projects/TCGA-LIHC.
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Deep learning-based prognostic risk-related region
discovery and risk-scoring system construction

To demonstrate the contributions of different tissue catego-
ries to prognostic prediction and support potential risk score
construction, we designed ATAT, as illustrated in Fig. 1a.
Patches labeled by a patch-level classification network were
processed through an offline feature extractor (ResNet50
[20]), with features input into ATAT by category. ATAT
assigns attention to each patch by modeling intra-class vari-
ability and inter-class relationships, allowing us to determine
the prognostic significance of various tissue types. Local
visualization results show that high-risk patients frequently
exhibit necrotic areas and tumor-infiltrating lymphocytes.
Further, ATAT predominantly focuses on junctions between
necrotic, lymphatic, and tumorous tissues, while paying less
attention to fibrotic and other areas. This motivates the con-
struction of a risk-scoring system combining the influence
of necrotic, lymphocyte, and tumor regions. Remarkably, the
hypothesis generated by ATAT without prior experimenta-
tion was validated by experienced pathologists and aligned
with conclusions from related studies [22-24].

To ensure clinical acceptability, we utilized the hypoth-
eses based on ATAT as references to construct the inter-
pretable risk score and verify its effectiveness in clinical
practice. We developed the HDS, as shown in Fig. 1b, which
models interactions between necrotic tissues, lymphocytes,
and tumor regions. HDS captures information across three
levels: 1) microscopic morphological features of three tissue
types; 2) spatial interaction features (co-localization scores)
between lymphocytes, necrosis, and tumor; 3) deep features
representing global information from WSI. We utilized the
DFS status and DFS time as the labels during the model
training. Details on the structure of ATAT and the construc-
tion process of the HDS are provided in the supplementary
materials.

Statistical analysis

All statistical analysis was performed using R-software 4.0.
The construction of HDS was carried out using PyTorch
1.12.0. Variables were compared using A” test. Survival
curves were generated with the Kaplan—-Meier method and
analyzed using the log-rank test. HRs with 95% CIs were
estimated using univariable and multivariable Cox regres-
sion analyses. p < 0.05 in a two-tailed test indicates statisti-
cal significance.
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«Fig. 1 Workflow of patch-level classification network, ATAT, and
Multi-view risk-scoring system. a WSIs are segmented into patches
and categorized into six types using the pre-trained patch-level classi-
fication network, and then analyzed by ATAT which highlights poten-
tial tissue regions related to high-risk prognosis on a 16-patch grid.
Localization maps and attention visualization reveal that in high-risk
patients, WSIs typically show necrosis and lymphocytes near tumors,
with ATAT emphasizing their junctions, whereas low-risk patients
rarely exhibit these features. b Inspired by ATAT, microscopic mor-
phological features, co-localization score, and deep global features
are constructed and concatenated, then through an SNN, HDS is
established. ® weighted summation; SNN Self-Normalizing Neural
Network; ATAT Attention Activator; © concatenation; the orange
dashed box shows grids containing high-attention tissues

Results
Patient characteristics and clinical information

Online Resource 1, Table S1 presents the clinicopathologi-
cal features of the SYSUCC cohort used to develop HDS,
including the training cohort (n=360) and the validation
cohort (n=90). There were no significant differences in
baseline characteristics between the training and valida-
tion cohorts. Additionally, Online Resource 2, Table S2
provides the features of another 60 patients from SYSUCC,
used for constructing a patch-level classification network.
The patients in Table S2 have a similar distribution of clin-
icopathological features as those in Table S1. Furthermore,
Online Resource 3, Table S3 details an external testing
cohort of 341 patients from TCGA-LIHC. This cohort was
not used during HDS development, allowing for an evalua-
tion of HDS generalizability on unseen clinical data.

Model evaluation and survival analysis

Ensuring the accurate classification of different tissue types
by the patch-level classification network and the clinically
meaningful localization of potential high-risk regions by
ATAT are prerequisites for building an effective HDS.
Online Resource 4, Fig. S1a shows that the average Area
Under the Curve (AUC) across the six categories reached
0.98. Additionally, the confusion matrix in Fig. S1b further
demonstrates the precision of the classification model in dis-
tinguishing between different tissue types. Further, ATAT
has demonstrated a strong capability to distinguish between
high- and low-risk patients (HR 2.77, 95% CI 2.04-3.74
in SYSUCC), as shown in Fig. Slc. It outperformed other
state-of-the-art deep survival prediction models [14, 18, 25],
achieving the c-index of 0.79 + 0.035 (Fig. S1d). The series
of findings related to high-risk patients in Fig. 1a are derived
using ATAT. Since ATAT is a heuristic model and lacks
clinical interpretability, we further designed a multi-view
risk-scoring system and calculated HDS to enhance its clini-
cal acceptability and applicability.

@ Springer

In Fig. 2a, b, Online Resource 5 and 6 (Table S4a and
S5a), we evaluated the c-indexes and 1-, 2-, and 5-year
AUCs using single view or two of the three views of indi-
cators (CL co-localization features, MM microscopic mor-
phological features, DG deep global features & means
concatenate two types of features) on SYSUCC and TCGA-
LIHC. The experimental results demonstrate that combining
any two types of features can further improve prognostic
performance compared to using a single indicator alone.
For instance, combining MM and DG resulted in a 20%
increase in the c-index on SYSUCC compared to MM.
Finally, integrating all three perspectives as HDS achieved
more competitive performance (the AUCs of HDS for the
1-, 2-, and 5-year predictions and c-index of DFS were
0.682+0.183, 0.724+0.117 0.767+0.138 and 0.751+0.082
in SYSUCC and 0.678+0.238, 0.735+0.219, 0.723+0.130
and 0.729+0.196 in TCGA-LIHC). Furthermore, we have
provided the results of the multivariable analysis of these
three indicators of DFS on SYSUCC and TCGA-LIHC in
Table S4b and Table S5b, and the multivariable analysis
confirms that these three factors are independent prognos-
tic risk factors (with multivariable p <0.001). Additionally,
Table S4c and Table S5c present the pairwise A” test results
for these three indicators on the two datasets and the A% p >
0.05 indicate that the features from these three perspectives
are mutually independent.

For HDS, the median value of the training cohort was
taken as the cut-off value of high- and low-risk groups.
Patients with a lower HDS experienced longer DFS and
OS durations across both training and validation cohorts.
Generally, as shown in Fig. 2c—f, the 2-year DFS rate in the
high-risk group reached 26.79% in the training cohort and
16.22% in the validation cohort, compared to the low-risk
group with DFS rates of 70.69% and 66.21% in the training
and validation cohorts, respectively. Additionally, using OS
as a secondary endpoint, HDS also effectively differentiated
between high- and low-risk groups: the 2-year OS rate in
the high-risk group was 69.24% in the training cohort and
60.31% in the validation cohort, compared to 87.21% and
86.49% in the low-risk group. In long-term (5-year) DFS and
OS, HDS also demonstrated similarly superior risk strati-
fication capabilities as seen in the short-term (1-/2-year)
analysis.

Kaplan—Meier curves were constructed in Fig. 3 to illus-
trate the role of HDS in survival risk stratification. Build-
ing upon the existing BCLC and TNM staging systems, we
further stratified the low-risk subgroups based on HDS. As
shown in Fig. 3c, f, i, 1, the p values between low-risk group
with high HDS v.s. the low-risk group with low HDS were
all less than 0.001 for both DFS and OS. This indicates that
HDS can effectively identify potential high-risk patients
within the low-risk groups, enabling clinicians to provide
enhanced monitoring for these patients.
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Additionally, in Online Resource 7, Table S6, we evalu- The results demonstrated that the combination of BCLC/
ated the prognostic performance of combining the existing =~ TNM staging systems with HDS consistently achieved the
clinical staging systems with HDS (use the linear combina-  best performance across both datasets (c-index: 0.783+0.110
tion of HDS and clinical staging as input for the Cox model).  in SYSUCC, 0.747+0.091 in TCGA-LIHC; 1-year AUC:
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0.701+0.045 in SYSUCC, 0.681+0.060 in TCGA-LIHC;
2-year AUC: 0.739+0.213 in SYSUCC, 0.741+0.073 in
TCGA-LIHC and 5-year AUC: 0.772+0.224 in SYSUCC,
0.740+0.208 in TCGA-LIHC). This further highlights the
complementary role of HDS in improving the prognostic
accuracy of existing clinical staging systems.

Prognostic risk factors of HDS

Cox proportional hazards regression analysis was conducted
to identify independent predictors for DFS in SYSUCC
(Online Resource 8, Table S7) and TCGA-LIHC (Online
Resource 9, Table S8). Since the known clinicopathological
factors differed between the two cohorts, each was consid-
ered separately in the univariate Cox analysis. Subsequently,
multivariable analysis revealed that tumor size (HR 3.275,
95% CI 2.053-5.219), tumor number (HR 1.541, 95% CI
1.326-4.358), and HDS (HR 3.852, 95% CI 2.333-5.319)
were independent risk factors for DFS in SYSUCC, while
in TCGA-LIHC, depth of invasion (HR 2.214, 95% CI
1.6-3.064) and HDS (HR 2.449, 95% CI 1.797-5.312) were
identified as independent risk factors for DFS.

To incorporate these independent clinical risk factors
(“Number of lesions" and “diameter of tumor") from the
multivariable analysis, the nomogram was constructed for
DFS in the SYSUCC cohort (Fig. 4a). Additionally, Fig. 4b
presents the c-indexes for approaches considering only these
clinical features, BCLC staging, and HDS. Notably, HDS
achieved competitive performance (0.747, 0.711-0.783),
and the integration of HDS with clinical features led to
the improvement in predictive performance (with a 4.1%
increase). In Fig. 4c, the combination of HDS with clinical
features also demonstrated enhanced performance in TCGA-
LIHC (showing a 2.87% increase). These results present the
complementarity of HDS with clinical factors, offering valu-
able insights for augmenting and refining survival prediction
methods based on existing clinical features.

The forest plot in Fig. 5 demonstrates that after stratify-
ing the SYSUCC into different subgroups based on clinical
characteristics, HDS remained an effective predictor for DFS
with p < 0.05 in each subgroup. Similarly, the forest plot in
Online Resource 10, Fig. S2 for the TCGA-LIHC cohort
confirmed that HDS serves as a prognostic factor across all
clinical subgroups.

Discussion

As a common and highly lethal malignant tumor, it is of
clinical significance to construct effective prognostic risk-
scoring systems for HCC. Such systems can assist physi-
cians in devising personalized treatment plans that poten-
tially reduce the risk of recurrence and mortality for patients.

While existing risk-scoring systems have advanced the field
significantly, challenges remain in balancing interpretabil-
ity and automation. For instance, manual feature extraction
by pathologists, though highly informative, can be time-
consuming, and entirely relying on black-box deep learning
models may limit clinical interpretability. To address these
challenges, we proposed a deep learning-assisted paradigm
for constructing risk scoring based on WSI analysis and
developed a novel prognostic risk score, named HDS.

In this study, following the general process employed
by pathologists for constructing risk-scoring systems, we
developed an attention-enhanced heuristic paradigm assisted
by DL to generate prognostic risk scores. The DL-based
assistance in this paradigm is manifested in two primary
aspects: first, it identifies areas related to potential high-risk
regions for physicians’ reference based on attention mecha-
nisms enabling the simplified post-processing step; second,
interpretable risk factors from three distinct perspectives
are extracted and integrated by DL models. Utilizing this
heuristic paradigm, we constructed HDS for HCC patients.
The prognostic analysis results indicate that HDS not only
demonstrates competitive performance in predicting the
prognosis of HCC patients but most importantly comple-
ments and refines existing clinical staging systems (such as
BCLC and TNM). Integrating HDS into existing prognostic
clinical staging systems allows for the further identification
of potential high-risk patients, thereby providing physicians
with valuable references for developing more detailed track-
ing and treatment strategies.

In previous work, the localization of tissues associated
with potential high-risk groups has often relied on prior
knowledge of pathologists. For example, [26] focused on
investigating the impact of mucus and stromal tissue on the
prognosis of colon cancer, and [27] explored the relationship
between aneuploidy and the prognosis of malignancy. How-
ever, a significant challenge of such approaches is their inef-
fectiveness when clinical priors are lacking, especially in the
context of newly emerging cancers or rare cancer subtypes.
Therefore, a heuristic approach is needed that can identify
potential high-risk regions associated even in the absence of
relevant clinical expertise. Thus, we first designed the ATAT
to locate tissues of potential high-risk regions in WSIs. The
attention values reflect the focus of ATAT on different tis-
sue types during prognostic prediction. Unlike attribution
map methods [19], whose results largely depend on model
performance and where pixel-level feature attribution maps
are not conducive to pathologists directly observing details
in the original image, ATAT offers pathologists interpretable
references for identifying potential risk-related areas.

On the other hand, while it is possible to locate tissue
regions associated with high-risk prognostic groups, effec-
tively extracting features from these regions and construct-
ing a meaningful and clinically relevant prognostic risk
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score remains a significant challenge. Some approaches
rely on manually designed features by physicians [28]:
although these features often have strong clinical rel-
evance, they are highly dependent on prior knowledge.
This can lead to the overlooking of valuable information
in pathological images. In contrast, some approaches
depend entirely on deep features extracted by black-box
deep learning models [29], which often lack interpretabil-
ity. Although these models may perform well in a specific
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cohort, they are difficult to generalize to other cohorts,
limiting their clinical applicability.

Based on the hypotheses derived from ATAT, the risk-
scoring system we constructed contained information from
three perspectives: 1) microscopic morphological features
encoding the microstructures of necrosis, lymphocytes, and
tumors; 2) co-localization features reflecting the spatial dis-
tribution and interactions between necrotic/lymphocytic and
tumor regions; and 3) deep global features that incorporate
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Fig. 5_ Forest plot of HDS for Characteristics High Low p-value HR (95%Cl) p-value
?FS in SYSUCC. AFP alpha- Al 52 398 e 3.24 (1.91-5.43) <0.001
etoprotein, DFS disease-free
survival Sex 0.55
Male 46 335 - 3.12 (1.82-5.35) <0.001
Female 6 63 —— 3.7 (2.95-7.82) 0.025
Age 0.30
<55 35 234 ——— 2.88 (1.57-5.29) <0.001
>55 17 164 4.24 (1.46-12.29) <0.001
Cirrhosis 0:57
No cirrhosis 20 174 — 3.08 (1.31-7.26) <0.001
With cirrhosis 32 224 — 3.25(1.67-6.29) <0.001
Diameter 0.75
Max. diameter, <5cm 30 243 — 2.83 (1.2-6.71) <0.001
Max. diameter, >5cm 22 155 e 2.81(1.53-5.17) <0.001
Cancer Embolus 0.62 :
No cancer embolus 37 300 —— 1.95(1.06-3.97) 0.031
With cancer embolus 15 | —— 2.62(1.42-4.87) <0.001
Lesion 0.17 :
Single lesion 41 346 — 3.32 (1.8-6.14) <0.001
Multiple lession 11 - 2.14 (0.96-5.3) 0.033
AFP 0.012 ;
AFP, <20 ng/ml 15 179 l—=—————  336(1.34-8.44) <0.001
AFP, 20-400 ng/ml 12 106 B 2.52 (1.08-7.02) 0.008
AFP, >400 ng/ml 25 113 ———————— 3.26 (1.48-7.18) <0.001
01 3
overall information from WSIs. Among them, 1) and 2) con- Conclusion

sist of manually calculated and extracted features developed
through ATAT, offering interpretability. To complement
these interpretable manual features, we also utilized Trans-
MIL to extract global features of the WSI. To integrate the
features from these three views, we constructed a multi-view
hybrid multiple instance learning framework and outputted
HDS. Experimental results confirmed that for both OS and
DFS, our HDS complements and refines existing clinical
staging systems. Specifically, HDS demonstrated the ability
to identify potential high-risk patients within the low-risk
group (stratified by BCLC or TNM) in SYSUCC and TCGA-
LIHC, thereby providing clinicians with valuable references
to further adjust treatment intervention strategies for these
patients.

Although this work achieved encouraging results in
HCC prognostic analysis, it still has some limitations. For
instance, the method of feature fusion from various perspec-
tives employed in this study needs to be optimized. In fact,
we are considering using manually extracted features to
guide the extraction of global deep features in future work,
which would make feature extraction more purposeful and
further reduce the introduction of noise. On the other hand,
for some HCC patients, we can only get their needle aspira-
tion biopsy WSIs, which differ significantly in morphology
from the WSI in our current cohort. Therefore, extending
our approach to these patients presents a challenge at this
stage. In the future, we plan to collect a more diverse set of
external cohorts to broaden the applicability of our HDS.

In conclusion, we developed a prognostic risk-scoring
paradigm for HCC patients by drawing inspiration from
the clinical diagnostic workflow of pathologists. This
paradigm involves heuristically identifying potential high-
risk tissue regions and constructing a multi-view hybrid
risk score, offering new insights into how deep learning
models can complement clinical staging systems of HCC
patients. Experimental results indicate that HDS demon-
strates promising performance in prognostic risk stratifica-
tion and shows good generalizability to external cohorts,
suggesting its potential as a valuable addition to existing
clinical staging systems.
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