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1  Introduction
Hepatocellular carcinoma (HCC) ranks as the sixth most common cancer and the third 
leading cause of cancer-related deaths worldwide. In 2022, there were over 860,000 new 
cases and 750,000 deaths globally (GLOBOCAN) [1], with both incidence and mortality 
rates anticipated to rise further [2]. Surgical resection with curative intent remains the 
first-line treatment for early-stage HCC; however, the recurrence rate within five years 
post-surgery remains as high as 70% [3]. Tragically, approximately two-thirds of patients 
present with intermediate or advanced disease at diagnosis [4]. Current therapeutic 
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Abstract
Hepatocellular carcinoma (HCC) is a highly malignant tumor with elevated incidence 
and mortality rates globally. Its complex etiology and pronounced heterogeneity 
present significant challenges in diagnosis and treatment. Recent advancements in 
artificial intelligence (AI) have demonstrated transformative potential to usher a new 
wave of precision oncology. Pathomics, an AI-based digital pathology technique, 
facilitates the extraction of extensive datasets from whole-slide histopathological 
images, enabling quantitative analyses to improve diagnosis, treatment, and 
prognostic prediction for HCC. Furthermore, emerging pathological foundation 
models are revolutionizing traditional paradigms and providing a robust framework 
for the development of specialized pathomics models tailored to specific clinical 
tasks in HCC. Despite its promise, pathomics research in HCC remains in its infancy, 
with clinical implementation hindered by challenges such as data heterogeneity, 
model interpretability, ethical concerns, regulatory issues, and the absence of 
standardized industry protocols. Future initiatives should prioritize the conduction 
of prospective multi-center studies, the integration of multi-modal data, the 
enhancement of regulatory frameworks, and the establishment of industry-wide 
standardized guidelines and compliant platform infrastructures to accelerate the 
clinical adoption of pathomics for personalized HCC treatment.
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strategies for HCC are largely based on staging systems like the Barcelona Clinic Liver 
Cancer (BCLC) classification [5]; however, these methods lack the precision and person-
alization essential for modern oncology and fall short of meeting the demands of preci-
sion medicine. Therefore, there is an urgent clinical need for more precise prognostic 
biomarkers [6]. Additionally, the complex etiology and marked heterogeneity of HCC 
further complicate diagnosis and treatment [7, 8].

In recent years, artificial intelligence (AI) technologies, including machine learning 
(ML) and deep learning (DL), have seen rapid development in oncology, demonstrated 
by the exponential growth in AI-driven oncological research and applications [9–11]. 
Pathomics, an emerging technology for intelligent analysis of histopathological images, 
leverages AI algorithms to extract high-throughput biological features from whole-slide 
images (WSIs) that are otherwise imperceptible. This enables the visualization of tumor 
heterogeneity, assisting in tumor detection, histological subtyping, pathological grading, 
and clinical prognostication [12–14]. Compared to traditional variable-based models, 
pathomics models (PMs) exhibit superior predictive performance and cost-effectiveness. 
Their broad applicability and translational potential have been demonstrated across 
various cancers, including breast, colorectal, lung, renal, and prostate cancer [15–20]. 
Furthermore, pathomics can be integrated with radiomics, genomics, and clinical data 
to develop multi-modal AI models, facilitating a more comprehensive analysis of tumor 
biology, deeper insights into disease mechanisms, and more informed therapeutic 
decision-making.

Despite the increasing number of studies applying pathomics in HCC, both in mecha-
nistic research and clinical translation, the field remains in its early stage, with several 
bottlenecks and challenges ahead. This narrative review aims to provide a clinically ori-
ented overview of recent advancements in pathomics applications for HCC in the AI 
era, the current challenges, and future research directions.

2  The workflow of pathomics
The pathomics pipeline involves several critical steps [21], as illustrated in Fig.  1. The 
first step is the acquisition and preprocessing of WSIs, where researchers use high-res-
olution scanning devices to digitize tissue slides, followed by standardization to ensure 
the production of high-quality, uniform images. The second step is the segmentation and 

Fig. 1  Workflow of pathomics in hepatocellular carcinoma. This includes multiple stages such as the acquisition 
and preprocessing of WSIs, segmentation and annotation of WSIs, feature extraction and selection, model con-
struction, model performance evaluation, and eventual model deployment. WSI whole-slide image; CNN convolu-
tional neural network; AUROC area under the receiver operating characteristic curve; DCA decision curve analysis; 
K-M Kaplan-Meier
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annotation of WSIs. Each WSI is subdivided into multiple patches, and regions of inter-
est are meticulously annotated, which is crucial for the accurate extraction of pathomics 
features in subsequent step. The third step involves feature extraction and selection, 
where quantitative analysis of tissue structures such as cellular morphology, nuclei, 
and cytoplasm within target regions is performed. Features are extracted at the patch 
level using pretrained models and subsequently aggregated into slide-level features via 
attention-based weighted averaging mechanisms. The fourth step is model construc-
tion, which forms the core of the entire pipeline. Appropriate model architectures are 
selected to train on the extracted features, with pretrained PFMs typically yielding opti-
mal performance. Following this, model performance is evaluated using various metrics, 
including accuracy, precision, F1 score, area under the receiver operating characteristic 
curve (AUROC), and decision curve analysis (DCA). These evaluations are vital for vali-
dating the feasibility and reliability of PMs, serving as essential prerequisites for the final 
step of clinical deployment and translation.

Instead of being limited to single-modality pathomics, Fig. 2 attempts to broaden this 
pipeline by integrating pathomics features with complementary modalities, including 
radiomics, genomics, transcriptomics and clinical records, into a cohesive multi-modal 
framework that enriches feature characterization and underpins the development of 
more accurate diagnostic, prognostic and therapeutic models.

3  Model architectures and key parameter choices
In AI-driven HCC pathomics studies, researchers rely on two main architectures, con-
volutional neural networks (CNNs) and vision transformers (ViTs), to tackle three 
core challenges: gigapixel-scale whole-slide images, diverse tumor patterns, and noisy 
clinical labels. CNN backbones (e.g., 50-layer ResNet or EfficientNet-B0, pretrained 
on ImageNet) remain the bedrock for patch-level feature extraction. Slides are divided 
into 224 × 224 to 512 × 512 px tiles, a size large enough to capture cellular detail and 
tissue context within typical graphics processing unit (GPU) limits [22, 23]. To model 

Fig. 2  Development of pathological foundation models and the emergence of future generalist models/AI 
agents. Since 2020, self-supervised learning has enabled training of pathological foundation models on large-
scale, unlabeled datasets, reducing the need for task-specific annotations during fine-tuning downstream task 
models. Current research emphasizes the integration of multi-modal data, including pathology slides, radiologi-
cal images, genomic and transcriptomic profiles, and clinical records, in order to develop specialized models for 
diverse professional tasks. In oncology, the ultimate goal for foundation models is to create generalist models that 
merge general and specialized capabilities, also referred to as AI agents, capable of assisting in diagnosis, treat-
ment, and prognosis, as well as delivering analytical insights, medical interpretation, and interactive support. ML 
machine learning; DL deep learning; AI artificial intelligence
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long-range tissue structure, newer pipelines introduce ViT-base transformers (12 lay-
ers) that tokenize slides into 16 × 16 or 32 × 32 px patches, learning relationships across 
distant regions [22]. Once extracted, patch features are aggregated via attention-based 
multi-instance learning (MIL) modules: a 128-256-dimensional attention head scores 
each patch, patches are grouped into 3–5 clusters, and the top 10–20 scores are pooled. 
This mechanism downweights uninformative areas (e.g., blank space or artifacts) and 
amplifies diagnostically or prognostically relevant regions, yielding a robust slide-level 
prediction.

To ensure stable training on small, heterogeneous HCC cohorts, common settings 
include the Adam optimizer with weight decay (1 × 10−5 to 1 × 10−4), a learning rate of 
1 × 10−4 to 1 × 10−5 (often cosine-annealed), and batch sizes of 16–32 tiles per GPU [22, 
24]. Models typically train for 20–50 epochs, use ReLU activations throughout, and 
apply 20–50% dropout in final layers to prevent overfitting [25]. Each slide contributes 
200–1000 “valid” tiles selected via Otsu thresholding and blur/artifact filtering to cover 
representative histology at a manageable compute cost [22]. Finally, a label-denoising 
step is introduced to reduce noise, for example by excluding patients who experienced 
ultra-early recurrences under 3 months from the training set [26].

These parameter choices and architectural designs are informed by prior literature and 
extensive empirical validation, aiming to maximize accuracy, stability, and clinical appli-
cability. Understanding these technical details facilitates the reproducibility, benchmark-
ing, and adaptation of AI models in diverse clinical scenarios.

4  Basic applications of pathomics in HCC: pathological diagnosis
Conventional histopathological assessment is inherently subjective, leading to inter-
observer variability. AI-based pathomics has emerged as a transformative technology for 
quantifying tissue characteristics in pathology. The primary advantage of pathomics in 
basic applications lies in its ability to automate tasks that traditionally rely on manual 
interpretation, such as object detection, tumor segmentation, histological classification, 
pathological grading, anomaly detection, and quality control [27] (Table 1).

4.1  Tumor identification

While tumor detection does not directly yield a definitive diagnosis, it is a foundational 
task in the pathological diagnostic workflow and crucial for following judgment of the 
pathological nature. Notably, AI excels particularly in distinguishing tumor from non-
tumor regions.

Liao et al. [28] employed a CNN-based DL method to analyze WSIs of HCC sam-
ples sourced from public databases. This pathomics technology accurately differenti-
ated between normal and tumor tissues, enabling automated localization of HCC and 
achieving a perfect AUROC of 1. This allowed pathologists to complete their diagnoses 
based on AI-assisted identification. Similarly, other researchers utilized a global label 
DL framework combining transfer learning and multi-instance learning to classify his-
topathological images of HCC with high accuracy. In the test dataset, all performance 
metrics exceeded 0.95, with precision reaching 1. In the validation dataset, both recall 
and precision were 0.99, demonstrating strong potential to support precise HCC diag-
nosis [29]. More recently, a study by Troiano et al. [30] demonstrated that pathomics 
techniques based on nuclear fluorescent staining could automatically detect HCC cells, 
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Reference Tasks Study design Number of 
patients/WSIs 
(tiles) and vali-
dation methods

Details and outcome 
measures

Liao et al. 
[28]

Tumor 
identification

Retrospective, single-center, 
and public database

Training (TCGA): 
408 WSIs
Internal test 
(TCGA): 73 WSIs
Internal valida-
tion: 455 pts/719 
dots (11 TMAs)

Performance of PM: AUROC 
of 0.998-1.000 (test) and 
0.902–0.971 (validation)

Sun et al. 
[29]

Tumor 
identification

Retrospective, public 
database

Training (TCGA): 
324 WSIs
Internal test 
(TCGA): 69 WSIs
Internal validation 
(TCGA): 69 WSIs

Performance of PM: all 
measures exceeded 0.95, 
especially precision of 1 
(test); accuracy of 0.98 and 
precision of 0.99 (validation)

Troiano et 
al. [30]

Tumor nuclei 
identification

Retrospective, single-center Training: 13,322 
nuclei images 
(TMAs)
Internal test: 3806 
WSIs
Internal valida-
tion: 1903 WSIs

Nuclear fluorescent stain-
ing-based PMs developed 
by ML and DL algorithms, 
respectively
Performance of PMs: DL 
outperformed ML, ac-
curacy of 88.10% vs. 62.12%, 
AUROC of 0.950 vs. 0.664, 
respectively

Cheng et al. 
[31]

Histological 
classification

Retrospective, multi-center Training: 330 
pts/454 WSIs
Internal test: 132 
pts/195 WSIs
External valida-
tion: 234 pts/422 
WSIs

Classify 7-category hepato-
cellular nodular lesions
Performance of AI-based PM 
(HnAIM): AUROC of 0.9991 
(internal test) and 0.935 
(external validation)

Kiani et al. 
[32]

Histological 
classification

Retrospective, single-center, 
and public database

Training (TCGA): 
20 WSIs
Internal test 
(TCGA): 50 WSIs
External valida-
tion: 80 WSIs

Differentiate between two 
subtypes of PLC (HCC and 
ICC)
Performance of PM: ac-
curacy of 0.885 (internal 
test) and 0.842 (external 
validation)

Jang et al. 
[33]

Histological 
classification

Retrospective, multi-center Training: 480 WSIs
Internal test: 320 
WSIs
External valida-
tion: 60 WSIs

Distinguish among HCC, ICC 
and metastatic colorectal 
cancer
Performance of PM (AI 
diagnostic assistant): AUROC 
above 0.95 (both internal 
and entire dataset test) but 
of 0.745 (external validation)

Calderaro 
et al. [34]

Histological 
classification

Retrospective, multi-center, 
and public database

Training and 
internal test: 591 
pts/1024 WSIs
External valida-
tion (TCGA): 360 
pts

Reclassify cHCC-CCA to HCC 
or ICC
Performance of DL-based 
AI model: AUROC of 0.99 
(internal test) and 0.94 
(external validation)

Chen et al. 
[35]

Pathological 
grading

Retrospective, single-center Training and 
internal test: 74 
pts/444 WSIs

Classify multi-differentiated 
(poorly, moderately and 
well) HCC
Performance of PM: SENet 
model proved with best 
accuracy of 95.27% among 
five DL models

Table 1  Summary of basic applications for pathological diagnosis via pathomics in hepatocellular 
carcinoma
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achieving an average accuracy of 88% in distinguishing normal nuclei from tumor nuclei 
within HCC samples.

4.2  Histological classification

Histological subtyping of liver tumors is a labor-intensive task, often affected by signifi-
cant inter-observer variability. The introduction of AI technologies is crucial to enhance 
the accuracy and efficiency of differential diagnoses.

A pioneering effort by Cheng et al. [31] introduced a DL model for the differential 
diagnosis of seven types of hepatocellular nodular lesions (HNLs). The PM, termed the 
hepatocellular-nodular AI model (HnAIM), achieved an AUROC of 0.935. In subgroup 
analyses of biopsy specimens, it demonstrated robust performance at both the patch- 
and slide-level, contributing to the early diagnosis of HCC and the risk stratification of 

Reference Tasks Study design Number of 
patients/WSIs 
(tiles) and vali-
dation methods

Details and outcome 
measures

Chen et al. 
[36]

Pathologi-
cal grading 
and tumor 
identification

Retrospective, single-center, 
and public database

Training and in-
ternal test (TCGA): 
491 WSIs
External valida-
tion: 101 WSIs

PM developed by DL algo-
rithm (Inception V3)
Performance of PM: ac-
curacy of 96.0% accuracy 
for benign and malignant 
classification; that of 89.6% 
for poor, moderate and well 
tumor differentiation

Lin et al. 
[37]

Pathological 
grading

Retrospective, single-center Training and 
internal test: 113 
pts/217 WSIs 
(3472 tiles)

A multiphoton microscopy-
based PM established by DL 
algorithm
Performance of PM: accu-
racy over 90% and AUROC 
around 0.9 for classifying dif-
ferentiation grades of HCC

Sun et al. 
[39]

MVI 
identification

Retrospective, single-center Training: 56 pts/
WSIs
Internal test: 13 
pts/WSIs

MVI regions identified 
by classification of MVI 
boundaries
Performance of PM (PCform-
er): accuracy, recall rate and 
F1-score all of 80.06%

Chen et al. 
[40]

MVI 
identification

Retrospective, multi-center Training: 270 
pts/2284 WSIs
Internal test: 80 
pts/633 WSIs
External valida-
tion: 120 pts/504 
WSIs

Performance of PM: AUROC 
of 0.904 (internal test) and 
0.871 (external validation); 
that of 0.875 (internal test) 
and 0.879 (external valida-
tion) in case of being only 
one WSI or biopsy samples

Zhang et al. 
[38]

MVI identi-
fication and 
quantification

Retrospective, single-center, 
and public database

Training: 530 
pts/3866 WSIs
Internal test: 223 
pts/1,651 WSIs
External valida-
tion (TCGA): 358 
pts/WSIs

Performance of PM (MVI-
AIDM): accuracy of 97.49% 
(internal test) and 94.25% 
(external validation); AUROC 
of 0.88 (internal test) and 
0.82 (external validation); 
MVI positive rate of 70.85% 
for MVI-AIDM and 64.13% 
for pathologists (P < 0.001)

WSI whole-slide image, pts patients, TCGA the cancer genome atlas, PM pathomics model, AUROC area under the receiver 
operating characteristic curve, TMA tissue microarray, ML machine learning, DL deep learning, PLC primary liver cancer, HCC 
hepatocellular carcinoma, ICC intrahepatic cholangiocarcinoma, cHCC-CCA combined hepatocellular-cholangiocarcinoma, 
AI artificial intelligence, MVI microvascular invasion

Table 1  (continued) 
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patients with HNLs. Several additional studies have focused on the differential diagnosis 
of typical HCC. For example, Kiani et al. [32] developed a PM to distinguish HCC from 
intrahepatic cholangiocarcinoma (ICC), achieving a diagnostic accuracy of 0.885 using a 
small training set of WSIs. Another research team designed a DL model that effectively 
differentiates among HCC, ICC, and colorectal liver metastases, with the AUROC value 
of the classifier surpassing 0.95 [33]. Furthermore, Calderaro et al. [34] conducted a DL-
based phenotypic analysis in a rare cohort of patients with combined hepatocellular-
cholangiocarcinoma (cHCC-CCA), demonstrating the model’s capability to reclassify 
cHCC-CCA into either HCC or CCA.

4.3  Pathological grading

The degree of tumor differentiation is a critical factor in determining HCC progno-
sis. However, pathological grading (PG) remains time-consuming, resource-intensive, 
and labor-intensive. In this context, the role of AI-driven image classification becomes 
increasingly significant.

Chen et al. [35] utilized WSIs from The Cancer Genome Atlas (TCGA) database and 
trained a PM on the Easy DL platform to accurately classify the PG of HCC. The model 
performed comparably to pathologists with 5 years of experience, achieving an accu-
racy of 89.6% in classifying high-, intermediate-, and low-grade tumors. In a subsequent 
study, five AI models were evaluated for their potential in the intelligent classification 
scenario of histopathological images. Among them, a DL model called SENet demon-
strated the highest performance with an accuracy of 95.27% in differentiating different 
PGs of HCC, and revealed good reliability and generalization ability [36]. Addition-
ally, one team led by Zhuo developed an innovative approach integrating multiphoton 
microscopy with a DL algorithm, creating a label-free and automated system for PG 
classification in HCC, achieving classification accuracy exceeding 90% [37].

4.4  Identification of microvascular invasion

Microvascular invasion (MVI), a hallmark of HCC’s aggressive behavior, is a well-estab-
lished independent risk factor for early recurrence and poor prognosis. However, the 
MVI detection rate varies widely among pathologists, ranging from 7.8–74.4% [38]. 
Consequently, emerging pathomics technologies present a promising approach for the 
rapid and accurate identification of MVI.

Sun et al. [39] introduced a novel PM, named PCformer, which combines a CNN algo-
rithm with a ViT architecture to identify MVI regions by classifying MVI boundaries 
in WSIs. However, the model achieved an F1 score of only 80.06% and lacked indepen-
dent external validation. In the same year, Chen et al. [40] developed a PM based on 
WSIs from multi-center HCC cohorts using a weakly supervised DL approach for rapid 
MVI assessment. The model demonstrated excellent performance in both training and 
validation cohorts, with AUROC values of 0.904 and 0.871, respectively. More recently, 
another research group [38] developed an AI-based diagnostic model for MVI (MVI-
AIDM) using WSIs. This model achieved a significantly higher MVI detection rate than 
pathologists (70.85% vs. 64.13%, P < 0.001), with an accuracy of 97.49% in internal valida-
tion and 94.25% in external validation, markedly improving the efficiency and accuracy 
of MVI diagnosis. Notably, it successfully identified subtle MVI that is often challenging 
for conventional pathology. Additionally, the model enabled automated quantification of 
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MVI areas and tumor cell counts, while providing spatial information on MVI, offering 
new insights for predicting postoperative recurrence in HCC.

5  Advanced applications of pathomics in HCC: prognostic prediction
Given the reliability and robustness of pathomics in the aforementioned basic applica-
tions, its expansion into advanced prognostic prediction tasks is progressing steadily and 
holds significant potential to directly impact clinical practice in HCC. These applications 
include the inference of genetic alterations and immune phenotypes, evaluation of high-
risk pathological features, and prediction of survival outcomes and treatment responses 
[41] (Table 2).

5.1  Prediction of genetic markers and immune signatures

Although the detection of novel biomarkers, such as gene mutations or immune pheno-
types, still largely depends on molecular testing technologies, advancements in AI have 
enabled pathomics to directly extract subtle morphological changes from WSIs for accu-
rate prediction. This approach offers significant advantages in terms of cost-effectiveness 
and reproducibility.

Several studies have applied ML techniques to develop PMs that successfully pre-
dict the expression of high-risk genetic features. For example, Zhou et al. [42] dem-
onstrated that their PM could accurately predict the expression of Enhancer of zeste 2 
polycomb repressive complex 2 subunit (EZH2) and its associated prognosis in HCC. 
More recently, teams represented by Yan [43] and Huang [44] reported that emerging 
PM-based scoring systems improved the prediction of TNF receptor superfamily mem-
ber 4 (TNFRSF4) and Angiopoietin-2 (ANGPT2) expression, respectively, also showing 
potential as prognostic biomarkers. Furthermore, bioinformatics analyses revealed that 
high- and low-pathomics scores (PSs) were associated with distinct HCC growth-related 
gene enrichment pathways, vascular endothelial growth factor (VEGF)-related gene 
expression, and levels of immune cell infiltration, suggesting the potential utility of PSs 
in guiding targeted and immunotherapies.

The tumor immune microenvironment (TIME) has garnered increasing attention in 
recent years for its pivotal role in the initiation, progression, and metastasis of HCC. 
Several research groups have utilized WSIs to develop DL-based PMs for predicting 
immune-related features, offering novel insights into HCC immunotherapy. Zeng et al. 
[45] developed a PM capable of predicting the activation of six immune gene signatures 
in HCC, effectively identifying those with high expression who may be more responsive 
to immunotherapy. Another team led by Song developed a PM that automatically esti-
mates immune cell infiltration abundance in HCC, revealing significant differences in 
overall survival (OS) and immune checkpoint expression between high- and low-infil-
tration subgroups [46]. These innovative findings indicate that AI-powered pathomics 
signatures could represent a novel class of biological markers with promising potential 
for the clinical translation of HCC biological insights.

5.2  Prediction of high-risk pathological features

According to the latest HCC management guidelines from the EASL and AASLD [47, 
48], MVI, poor PG, and satellite nodules are traditionally recognized as high-risk patho-
logical features [49]. In recent years, new high-risk pathological phenotypes have been 
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Reference Tasks Study design Number of pa-
tients/WSIs (tiles) 
and validation 
methods

Details and outcome measures

Zhou et al. 
[42]

Gene and sur-
vival prediction

Retrospective, 
public database

Training (TCGA): 187 
pts/WSIs
Internal test (TCGA): 
80 pts/WSIs

Predict overexpression of EZH2 gene 
and OS
Performance: for PM, AUROC of 0.815 
(training) and 0.742 (test) for EZH2 
prediction; for PS, high PS associated 
with worse OS

Yan et al. 
[43]

Gene and sur-
vival prediction

Retrospective, 
public database

Training and internal 
test (TCGA): 267 pts/
WSIs (7: 3)

Predict overexpression of TNFRSF4 
gene and OS
Performance: for PM, AUROC of 0.787 
(training) and 0.723 (test) for TNFRSF4 
prediction; for PS, high PS related to 
unfavorable OS

Huang et al. 
[44]

Gene and sur-
vival prediction

Retrospective, 
single-center, 
and public 
database

Training (TCGA): 188 
pts/WSIs
Internal test (TCGA): 
79 pts/WSIs
External validation: 
91 pts/WSIs

Predict ANGPT2 gene expression and 
OS
Performance: for PM, AUROC of 0.811 
(training), 0.726 (test) and 0.719 
(validation) for ANGPT2 prediction; 
for PS, independent risk factor of OS 
(P < 0.001)

Zeng et al. 
[45]

Immune 
prediction

Retrospective, 
single-center, 
and public 
database

Training and internal 
test (TCGA):
336 pts/349 WSIs 
(6:2:2)
External validation: 
139 pts

Predict activation of 6 immune gene 
signatures
Performance of PM: AUROC of 0.780–
0.914 (internal test) and 0.810–0.921 
(external validation)

Jia et al. [46] Immune 
prediction

Retrospective, 
single-center, 
and public 
database

Training and 
internal test (TCGA): 
354 pts/100 WSIs 
(165293 tiles)
Internal validation 
(TCGA): 7686 tiles
External validation: 
50 pts/1076 tiles

Evaluate immune infiltration of HCC 
tissue
Performance of PM: Accuracy-Micro of 
97.46% and Accuracy-Macro of 82.28%; 
AUROC over 0.95 (both internal and 
external validation sets)

Laurent-
Bellue et al. 
[52]

High-risk 
pathological 
prediction

Retrospective, 
multi-center

Training: 60 pts/399 
WSIs
Internal test: 13 
pts/77 WSIs
Internal validation: 
34 pts
External validation: 
29 pts/32 WSIs

Predict pejorative architectures group 
comprising MVI, poor pathological 
grading, MTM subtype and VETC 
pattern
Performance of PM: accuracy of 0.864 
at patch level and 0.823 at WSI level

Saillard et 
al. [23]

Survival 
prediction

Retrospective, 
single-center, 
and public 
database

Training and internal 
test: 194 pts/390 
WSIs (7800000 tiles)
External validation 
(TCGA): 328 pts/342 
WSIs

Predict OS
Performance of PM: in training set, 
C-index of 0.78 and 0.75 based on 
supervised and unsupervised DL algo-
rithm, respectively; similarly in external 
validation set, C-index of 0.68 and 0.70

Shi et al. 
[54]

Survival 
prediction and 
histological 
classification

Retrospective, 
single-center, 
and public 
database

Training: 501 
pts/1221 WSIs
Internal validation: 
528 pts/970 WSIs
External validation 
(TCGA): 320 pts/WSIs

Predict OS and PFS, and histological 
classification
Performance: for PM, accuracy of 
0.982 (internal) and 0.921 (external) for 
histological classification; for PM-based 
tumor risk score, independent risk fac-
tors of OS (internal and external) and 
PFS (internal) (P < 0.001)

Table 2  Summary of advanced applications for prognostic prediction via pathomics in 
hepatocellular carcinoma
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identified, including the vessels encapsulating tumor clusters (VETC) pattern and the 
macrotrabecular-massive (MTM) subtype [50, 51]. However, traditional assessment 
methods remain time-consuming and subjective, highlighting the potential for AI-based 
pathomics technologies to address these limitations.

While most previous studies on MVI prediction have focused on non-invasive 
radiomics methods, recent research [38–40] has explored pathomics-based predic-
tive approaches, examining the association between pathological phenotypes and MVI. 
These studies provide histological insights into the invasive characteristics of the MVI 
microenvironment. Concurrently, the rapid identification and prognostic evaluation 
of new high-risk pathological features have become key areas of focus. Laurent-Bellue 
et al. [52] recently identified four histological phenotypes that most accurately predict 

Reference Tasks Study design Number of pa-
tients/WSIs (tiles) 
and validation 
methods

Details and outcome measures

Qu et al. 
[56]

Recurrence 
prediction and 
histological 
classification

Retrospective, 
single-center, 
and public 
database

Training: 402 pts/383 
WSIs
Internal validation: 
174 pts/164 WSIs
External validation 
(TCGA): 154 pts/147 
WSIs

Predict RFS and histological subtyping
Performance: for PM, overall accuracy 
of 94.17% for histological subtyping; 
for PS and combined score, AUROC of 
0.837 and 0.857 for 1-year RFS, 0.857 
and 0.852 for 3-year RFS, 0.826 and 
0.845 for 5-year RFS, respectively; for 
PS, C-index of 0.804 (training), 0.739 
(internal) and 0.708 (external)

Liu et al. 
[55]

Recurrence 
prediction

Retrospective, 
multi-center, 
and public 
database

Training (resec-
tion cohort): 552 
pts/57,415 tiles
Internal test 
(transplant cohort): 
144 pts
External validation 
(TCGA): 302 pts

Predict RFS
Performance of PM (MobileNetV2_
HCC_class): time-dependent accuracy 
of 0.631–0.731 (internal test) and 
0.585–0.701 (external validation), time-
dependent AUROC of 0.658–0.736 (in-
ternal test) and 0.641–0.712 (external 
validation)

Zeng et al. 
[60]

Therapeutic 
response and 
recurrence 
prediction

Retrospective, 
single-center, 
and public 
database

Training and internal 
test (TCGA): 336 pts/
WSIs (6: 2: 2)
External validation: 
225 pts/WSIs (resec-
tion cohort), 157 pts/
WSIs (biopsy cohort), 
122 pts/WSIs (biopsy 
plus atezolizumab–
bevacizumab 
cohort)

Predict response to atezolizumab-
bevacizumab (ABRS) and PFS
Performance of PM (ABRS-P): PCC 
of 0.60 (external resection cohort, 
P < 0.0001) and 0.53 (external biopsy 
cohort, P < 0.0001) between ABRS-P 
values and ABRS scores, respectively; in 
external atezolizumab–bevacizumab 
cohort, high ABRS-P value showed 
significantly longer median PFS (12 vs. 
7 months, P = 0.014) than low value

Li et al. [26] Therapeutic 
response and 
recurrence 
prediction

Retrospective, 
single-center, 
and public 
database

Training and internal 
test: 366 pts/724 
WSIs (7: 3)
External validation 
(TCGA): 78 pts

Predict postoperative recurrence and 
response to sorafenib
Performance of PM: AUROC of 0.818 
(internal) and 0.713 (external) for 1-year 
recurrence, that of 0.811 (internal) and 
0.707 (external) for 2-year recurrence, 
respectively; effectively predict thera-
peutic response and survival benefit of 
sorafenib (both P < 0.05)

WSI whole-slide image; pts patients, TCGA the cancer genome atlas, PM pathomics model, PS pathomics score, AUROC 
area under the receiver operating characteristic curve, C-index concordance-index, EZH2 Enhancer of zeste 2 polycomb 
repressive complex 2 subunit, TNFRSF4 TNF receptor superfamily member 4, ANGPT2 Angiopoietin-2, HCC hepatocellular 
carcinoma, OS overall survival, PFS progression-free survival, RFS relapse-free survival, MVI microvascular invasion, MTM 
macrotrabecular-massive, VETC vessels encapsulating tumor clusters, DL deep learning, ABRS atezolizumab–bevacizumab 
response signature, ABRS-P ABRS-prediction, PCC Pearson correlation coefficient

Table 2  (continued) 
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recurrence (MVI, poor PG, MTM subtype, and the VETC pattern) which were collec-
tively categorized as non-pejorative architectures. Using a supervised DL algorithm, 
they developed a PM to identify and quantify these non-pejorative structures, achieving 
an accuracy of 0.864 at the patch level and 0.823 at the slide level. Correlation analysis 
suggested that identifying these structures could serve as an effective surrogate marker 
for MVI, assisting in recurrence risk prediction. This aligned with Chen et al. [40], who 
found that the MTM structure is associated with MVI positivity. More recently, Yu et 
al. [53] developed a DL-based radio-pathomics model using MRI and WSIs to predict 
the VETC pattern in HCC. Their nomogram scoring system enabled risk stratification 
and successfully assessed early recurrence and progression-free survival (PFS). Conse-
quently, the quantitative characteristics of pathomics show promise as alternative bio-
logical markers for high-risk pathological phenotypes, with significant potential for 
clinical translation.

5.3  Prediction of survival and recurrence

Accurate survival prognosis prediction and risk stratification are crucial for treatment 
decision-making in HCC. A high recurrence risk supports the need for adjuvant therapy 
post-surgery, while a high mortality risk may require more aggressive treatment strate-
gies. Notably, pathomics can directly extract both visible and sub-visible features from 
WSIs, offering a comprehensive reflection of survival outcomes.

Saillard et al. [23] developed two PMs based on DL architecture, achieving concor-
dance indices of 0.78 and 0.75 for predicting OS after HCC surgery, both surpassing 
traditional variable-based models in terms of discriminatory ability. They identified 
high-risk pathological features, including the MTM subtype, vascular space, cellular 
atypia, and nuclear pleomorphism, while immune cell infiltration was identified as a 
low-risk feature. Following this, Shi et al. [54] introduced a tumor risk score (TRS) sys-
tem, based on a weakly supervised DL framework, to assess post-operative survival 
prognosis in HCC. The predictive power of the TRS system outperformed that of clini-
cal staging systems. Pathological review confirmed similar findings, identifying features 
such as sinusoidal capillarization, prominent nucleoli and nuclear membrane, nuclear/
cytoplasm ratio, and inflammatory cell infiltration as key potential predictors for TRS. 
The consistency of these results suggests that tissue architecture, cellular morphology, 
and immune response are key pathological features influencing survival prognosis. 
Currently, combined anti-angiogenic therapy and immunotherapy represent first-line 
treatments for advanced HCC [5]. Therefore, TRS holds potential as a biomarker for 
predicting the efficacy of combined therapies.

Subsequent studies primarily employed DL algorithms to develop PMs for predicting 
recurrence risk following HCC resection or transplantation, enabling effective risk strat-
ification [25, 55–57]. For example, Liu et al. [55] found that tumor areas with the high-
est recurrence risk exhibited pathological features such as stroma, high cellular atypia, 
deeply stained nuclei, and a lack of immune cell infiltration, consistent with the findings 
of afore-mentioned studies [23, 54]. Additionally, Qu et al. [56] observed that patients 
with high-risk recurrence scores had a higher proportion of poor PG and MVI, with 
immunohistochemical staining revealing their correlations with local immune cell infil-
tration. These findings underscore the importance of pathomics and the TIME in HCC 
prognosis assessment.



Page 12 of 21Ding et al. Discover Oncology         (2025) 16:1424 

The integration of multi-modal data offers more comprehensive, multi-level, and 
cross-scale biological information, enhancing model prediction accuracy, which repre-
sents the current trend in HCC prediction research (Table 3). For instance, Schmauch 
et al. [57] demonstrated that a bi-modal model combining clinical and pathomics data 
significantly improved the performance of recurrence and survival prediction in HCC. 
Similarly, the dual-modal nomogram developed by Feng et al. [58], which fused MRI 
radiomics and pathomics features, demonstrated the most stable performance in pre-
dicting OS, achieving the highest net benefit. Furthermore, another research team 
developed a multi-modal model integrating clinical variables, radiomics, and pathomics 
features, validating its superior predictive performance over the bi-modal model [59]. 
Thus, the integration of additional data dimensions, such as genomics, transcriptomics, 
and proteomics, into AI-based predictive frameworks represents a promising direction.

Table 3  Summary of pathomics-based multi-modal studies of prognostic prediction in 
hepatocellular carcinoma
Reference Tasks Study design Number of 

patients/WSIs 
(tiles) and vali-
dation methods

Details and outcome measures

Yu et al. 
[53]

High-risk 
patho-
logical and 
survival 
prediction

Retrospective, 
multi-center

Training: 317 pts
Internal test: 137 
pts
External valida-
tion: 124 pts

Predict MTM subtype, early recurrence and PFS
Performance: for PM, AUROC of 0.79 in predict-
ing MTM subtype; for combined nomogram 
model (radio-pathomics), C-index of 0.60 (in-
ternal) and 0.67 (external) for early recurrence, 
AUROC of 0.81 (internal) and 0.78 (external) for 
3-year PFS, respectively

Qu et al. 
[25]

Recur-
rence 
prediction

Retrospective, 
single-center

Training: 256 
pts/302 WSIs
Internal valida-
tion: 124 pts/193 
WSIs

Predict TTR and RFS after transplantation
Performance: for PS, C-index of 0.827 (training) 
and 0.794 (validation), AUROC of 0.861 and 
0.795 for TTR and RFS, respectively; for com-
bined score (PS plus clinical features/clinico-
pathomics), C-index of 0.849 (entire cohort)

Schmauch 
et al. 2024 
[57]

Recur-
rence and 
survival 
prediction

Retrospective, 
multi-center

Training and inter-
nal test: 194 pts
External valida-
tion: 169 pts/385 
WSIs (resection 
cohort), 300 
pts/300 WSIs 
(transplant 
cohort)

Predict RFS and DSS
Performance of combined model (clinico-
pathomics) proved superior to PM: C-index 
of 0.64 and 0.77 for RFS and DSS in resection 
cohort, respectively, and that of 0.76 and 0.77 
in transplant cohort

Feng et al. 
[58]

Survival 
prediction

Retrospective, 
single-center

Training and inter-
nal validation: 126 
pts (7: 3)

Predict OS
Performance of combined nomogram model 
(radio-pathomics) with most robustness: C-
index of 0.840 (training) and 0.875 (validation); 
time-dependent AUROC of 0.899 (training) 
and 0.875 (validation)

Xie et al. 
[59]

Recur-
rence 
prediction

Retrospective, 
single-center

Training and inter-
nal test: 107 pts

Predict early recurrence
Performance of multi-modal model (clinico-
radio-pathomics) outperforming bi-modal 
models: AUROC of 0.743–0.863; and for best 
algorithm SVM, AUROC of 0.863, accuracy of 
0.784, sensitivity of 0.731 and specificity of 
0.826

WSI whole-slide image; pts patients, PM pathomics model, PS pathomics score, AUROC area under the receiver operating 
characteristic curve, C-index concordance-index, MTM macrotrabecular-massive, OS overall survival, PFS progression-free 
survival, TTR time to recurrence, RFS relapse-free survival, DSS disease-specific survival, SVM support vector machine
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5.4  Prediction of therapeutic response

Treatment options for unresectable HCC have become increasingly diversified, encom-
passing local-regional approaches and systemic therapies, particularly targeted ther-
apy and immunotherapy [5]. However, these therapies are only effective for a subset 
of patients and may cause adverse effects in non-responders. Pathomics facilitates the 
identification of structural characteristics and transformation features in HCC tissues, 
enabling the exploration of predictive biomarkers for positive therapeutic responses. 
This approach aids in the precise identification of potential responders, thereby mini-
mizing adverse effects in non-responders.

Zeng et al. [60] developed the PM, termed ABRS-P, which accurately evaluates the 
expression of the atezolizumab–bevacizumab response signature (ABRS) in HCC, fur-
ther validating its potential as a novel biomarker for predicting PFS. Subsequent spa-
tial transcriptomics analysis demonstrated that multiple immune-related factors were 
upregulated in patients with high ABRS-P scores. ABRS-P enhances immunotherapy 
precision in a simple and cost-effective manner, supporting personalized management 
of HCC. Li et al. [26] recently employed denoised recurrence labels at various thresholds 
to train the prognostic PM and named it CNN-SASM, which accurately stratified the 
risk of patients with HCC undergoing sorafenib therapy and effectively predicted sur-
vival benefits.

Currently, two primary methods are used to evaluate treatment responses based on 
WSIs. One involves utilizing pathomics to predict known treatment response-related 
molecular features, such as the ABRS [60]. Therefore, AI-assisted exploration of immune 
gene features associated with therapeutic responses in the TIME holds significant clini-
cal translational value [45, 46]. The second method predicts treatment responses directly 
from WSIs. Although the latter is the preferred approach, such “end-to-end” workflows 
require training on large-scale cohorts with known treatment responses, as demon-
strated in the sorafenib response study [26]. Due to limited access to such data, studies 
of this nature remain relatively rare, and the full potential of pathomics in predicting 
therapeutic responses has yet to be fully realized.

6  The emergence of pathological foundation models
Recent years have witnessed rapid advancements in large models, particularly in natu-
ral language processing and image/video analysis, often referred to as “foundation mod-
els”. These neural network architectures are pre-trained on extensive general data and 
can be fine-tuned for various downstream tasks. With the increasing demand in clinical 
diagnosis and research, medical foundation models have emerged as a prominent topic 
in AI research. By pre-training on large-scale WSI data, pathological foundation mod-
els (PFMs) can accurately and efficiently assist in pathological diagnosis, feature analy-
sis, and treatment decision-making. This not only reshapes the research landscape in 
pathology but also holds transformative potential for clinical translation [10]. However, 
the diversity of tasks and data heterogeneity in pathology renders a single PFM insuffi-
cient for all applications. Consequently, their primary value lies in accelerating the devel-
opment of specialized vertical models for specific downstream tasks. Recent studies 
published in J Clin Oncol exemplify this trend, such as a specialized foundation model 
(abbreviated as DINOPath) for predicting survival prognosis and treatment benefits in 
patients with gastrointestinal cancers [61], and a multi-modal model (termed ArteraAI 
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Prostate Test) for accurately predicting long-term benefits of androgen deprivation ther-
apy in high-risk patients with prostate cancer [62]. Similarly, there is an urgent need for 
vertical, task-specific foundation models in HCC.

The development of PFMs advanced significantly with the emergence of self-super-
vised learning. Numerous research outcomes have been published in leading journals 
such as Nature and Nat Med, including models like PLIP, Virchow, CONCH, UNI, Prov 
GigaPath, PRISM, PathChat, CHIEF, PathoDuet, and PathOrchestra [63]. Recently, mod-
els such as TITAN [64], mSTAR [65], BEPH [66], and MUSK [67] have been developed 
for additional downstream tasks. Interactive visual-language intelligent assistant models 
like PathChat [68] and PathAsst [69], known as “real-time pathology assistants,” are also 
gaining prominence. PFMs are now evolving from “tool-based” to “cognitive-based” sys-
tems, with the future objective of creating universal generalist models (also described 
as AI agents) that combines both general and specialized capabilities. These AI agents, 
integrating various specially trained vertical models, will be capable of understanding 
user instructions, making autonomous decisions, and selecting the appropriate tools to 
perform specific tasks, ultimately automating the entire pathological pipeline (Fig. 2).

7  Challenges and future perspectives of pathomics in HCC
Despite the promising potential of AI-empowered pathomics in HCC diagnosis and 
prognosis, several challenges still persist across its entire workflow from data collection 
and model development to clinical translation. The following six sections will provide a 
critical analysis and future outlook, identify research gaps, and propose corresponding 
solutions.

7.1  Data heterogeneity and scarcity

High-quality, multi-center WSI datasets are essential for developing PMs with robust 
generalizability. However, significant variability in scanner hardware, staining proto-
cols, image preprocessing pipelines, and annotation standards across institutions leads 
to severe domain shifts when models are applied across centers [70]. Although public 
repositories such as TCGA and the Clinical Proteomic Tumor Analysis Consortium 
(CPTAC) offer large collections of HCC WSIs, they underrepresent rare histologi-
cal subtypes and lack standardized metadata, limiting their effectiveness in training on 
diverse samples [22, 70]. Weakly supervised and unsupervised annotation methods can 
reduce the costs of manual labeling but are typically validated only on small, single-cen-
ter cohorts, while crowdsourced annotations introduce inter-observer variability that 
undermines data consistency [54, 71, 72].

To address these gaps, coordinated efforts are needed in annotation standards, col-
laborative training, and data sharing. First, an international WSI annotation consortium 
should be established to harmonize annotation workflows, implement multi-tiered qual-
ity audits, and define a unified metadata schema. Second, unified guidelines for stain-
ing, scanning resolution, color normalization, and artifact filtering must be developed 
and promoted, leveraging automated quality control tools such as GrandQC [73]to 
minimize source-level heterogeneity [74]. Third, privacy-preserving distributed train-
ing frameworks like federated learning and swarm learning should be adopted to enable 
collaborative model optimization without exchanging raw data [70]. Finally, collabora-
tion between researchers, healthcare institutions, and industry partners is essential to 
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develop and publicly share multi-modal external validation cohorts integrating clinical, 
molecular, and imaging data. This will provide benchmarks for fair algorithm evaluation 
and ultimately enhance model generalization and clinical applicability.

7.2  Model transparency and interpretability

Although DL models have achieved continual breakthroughs in pathomics for HCC, 
their “black-box” nature remains a major barrier to clinical adoption. The lack of inter-
pretable decision-making processes erodes the trust of clinicians and patients in these 
tools [75]. Common visualization techniques, such as Gradient-weighted Class Activa-
tion Mapping (Grad-CAM), SHapley Additive exPlanations (SHAP), and Concept Acti-
vation Vectors (CAVs), can highlight regions or cellular structures on which the model 
focuses. However, these techniques fall short in quantitatively linking these regions to 
underlying molecular pathways, gene expression, or patient outcomes, limiting their 
ability to fully restore confidence in AI-driven decisions [54, 60, 72, 75]. Moreover, rely-
ing solely on statistical metrics like AUROC and accuracy fails to capture a model’s true 
clinical utility in real-world decision-making contexts.

To achieve genuinely useful explainability, several key advancements are required. 
First, we need to develop a multi-scale, quantitative interpretability framework that not 
only visualizes tumor regions of interest but also integrates molecular pathway and gene 
expression data. This would help quantify the relationship between image features and 
biological mechanisms [54]. Concurrently, real-world cohort studies should incorporate 
clinical utility metrics such as DCA, clinical impact curves (CIC), and net benefit, to 
assess how different explainability methods contribute to decision support [71]. Notably, 
a human-in-the-loop design is also indispensable; by iteratively incorporating patholo-
gists’ expertise into model refinement and visualization workflows, we can significantly 
enhance interpretability and trust [76]. Finally, as regulatory bodies like the Food and 
Drug Administration (FDA) and European Medicines Agency (EMA) increasingly man-
date explainability for AI systems, it is imperative to establish a unified reporting stan-
dard. Developers need to provide specific types of interpretability evidence to meet 
clinical trial and approval requirements [77]. By implementing these measures, PMs of 
HCC can maintain high performance while becoming truly interpretable, verifiable, and 
deployable.

7.3  Ethical issues and regulatory frameworks

The clinical implementation of AI-driven pathomics presents significant ethical and 
regulatory challenges that require thorough consideration [24]. Patient privacy and data 
security are of paramount concerns, with stringent regulations such as Health Insur-
ance Portability and Accountability Act (HIPAA) in the United States (US) and General 
Data Protection Regulation (GDPR) in the European Union (EU) mandating robust safe-
guards, including data encryption, access control, and de-identification [78]. However, 
obtaining meaningful informed consent is complicated by the often opaque, “black-box” 
nature of AI algorithms, which limits patients’ understanding of how their data is used 
and how AI contributes to clinical decisions. Therefore, enhancing transparency and 
explainability in AI models is essential to uphold patient autonomy and build trust. Fur-
thermore, ethical review is crucial​ in validating the legitimacy of medical research, and 
these issues must be addressed during the research design phase [79].
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Algorithmic bias is another critical concern that can lead to inequitable healthcare out-
comes. Biases may arise from unrepresentative training datasets or inherent flaws in AI 
model design, potentially disadvantaging certain patient groups [80]. To mitigate these 
risks, it is necessary to employ diverse and inclusive datasets, continuously monitor AI 
performance across different populations, implement fairness metrics during model 
evaluation, and adhere to the bias assessment frameworks outlined by TRIPOD-AI and 
PROBAST-AI during reporting [77]. These measures are vital to ensure that AI applica-
tions do not inadvertently perpetuate or exacerbate existing healthcare disparities.

From a regulatory perspective, agencies such as the US FDA, EMA in EU, and 
National Medical Products Administration (NMPA) in China have developed adaptive, 
risk-based frameworks to evaluate AI software as Software as a Medical Device (SaMD). 
These frameworks cover pre-market validation, risk classification, and post-market sur-
veillance to ensure safety and efficacy [78]. However, regulatory heterogeneity across 
jurisdictions impedes the global deployment of AI tools, and there is still no compre-
hensive lifecycle management guidance addressing issues such as “post-approval model 
re-certification” and “continuous online monitoring”. In response, the SPIRIT-AI Exten-
sion [81] and CONSORT-AI Extension [82] have supplemented clinical trial design and 
reporting guidelines for AI interventions, while the FUTURE-AI consensus has further 
underscored best practices for developing trustworthy and deployable AI [83]. Mov-
ing forward, it is imperative to establish full-process regulatory policies that encompass 
model development, clinical validation, deployment, and maintenance. These policies 
must clearly delineate the responsibilities and authorities of AI developers, healthcare 
providers, and regulatory bodies, striking a balance between innovation and patient 
safety.

7.4  Industry standards and platform construction

Current guidelines such as TRIPOD-AI and PROBAST-AI provide robust frameworks 
for reporting and bias assessment in AI predictive model research [77]; however, they 
do not address the multi-modal quality control of WSIs or the need for continuous 
online monitoring. To support end-to-end deployment, digital pathology platforms 
must implement a complete ML operations (ML-Ops) workflow encompassing data 
acquisition and preprocessing, model development and deployment, clinical integration, 
and ongoing maintenance [22, 84]. At the data level, it is essential to adopt unified WSI 
quality standards and leverage automated tools such as GrandQC [73] to verify scan-
ning resolution, color consistency, and artifact presence [74, 85]. At the algorithm level, 
platforms should support continuous learning and real-time performance surveillance 
to detect data drift and automatically initiate model retraining or revalidation, thereby 
ensuring sustained safety and efficacy across evolving data environments [84].

Commercial implementation further requires clear policies on cost allocation and 
intellectual property. Platforms ought to include compliance-management modules 
that delineate each stakeholder’s rights and responsibilities regarding data use, model 
updates, and revenue sharing. Furthermore, a dedicated certification standard for 
pathomics-based SaMD should be developed. This standard must cover software-life-
cycle management, cybersecurity safeguards, user-access controls, and audit-logging 
requirements, in order to satisfy the specific evaluation criteria of regulators such as 
the FDA, EMA, and NMPA [78]. By building end-to-end, scalable, and compliant AI 
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platforms for digital pathology, institutions can more readily share pathomics innova-
tions and accelerate their translation into real-world clinical practice.

7.5  Roadmap for external validation and clinical translation

Recognizing the persistent challenges in AI-driven pathomics for HCC, and build-
ing upon the research gaps identified above, we propose a six-step roadmap to address 
these unmet needs. First, an international WSI-annotation and data-sharing consortium 
should be established. This consortium will harmonize image-quality criteria, metadata 
standards, and annotation protocols. By adopting privacy-preserving learning (e.g., fed-
erated learning), it can facilitate multi-center model development without exchanging 
raw data. Second, standardized preprocessing and feature-extraction pipelines must 
be defined. These pipelines should cover tissue preparation, slide scanning parameters, 
color normalization, artifact filtering, and pathomics-feature computation, ensuring 
that extracted features are reproducible and comparable across centers. Third, a uni-
fied multi-modal interpretability framework should be developed. This framework will 
quantitatively link histopathological features with molecular pathways, gene-expression 
profiles, and complementary imaging modalities to produce transparent, explainable AI 
outputs that clinicians can trust.

Fourth, well-designed prospective, multi-center validation must be performed. 
Embedding models into clinical trials across diverse institutions will enable systematic 
collection of multi-dimensional endpoints including diagnostic accuracy, cost-effective-
ness, and human-AI collaboration efficiency, thereby demonstrating real-world clini-
cal utility. Fifth, robust ML-Ops infrastructure and SaMD regulatory pathways should 
be implemented. These end-to-end pipelines should cover data ingestion, model train-
ing, deployment, continuous performance monitoring, and automated retraining or 
revalidation, alongside compliance modules for cybersecurity, user-access control, and 
commercialization requirements. Finally, deployment-phase monitoring with formal re-
certification triggers is essential. Real-time surveillance to detect data drift and perfor-
mance degradation should automatically initiate model updates or retraining, thereby 
ensuring ongoing compliance with SaMD lifecycle regulations.

By integrating these elements into a cohesive strategy that spans consortium forma-
tion, pipeline standardization, interpretability, prospective validation, ML-Ops com-
pliance and continuous monitoring, AI-driven pathomics for HCC can accelerate 
translation from proof of concept to routine practice.

8  Conclusion
Looking ahead, AI-driven pathomics holds the promise to revolutionize HCC diagno-
sis, treatment planning, and prognostic evaluation. However, key barriers including data 
heterogeneity, the absence of standardized workflows, regulatory and ethical uncertain-
ties, and the need for robust clinical validation remain to be addressed. By improving 
dataset quality and sharing, unifying metadata and annotation standards, establishing 
industry-wide guidelines and compliant platform infrastructures, conducting large-scale 
prospective multimodal studies, and continuously refining PFMs, we can accelerate the 
translation of pathomics into routine clinical practice. Ultimately, these concerted efforts 
will enable precise, personalized management of HCC and improve patient outcomes.
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