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Abstract
Hepatocellular carcinoma (HCC), a leading cause of cancer mortality, faces diagnostic and therapeutic challenges due to its histopathological complexity and clinical heterogeneity. Pathomics, an emerging discipline that integrates artificial intelligence (AI) with quantitative pathology image analysis, aims to decode disease heterogeneity by extracting high-dimensional features from histopathological specimens. This review highlights how AI-driven pathomics has revolutionized liver cancer management through automated analysis of whole-slide images. Pathomics integrates deep learning with histopathological features to enable precise tumour classification (e.g., HCC vs cholangiocarcinoma), microvascular invasion (MVI) detection, recurrence risk stratification, and survival prediction. Advanced frameworks such as MVI-AI diagnostic model and CHOWDER demonstrate high accuracy in identifying prognostic biomarkers, whereas multiomics integration links morphometric patterns to molecular signatures (e.g., EZH2 expression and immune infiltration). Despite these breakthroughs, critical bottlenecks persist, including limited multicentre validation studies, "black box" model interpretability, and clinical workflow integration. Future studies should emphasize AI-enhanced multimodal fusion (radiogenomics and liquid biopsy) and standardized platforms to bridge computational pathology and precision oncology, ultimately improving personalized therapeutic strategies for liver malignancies. This synthesis aims to guide research translation and advance personalized therapeutic strategies for liver malignancies.
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Core Tip: Artificial intelligence (AI)-powered pathomics revolutionizes liver cancer management by decoding histopathological patterns through the use of deep learning models such as microvascular invasion (MVI)-AI diagnostic model and CHOWDER, which excel in detecting MVI, immune biomarkers, and prognostic features. The integration of multiomics data links tumour morphology with molecular pathways (e.g., EZH2 dysregulation and immune evasion). Key challenges persist in model generalizability, interpretability, and clinical integration. Future advancements will require cross-modal AI systems combining radiogenomics and liquid biopsy alongside standardized platforms to translate pathomics results into personalized therapeutic strategies for hepatocellular carcinoma and metastatic liver malignancies.

INTRODUCTION
[bookmark: OLE_LINK1]Cancer remains a critical challenge to global public health, accounting for one-sixth of all deaths worldwide and nearly one-quarter of fatalities attributed to noncommunicable diseases (NCDs). Recent estimates indicate 19.96 million new cancer cases and 9.74 million cancer-related deaths globally in 2022, with cancer now driving premature mortality more than any other NCD[1,2]. Hepatocellular carcinoma (HCC), the predominant form of liver cancer representing over 80% of primary liver malignancies, demonstrates particularly alarming global disparities[3,4]. It ranks among the top three causes of cancer mortality in 46 countries and appears in the top five in 90 nations, reflecting its disproportionate burden across diverse populations[5,6]. Despite decades of research advancing liver cancer screening, diagnostic imaging, and multimodal treatment[7,8], the overall prognosis remains poor. Persistent gaps in early risk prediction strategies and marked variability in treatment responses continue to hinder progress[9]. Although traditional histopathological evaluation remains the gold standard for liver cancer diagnosis, the inherent limitations of histopathological evaluation, including a reliance on subjective interpretation, time-intensive analytical processes, and substantial interobserver variability[10], underscore the critical technological bottlenecks hindering the advancement of precision medicine in HCC management.
The emergence of artificial intelligence (AI) has opened transformative avenues to address these diagnostic challenges. By leveraging machine learning (ML) and deep learning (DL) architectures, AI has demonstrated remarkable ability in deciphering latent pathological patterns from multimodal medical datasets encompassing radiological, histological, and histopathological imaging. This technological breakthrough is revolutionizing precision oncology through three pivotal pathways: (1) Automated biomarker identification from complex feature spaces; (2) Development of prognostic prediction models with increased temporal validity, and (3) Data-driven optimization of tailored therapeutic strategies[11,12]. The strategic integration of digital imaging technologies with AI has catalysed the emergence of pathomics as a transformative discipline in computational pathology. This paradigm shift is operationalized through high-resolution whole-slide imaging systems that digitize histopathological samples at nanoscale resolution coupled with convolutional neural network (CNN)-based architectures that enable systematic quantification of morphometric signatures. Through this technological convergence, traditional diagnostic paradigms are being redefined, transitioning from subjective morphological descriptions to standardized, mathematically reproducible assessments that increase diagnostic reproducibility while enabling predictive biomarker discovery[13]. Whole-slide imaging-based AI models not only achieve diagnostic concordance with senior pathologist assessments[14] but also predict molecular marker status[15], identify driver mutations[16] and assess treatment response[17], substantially expanding the informational dimensions of traditional pathology.
The core strengths of pathomics are its high throughput, objectivity and scalability. By automating the screening of benign samples[18], this system can optimize the pathology workflow and direct resources towards complex cases; the standardized analytical framework of pathomics reduces interobserver variation[19], and its remote diagnostic function[20] compensates for the geographic imbalance of medical resources. With the popularization of scanning equipment for whole-slide imaging[21], pathomics has gradually transformed from scientific research to clinical practice, marking the entry of liver cancer diagnosis and treatment into the new era of “digital intelligent pathology”.
In this review, the progress of AI and pathomics in the diagnosis, individualized treatment and prognosis of liver cancer was systematically described; the current technological bottlenecks were analyzed; and the potential for clinical translation and future development were explored, with the aim of providing a theoretical basis for the innovation of precision medicine in liver cancer. Table1 lists studies included in the review.

PATHOMICS WORKFLOW
The pathomics analysis workflow consists of three main steps: Region of interest (ROI) selection, colour normalization, and extraction and analysis of pathomics features. First, after collecting and scanning pathology images, the ROIs are labelled manually or automatically. Second, DL features (low-, intermediate- and high-level features) and hand-designed features (morphological, textural, statistical and other features) are extracted from these images through a series of image preprocessing steps (e.g., ROI segmentation, meshing, block extraction and colour normalization). Finally, meaningful features are analysed by ML or DL algorithms, and disease states are classified or predicted according to different tasks. Figure 1 illustrates the pathomics workflow. 

ROI selection and colour normalization
The initial step in pathomics analysis involves outlining ROIs on a whole-slide image (WSI) to identify areas that need to be processed or analyzed. Since the WSI contains a wealth of information, processing the entire WSI is computationally intensive and time consuming and may contain irrelevant or confusing information. Defining ROIs reduces computational costs and improves the quality of analysis by narrowing analysis to the most relevant areas of the image. In addition, defining ROIs allows for the extraction of representative and unique features, which can help identify, classify, or predict disease states. Therefore, effective ROI contouring and appropriate plot extraction are important factors to consider in pathological image analysis.
ROIs can be outlined manually or by automation. Professional pathologists generally use specialized software such as Qupath[22] and ASAP for manual outlining, which is accurate and flexible but time-consuming, subjective, and unrepeatable. Automated outlining methods utilize algorithms to achieve automatic or semiautomatic delineation of ROIs, which requires image preprocessing and the identification and location of ROIs using specific algorithms. Automation saves human resources, improves consistency and repeatability, and adapts to large-scale data processing. However, automated methods may not be able to effectively handle image quality differences, complex backgrounds, and variable target morphologies. To improve the performance and robustness of automated methods, tissue classifiers[23-25] for automatic classification have been proposed and have shown good overall performance. The different ROI outlining schemes have their own advantages and disadvantages. Choosing the right method for different needs is critical to achieve efficient and accurate ROI outlining.
During the preparation of liver tissue sections, colour differences in WSIs from different laboratories are inevitable, even when the same staining protocol is used, which limits the ability of the algorithm to generalize. Factors contributing to colour variation include differences in staining time, concentration and pH of the staining solution, and differences in staining platforms and scanner models[26]. Therefore, researchers have proposed various normalization techniques to reduce the effect of image colour variations on the trained model.
[bookmark: OLE_LINK2]
Extraction and analysis of pathomics features
The purpose of feature extraction in pathomics is to transform complex, high-dimensional and diverse image data into simplified low-dimensional feature vectors. Traditional and DL methods have been developed for feature extraction. Traditional methods rely heavily on domain expertise to design and select suitable feature descriptors. These descriptors include first-order features (e.g., shape, size, texture, and colour distributions) and second-order features, such as colour histograms and grayscale co-occurrence matrices, which are derived from intermediate computational matrices and statistical formulations.
These hand-crafted features are commonly employed in traditional ML models, such as support vector machines (SVMs) and random forests, for tasks such as tumor classification and prognostic analysis[27-29]. However, these approaches depend heavily on prior domain expertise and may fail to capture nuanced, high-level patterns inherent in histopathological data. In recent years, DL methods have gained popularity for their ability to automatically learn feature representations using neural network models such as CNNs. These methods adaptively extract abstract and high-level features from many pathology images and optimize both features and classifiers. DL methods have surpassed traditional approaches in pathology image analysis[30], demonstrating the ability to identify discriminative features that may elude human experts. However, as model architectures increase in depth, the learned representations become increasingly abstract and suffer from limited interpretability at the individual feature level—a challenge that is compounded by the inherent complexity of neural networks[19]. Recent studies[31,32] have introduced hybrid methodologies that integrate handcrafted features with DL-derived representations. This combined approach has demonstrated superior detection accuracy compared with the use of either feature type alone, capitalizing on the complementary strengths of both manual feature engineering and data-driven hierarchical learning.
The high dimensionality and redundancy of features extracted from pathology images pose a significant risk of overfitting. To mitigate this risk, techniques such as feature selection and dimensionality reduction, which are critical for isolating the most discriminative and representative features while preserving model generalizability, are used. Standard dimensionality reduction techniques include principal component analysis (PCA) and linear discriminant analysis (LDA)[33,34]. PCA, an unsupervised learning method, reduces high-dimensional data to a low-dimensional subspace through a linear transformation that preserves the maximum variance of the original dataset. In contrast to unsupervised methods such as PCA, LDA is a supervised learning technique that projects data into a lower-dimensional space to maximize interclass separability. After completing feature selection and dimensionality reduction, a wide range of algorithms—from traditional ML models (e.g., logistic regression, decision trees, SVMs) to advanced DL architectures—can be used to analyze pathology images, enabling robust disease risk stratification and diagnostic prediction. Optimal algorithm selection hinges on data characteristics and task objectives: Decision trees are preferred for scenarios demanding model interpretability, whereas deep neural networks excel in high-accuracy prediction tasks where precision is paramount. Beyond predictive applications, analyzing correlations between selected features and clinical outcomes can elucidate latent pathomechanisms and inform therapeutic strategies, bridging the gap between computational analysis and actionable biomedical insights. Correlation analysis, cluster analysis, factor analysis and ML algorithms are the common analytical methods. By identifying relevant features and biomarkers, we can better understand the pathogenesis of diseases and develop effective treatment plans.
[bookmark: OLE_LINK3]
Interpretability of DL models: Enhancing clinical trust and application with advanced tools
[bookmark: OLE_LINK4]While DL has demonstrated exceptional performance in fields such as medical image analysis, disease prediction, and personalized treatment, its inherent "black box" nature—referring to the opaque internal decision-making logic of the models—remains one of the primary obstacles to its widespread adoption in clinical practice. Merely recognizing this limitation is insufficient, it is crucial to explore and apply advanced interpretability tools to bridge the gap between the predictive capabilities of DL models and their clinical trustworthiness. A variety of advanced interpretability techniques developed in recent years, such as Attention Maps, Gradient Weighted Class Activation Mapping (Grad-CAM), and SHapley Additive exPlanations (SHAP), provide powerful means to understand the decision-making process of DL models.
[bookmark: OLE_LINK7]Attention mechanisms[35] and attention maps[36] were initially successful in the field of natural language processing and are now widely used in visual tasks such as medical image analysis. By mimicking the allocation of attention in human vision or cognition, these mechanisms allow the model to dynamically focus on the most relevant parts of the input data (e.g., medical images or electronic health record text) when making predictions. The generated attention maps can visualize regions or features that the model "focuses on" when making specific diagnoses or predictions (e.g., suspicious lesion areas in medical imaging, or critical descriptive terms in clinical text). This provides an intuitive explanation for the model's decision-making process, enabling researchers and clinicians to verify whether the model bases its judgments on medically logical characteristics. 
Grad-CAM[37], a popular visualization technique specifically designed for CNNs, is particularly useful in medical image analysis. By leveraging gradient information from backpropagation, Grad-CAM calculates the importance of feature maps in the final convolutional layer for specific class predictions (e.g., "malignant tumors"). By combining these importance weights with feature maps, a coarse localization map can be generated (typically superimposed on the original image as a heatmap), highlighting the image regions that contribute most significantly to the final prediction. This enables physicians to visually identify the specific regions in the image (e.g., tumor areas, abnormal textures) that the model relies on for decision-making, thereby validating whether the diagnostic rationale aligns with clinical expertise and identifying potential causes of false positives or negatives.
[bookmark: OLE_LINK12]SHAP[38] provides a model-agnostic interpretation framework based on Shapley values from game theory. Its core idea is to attribute the model's prediction output to the contribution values (SHAP values) of each input feature. These values quantify how each feature (e.g., patient age, specific gene expression levels, pixels/regions in medical images) drives the specific prediction outcome—either positively or negatively—relative to a baseline prediction. SHAP not only provides global feature importance rankings but also generates personalized explanations for individual cases, precisely identifying which factors and to what extent they influenced the prediction outcome for a specific patient. This granular attribution capability is particularly valuable for understanding individualized risk prediction, detecting complex interactions, and interpreting complex models that incorporate multimodal data (e.g., clinical, imaging, and omics data).
[bookmark: OLE_LINK14]In summary, advanced interpretability tools such as Attention Maps, Grad-CAM, and SHAP have opened the "black box" of DL models. These tools not only enhance model transparency and foster clinicians' trust and acceptance of model outputs but also aid in model debugging, uncovering potential data biases, and even revealing novel biomarkers or disease mechanisms. In the medical field, the responsible development and deployment of DL technologies must incorporate these interpretability methods as a core component, ensuring the accuracy and reliability of the model's decision-making processes and ultimately serving the goal of improving patient care.

AI IN LIVER CANCER PATHOMICS
Use of pathomics in the diagnosis and classification of liver cancer
HCC and intrahepatic cholangiocarcinoma (iCCA) are the most prevalent subtypes of primary liver cancer. These malignancies occupy opposite ends of the primary liver cancer spectrum, exhibiting distinct risk factors, clinical outcomes, treatment approaches, and molecular/genetic profiles[39,40]. Combined HCC–cholangiocarcinoma (cHCC-CCA), a rare neoplasm with overlapping features of both HCC and iCCA, occupies an intermediate position between these two entities. Histological analysis remains the gold-standard diagnostic method for the confirmation of iCCA and cHCC-CCA, as histological analysis enables precise differentiation of the biphenotypic characteristics of these diseases[41-43]. However, most cases present ambiguous features and cannot be easily categorized as HCC or iCCA; therefore, methods for the accurate diagnosis and classification of primary liver cancer are urgently needed. With the rapid development of AI technology, pathomics shows promising potential in the field of precision diagnosis and treatment of liver cancer. WSIs[44,45] capture intricate histological details, including patterns imperceptible to human eyes. AI, particularly DL algorithms, can decode these complex morphological features through computational analysis of tiled WSIs, thereby leveraging latent information across multiple scales. Driven by advancements in AI technology, pathomics has emerged as a transformative tool, revolutionizing precision diagnosis and therapeutic strategies in liver cancer management.
To address the clinically important challenge of differentiating benign from malignant liver nodules, Cheng et al[46] developed the HnAIM DL system, which integrates the ResNet50, InceptionV3, and Xception networks into an ensemble architecture. This framework enables automated classification of hepatocellular lesions on histopathological slides from surgical and biopsy samples, achieving a 93.5% area under the curve (AUC) in external validation, which surpasses the diagnostic accuracy of pathologists with varying experience levels. This system not only visualizes the proportion of lesion distribution but also shortens the diagnostic time and provides a new perspective for the study of multistage carcinogenesis of the liver. However, the utility of this system in discriminating between well-differentiated HCC (WD-HCC) and precancerous lesions remains constrained by limitations in sample size and model interpretability.
Given the clear distinction between benign and malignant lesions, the study by Aatresh et al[47] focused on the refined diagnosis of liver cancer. The authors developed LiverNet, which uses an atrous spatial pyramid pooling module to grade HCC histological differentiation levels with 90.93% accuracy. With a streamlined architecture comprising only 0.5739M parameters, this lightweight framework demonstrates exceptional translational potential for clinical deployment, balancing diagnostic precision with computational efficiency. Similarly, Sun et al[48] strategically integrated transfer learning with multiexample learning to enable histopathological image classification using only slide-level labels, establishing a label-efficient paradigm to mitigate the scarcity of annotated data in computational pathology. Notably, Liao et al[49] developed a CNN-based platform leveraging datasets from The Cancer Genome Atlas (TCGA) and West China Hospital, achieving flawless diagnostic performance (AUC = 1.000) for WSI analysis. In addition to diagnostic precision, the study pioneered a transformative association model linking histomorphometric features to somatic mutations, thereby expanding the use of pathomics from traditional diagnostic frameworks to molecular subtyping in oncology research.
Advancements in diagnostic systems have driven histopathological subtyping of HCC as an emerging frontier in oncological research. Beaufrère et al[50] developed a weakly supervised DL model to differentiate HCC from iCCA using routinely stained histopathology slides. Their framework also quantified the compositional ratios within cHCC-CCA, providing an objective framework for tumour heterogeneity assessment and improving diagnostic precision for these challenging tumours. In contrast to single-modality approaches, Dong et al[51] developed the FuNet fusion strategy, which outperforms conventional single-model architectures in the histological subtyping of HCC through the synergistic integration of multimodal imaging features. The channel-spatial attention mechanism of FuNet effectively improves the feature characterization capability. Notably, Kiani et al[52] developed a DL-based decision support system to assist pathologists in differentiating HCC from CCA on haematoxylin–eosin (HE)-stained WSIs. Their study revealed a critical duality in AI-assisted diagnostics: While accurate model predictions significantly improved diagnostic concordance among pathologists (P = 0.000), erroneous predictions systematically introduced diagnostic bias. This finding underscores the need for a robust quality assurance framework. The Faster RCNN model developed by Liu et al[53] for diagnosing primary clear cell carcinoma of the liver (PCCCL), a rare subtype of HCC, highlights the indispensable role of histopathological analysis in identifying unique cancer subtypes. The model demonstrated exceptional diagnostic accuracy (96.2%) and ultrahigh efficiency, processing each case in just 4 s, thereby reinforcing its potential value for rapid, precise classification in complex histopathology workflows.
Despite significant advancements in existing research, three key challenges persist. First, most models are trained on single-center, small-sample datasets, highlighting the urgent need for multicenter collaboration to establish standardized validation frameworks. Second, a fundamental tension exists between the "black-box" nature of DL and clinical interpretability requirements, necessitating advances in feature visualization and decision-tracing methodologies. Third, seamlessly embedding AI-assisted tools into clinical workflows remains an unresolved challenge, requiring solutions to system-level engineering issues such as human‒computer interaction optimization, standardized quality control protocols, and workflow adaptability. Future research should prioritize the development of intelligent diagnostic systems grounded in multimodal data fusion and the synthesis of pathomics with genomic, proteomic, and broader multiomics datasets to advance liver cancer care towards precision-personalized medicine.

Application of pathomics in the prediction of recurrence in HCC patients
[bookmark: _Hlk192102050]Postoperative recurrence of HCC is a fatal threat to patient survival. Statistically, approximately 50%-70% of HCC patients develop recurrent metastasis within 5 years after radical resection[54]. Early recurrence (within 2 years after surgery) is mostly associated with pathological features such as microvascular invasion (MVI) and the immune microenvironment, whereas late recurrence is closely related to neoplastic or cirrhotic progression. The unpredictability of recurrence results in not only delayed treatment but also a significant decrease in patient survival; therefore, the development of accurate and dynamic recurrence risk assessment tools is urgently needed.
MVI is defined as microscopically observed nests of cancer cells in the portal vein, hepatic vein, or tumor-enveloped blood vessels within paraneoplastic liver tissue[54]. MVI is an important predictor of recurrence after HCC surgery, and accurate diagnosis of MVI is crucial. However, the traditional pathological diagnosis of MVI is complicated by multiple limitations[55-57] and the current approach for diagnosing MVI focuses on preoperative prediction, and a fast and accurate assessment method for postoperative histologic MVI is lacking. Therefore, developing a postoperative MVI assessment model based on DL is highly important. Zhang et al[58] developed a DL AI diagnostic model called MVI-AIDM, which was designed to quickly and accurately identify MVI on WSIs of HCC. The MVI-AIDM model achieves this identification by mimicking the diagnostic process of a pathologist in three steps: Localization of the tumour region, segmentation of the microvasculature, and classification of cells. The model achieved 94.25% accuracy in an independent external validation cohort, with a significantly greater positive detection rate for MVI than that of conventional microscopy (70.85% vs 64.13%). The MVI-AIDM system advances computational pathology by (1) Improving diagnostic accuracy through AI-assisted MVI detection; and (2) Enabling quantitative visualization of MVI architectural features. These capabilities collectively address the unmet need for reproducible MVI grading standards, serving as a platform for clinical validation studies in liver cancer research. Clinicians can use this model to assess the risk of recurrence in HCC patients and develop individualized treatment and management strategies, showing broad potential for clinical applications. However, the MVI-AIDM model also has limitations. For example, MVI grading criteria are still controversial, the model currently fails to differentiate between different types of MVI, and false positives due to processing artefacts may occur. Laurent-Bellue et al[59] sought to overcome the limitations of manual histopathological assessment, specifically its labour-intensive nature and subjective variability, in evaluating MVI, a critical prognostic marker for HCC recurrence. Leveraging the ResNet34 DL algorithm, the team developed an automated model trained on a large cohort of postoperative hepatectomy samples to identify and quantify deleterious architectures. These architectures include MVI, poorly differentiated tumour regions, aberrant macroscopic beam-like structures, and peritumoral vascular encasement, all of which are associated with aggressive HCC behaviour. The model demonstrated high accuracy and good generalizability in both internal and external validation sets and confirmed that these undesirable structures were positively correlated with recurrence risk factors such as MVI. These results suggest that the identification of these structures can be a valid proxy for MVI and has predictive value for recurrence risk. In addition, sample size has an important influence on the MVI assessment model. Chen et al[60] aimed to address the challenges of MVI assessment in the management of HCC without sufficient peri-tumour tissue samples. The research team developed a DL model called MVI-DL, which uses a weakly supervised multi-example learning framework to assess MVI status efficiently using only tumour tissue slices. The MVI-DL model showed high accuracy in both the internal and external test sets (AUC values of 0.904 and 0.871, respectively) and maintained good performance even when the simulation was performed using only a single slice or biopsy sample. Visual analysis revealed key histological features identified by the model, such as positive MVI associated with vascular sinus-rich giant trabecular structures, abundant tumour mesenchyme, and intratumor heterogeneity, whereas negative MVI was associated with severe immune infiltration and highly differentiated tumour cells. Feng et al[61] developed an annotation noise-optimized DL framework to increase the precision and classification efficacy of the histopathological diagnosis of HCC. This study utilized HE-stained WSIs from 592 HCC patients at The First Affiliated Hospital of Zhejiang University School of Medicine (2015–2020) and introduced an innovative two-phase training strategy: (1) Patch-level feature filtering to mitigate annotation inconsistency; and (2) Dynamic label smoothing to achieve noise-robust learning. The validation results demonstrated robust performance, with the model attaining 87.81% pixel-level segmentation accuracy and 98.77% slide-level diagnostic accuracy on the internal test set. Notably, the model maintained 87.90% accuracy on an independent external validation cohort (157 HCC patients from TCGA), significantly outperforming conventional CNNs. The framework exhibited exceptional clinical utility in critical tasks such as WD-HCC identification and MVI detection. This work establishes a scalable technical paradigm for standardized digital pathology analysis. The modular architecture of this framework, which can be extended through multicentre data integration, holds promise for future applications in refined diagnostic scenarios, including iCCA differentiation and tumour heterogeneity quantification.
In addition to MVI, the pathological characteristics of immune cells in HCC are characteristically important in predicting tumour recurrence. Qu et al[62] aimed to develop a DL-based deep pathomics score (DPS) to predict tumour recurrence after liver transplantation (LT) in patients with HCC. The study included 380 HCC patients who underwent LT, identified six HCC histologic structures using ResNet-50, and calculated individual risk scores and DPSs using a modified DeepSurv network. The DPS performed well in predicting recurrence, with a C-index of 0.827 and 0.794 in the training and validation sets, respectively, and immune cells were the most significant histologic category for predicting recurrence after LT. Multivariate analysis demonstrated that the DPS was independently associated with recurrence-free survival (RFS). Patients in the high-risk group exhibited significantly shorter RFS and larger tumour diameters accompanied by poorly defined margins than those in low-risk patients. Cellular level analysis revealed that the greater the degree of natural killer (NK) cell infiltration within the tumour was, the lower the risk of recurrence. The DPS effectively predicted HCC recurrence after LT and identified relevant clinicopathological features, suggesting that immune cells in the tumour microenvironment (TME) of LT patients have important predictive significance. In addition to NK cells, studies have shown that macrophages or neutrophils may play a potentially important role in the progression of recurrence in HCC patients. The identification of prognostic pathological features via whole-slide imaging was used to construct a model with computable metrics that effectively differentiated patients' risk of recurrence; this model not only classified typical HCC tissues but also revealed immune infiltration within the tumour and surrounding structures and highlighted clinically important features for prognosis[63].
In summary, pathomics plays a critical role in predicting liver cancer recurrence, highlighting the transformative potential of DL frameworks in advancing precision medicine for liver cancer. By integrating MVI patterns, immune cell infiltration dynamics, and tumour cellular heterogeneity, the DL model overcomes the constraints of single-marker approaches, enabling holistic recurrence risk stratification. Nevertheless, clinical translation requires addressing key challenges, including data generalizability across diverse cohorts, validation of real-world clinical applicability, and elucidation of underlying biological mechanisms to ensure robust clinical utility. Future research should focus on interdisciplinary collaboration and multicentre validation to accelerate the translation of AI-driven pathology diagnostic tools to the clinic.

Application of pathomics in the prognosis and survival prediction of patients with liver cancer
Liver cancer is one of the most lethal malignant tumours worldwide; accurate survival prediction tools for HCC and iCCA are urgently because of their high heterogeneity and substantial prognostic differences. While traditional pathology assessment relies on subjective interpretation, and quantification of complex biological features is challenging, pathomics introduces a transformative approach to prognostic evaluation and personalized treatment in liver cancer patients. Integration of AI with digital pathology enables comprehensive analysis of tissue morphology, cellular characteristics, and molecular signatures, advancing the field of precision oncology. In recent years, several studies have explored the potential value of pathomics in the prognostic prediction of HCC using DL frameworks and multiomics data.
The central challenge in liver cancer prognostication is the need to separate biologically and clinically relevant features from high-resolution WSIs. Zhou et al[64] pioneered a pathomics model leveraging HE-stained histopathological images from HCC patients, enabling the prediction of oncogene EZH2 expression levels. Their work further demonstrated that increased pathomics scores were independently correlated with poorer overall survival, highlighting the prognostic utility of this score in HCC management. This finding underscores that morphological patterns inherent in routine HE-stained tissue sections may represent latent molecular signatures, acting as histomorphometric proxies for critical oncogenic alterations such as EZH2 dysregulation or immune evasion mechanisms. Jia et al[65] investigated the tumour immune microenvironment in HCC by developing a ResNet 101V2-based DL model to quantify tumour-infiltrating lymphocytes (TILs) with high predictive accuracy (AUC > 0.95). Their findings identified the infiltration levels of TILs as an independent prognostic factor and culminated in the development of a prognostic nomogram integrating immune-specific features. Saillard et al[66] proposed a DL model (CHOWDER) that does not require manual annotation and significantly outperforms traditional clinical metrics in the prediction of survival after HCC (C-index: 0.75–0.78) and identified features such as the vascular luminal space and immune infiltration defects as morphological markers of poor prognosis.
The strength of pathomics lies not only in its predictive performance but also in its ability to reveal interpretable features of tumour biological behaviours. Ding et al[67] constructed an interpretable DL framework for iCCA and reported that the distribution of tertiary lymphoid structures, tumour-mesenchymal ratios, and nuclear morphology (e.g., distorted nuclear membranes, low texture contrast) are key morphological markers of prognosis and validated the associations of these markers with glycolysis, immune infiltration, and other pathways through multiomics. Xie et al[68] performed morphometric profiling of the spatial architecture of tumours and lymphocytes in iCCA, establishing an immunohistochemistry (IHC)-free prognostic framework (AUC = 0.68). Their analysis revealed that tumour architectural complexity and lymphocyte spatial topology are histospatial biomarkers that can be used to independently stratify survival outcomes in iCCA patients, decoupling prognosis from conventional IHC-dependent paradigms. Collectively, these studies establish pathomics as a transformative framework capable of converting qualitative histopathological descriptors—such as nuclear atypia or stromal architecture—into spatially resolved quantitative biomarkers and elucidating morphology‒function interdependencies through multimodal integration of molecular and clinical data.
The clinical and research utility of the synergistic convergence of pathomics with genomic profiling and immune microenvironment characterization has significantly expanded. Shi et al[69] pioneered a weakly supervised DL framework that derives a tumour risk score (TRS) from HCC histopathology images. The TRS demonstrated robust correlations with key histopathological phenotypes, including hepatic sinusoid capillarization and nucleolar atypia. Furthermore, multiomics analyses revealed potential regulatory mechanisms linking increased TRSs to FAT3 mutations and immune evasion pathways. Similarly, the studies by Zhou et al[64] and Jia et al[65] correlated pathomics with immune checkpoint (PD-1/CTLA4) expression and key signalling pathways (e.g., mTORC1) from the perspectives of EZH2 expression and TIL heterogeneity, respectively, providing a paradigm for “image–gene–clinical” triple analysis.
Through DL and multiomics integration, pathomics has demonstrated three aspects of value in the prediction of HCC prognosis: First, mining key biological information such as EZH2 expression and immune infiltration from routine HE-stained sections to reduce the reliance on expensive molecular tests; second, quantifying the characteristics of the TME (e.g., TIL distribution and nuclear morphology heterogeneity) to provide a risk stratification tool beyond traditional staging; and third, combining interpretable algorithms to transform “black-box models” into comprehensible pathological phenotypes to facilitate clinical decision-making. Future research must prioritize the validation of these models in multicenter, large-scale cohorts to ensure their generalizability, as well as developing cross-modal integration of pathomics with liquid biopsy biomarkers and radiomics to capture multidimensional tumour dynamics. The concurrent development of computationally efficient AI architectures, standardized analytical pipelines, and interoperable platforms will be pivotal steps towards translating these advancements from research settings into routine clinical workflows.

Use of pathomics in liver metastases
Metastatic progression remains the primary contributor to cancer-related mortality, substantially diminishing patient survival rates across malignancies[70]. The liver is anatomically and immunologically permissive due to its dual blood supply, sinusoidal endothelial architecture, and tolerogenic microenvironment and serves as a predominant metastatic niche for diverse carcinomas, particularly colorectal, pancreatic, breast, and gastric cancers[71-73]. The unique dual vascular supply of the liver—receiving oxygenated blood via the hepatic artery and nutrient-rich, often tumour cell-laden blood from the portal vein—creates a permissive gateway for metastatic colonization[74,75]. This anatomical specialization is compounded by liver sinusoidal endothelial cells, which exhibit a fenestrated ("window-like") ultrastructure lacking a continuous basement membrane, enabling direct transmigration of tumour cells into the hepatic parenchyma[76]. Furthermore, the immune-tolerant niche of the liver facilitates metastatic immune evasion and outgrowth[75,77]. Notably, liver metastases are more common than primary liver tumours and tend to have a poorer prognosis than other metastatic sites, with approximately 30%–70% of cancer patients dying from liver metastases[73]. Unfortunately, existing treatments, including systemic chemotherapy, radiotherapy, immunotherapy and targeted therapy, have limited and poor results for metastases[74,78]. As the concept of precision medicine develops, individualized diagnosis and treatment of liver metastases face two core challenges: The difficulty of tracing the pathology due to the invisibility or substantial heterogeneity of the primary focus and the limitations of traditional histomorphometric assessment in predicting treatment response and prognosis. As an emerging field of cross-fertilization between digital pathology and AI, pathomics provides innovative solutions to these challenges through high-throughput extraction of image features and the construction of quantitative models. In recent years, numerous breakthrough studies have demonstrated the clinical translational potential of pathomics in identifying primary foci, classifying growth patterns, predicting metastatic risk and analysing the TME. 
Primary site identification constitutes the cornerstone of precision management for liver metastases. Chen et al[79] pioneered a hybrid approach that integrates handcrafted pathomics features (nuclear morphology, cytoplasmic texture) with DL-derived spatial patterns to classify the primary origins of metastases among four common sources (colorectal, breast, etc.), achieving moderate discriminative performance (AUC: 0.64-0.83). Although limited by cohort size, their work revealed morphologic continuity between primary tumours and metastases—specifically, moderately differentiated regions enriched with cohesive epithelial clusters emerged as topologic landmarks for origin tracing. Cutting-edge multimodal DL models have demonstrated remarkable potential in enhancing diagnostic accuracy. The HEPNET system developed by Albrecht et al[80] achieved an exceptional AUC of 0.997 in blinded testing for distinguishing iCCA from colorectal cancer liver metastases through analysis of HE-stained WSIs. This diagnostic performance surpasses even that of experienced pathologists. This technological breakthrough offers dual clinical advantages: It significantly reduces the reliance on costly IHC testing while minimizing diagnostic variability through standardized feature extraction. The capacity of this system to mitigate the observer-dependent interpretation biases inherent in traditional histopathological assessment is particularly noteworthy. Simultaneously, Jang et al[81] developed a pathomics-powered triple-classification framework that demonstrated exceptional discriminative ability (AUC > 0.995) in differentiating HCC, CCA, and colorectal cancer metastases. This achievement not only replicates previous successes in computational pathology but also crucially expands the application scope of AI to particularly challenging differential diagnostic scenarios in which conventional histopathological evaluation encounters inherent limitations.
After confirmation of primary tumour characteristics, histopathological growth pattern classification directly informs therapeutic decision-making. Höppener et al[82] developed a neural image compression algorithm that demonstrated exceptional discriminatory ability in automated differentiation between desmoplastic and non-desmoplastic colorectal liver metastases, achieving AUC values of 0.93–0.95. This automated system significantly outperformed manual assessment in terms of analysis speed while maintaining diagnostic precision. Notably, the model’s clinical utility extends beyond morphological classification, demonstrating prognostic predictive power that suggests deep biological correlations between stromal remodelling patterns and tumour aggressiveness. The ability of the algorithm to quantify fibrotic matrix reorganization through computational pathology approaches may provide novel insights into tumour-stromal interactions and their implications for metastatic progression.
The integration of spatial topological analysis has significantly expanded the prognostic evaluation framework. Qi et al[83] developed the CRLM-SPA framework, which transcends traditional morphological limitations by systematically quantifying 17 microenvironmental characteristics, including the tumour necrosis ratio and spatial distribution of lymphocyte infiltration. Through multicenter validation, their spatial organization feature (SOF) model amplified the 5-year survival stratification difference to 22.5%, demonstrating complementary prognostic value with the clinical risk score (CRS) [area under the receiver operating characteristic curve (AUROC) improvement, P = 0.004], indicating a paradigm shift from static morphological description to dynamic ecological analysis in pathomics. In preventive intervention research, Xiao et al[84] established a groundbreaking DL-based nomogram. Their study employed ResNet-50 networks to extract occult metastatic features from primary colorectal cancer lesions, constructing a predictive model (C-index, 0.81) integrated with pT/pN staging to identify populations at high risk for postoperative hepatic metastasis. Notably, the model's dynamic predictive ability for 1–3-year metastasis risk (AUC = 0.84) provides quantitative guidance for determining the optimal adjuvant chemotherapy timing, although its "black box" nature necessitates further refinement through interpretability algorithms.
Pathomics has been used to establish comprehensive analytical frameworks spanning the entire diagnostic continuum of hepatic metastases—from primary lesion identification and molecular subtyping to metastatic risk stratification and TME characterization—through technological innovations incorporating CNNs and spatial topological quantification. However, three persistent challenges hinder clinical translation of these methods: (1) Intrinsic sample heterogeneity: Current architectures require massive annotated datasets, exemplified by the seven-class classification model of Kriegsman et al[85], which demands 204159 precisely labelled tissue regions for robust training; (2) Algorithm generalization limitations: Technical variances in pathological workflows constrain model adaptability, as highlighted by the report of Höppener et al[82] that their NIC algorithm results in staining protocol-dependent performance degradation; and (3) Translational implementation bottlenecks: Most systems lack interoperability with hospital infrastructure, particularly in terms of seamless integration with laboratory information systems (LISs) and picture archiving and communication systems (PACSs), creating workflow discontinuities.

Use of AI in image segmentation for pathomics
AI has revolutionized medical image analysis through advanced semantic segmentation techniques that precisely delineate anatomical structures and pathological anomalies, including pulmonary lobes, neoplastic lesions, and metastatic nodules. Clinically validated segmentation outputs are indispensable for surgical planning and therapeutic decision-making, enabling three-dimensional reconstruction of tumour morphology and the quantitative assessment of volumetric parameters, particularly in oncology applications where millimetre-level precision determines resection margins[86]. While whole-slide imaging technology has become increasingly prevalent in modern histopathology, the clinical implementation of this technology faces the dual challenges of massive data volumes (typically 1–3 GB per slide) and labour-intensive manual analysis protocols. The unique challenges of medical imaging require different approaches and solutions.
Recent advancements in DL have revolutionized histopathological image analysis. For nuclear segmentation, Lal et al[87] developed NucleiSegNet, which incorporates residual blocks and attention decoders to achieve efficient segmentation of morphologically complex and adherent nuclei in HE-stained liver cancer images. Their publicly released KMC liver dataset has laid the foundation for subsequent research. The HD-Yolo algorithm proposed by Rong et al[88] optimized detection workflows, substantially accelerating nuclear segmentation while enhancing TME characterization ability and providing crucial tool support for high-throughput analysis. Expanding beyond nuclear segmentation, Gu et al[89] segmentation with postprocessing algorithms, demonstrating superior performance over CellPose across five external datasets and enabling comprehensive cellular morphology analysis for TME studies.
To address data scarcity and annotation challenges, Jehanzaib et al[90] proposed the PathoSeg model coupled with PathopixGAN, which mitigates class imbalance through synthetic data generation. Their architecture combines a modified version of HRNet with CBAM attention mechanisms, which are supported by publicly available breast and prostate cancer datasets, facilitating cross-institutional validation. Hägele et al[91] pioneered a complementary label strategy to reduce reliance on pixel-level annotations, achieving a balanced accuracy of 0.91 in HCC segmentation and establishing new paradigms for weakly supervised learning. In classification tasks, Chen et al[92] demonstrated the efficacy of attention mechanisms using SENet models, achieving 95.27% accuracy in liver cancer differentiation grading, highlighting the universal value of DL in assisting with pathological diagnosis.
At the clinical integration level, Roy et al[93] developed HistoCAE with autoencoder reconstruction strategies for liver tumour segmentation, and their multiresolution MR-HistoCAE extension outperformed conventional segmentation networks in patch classification. Khened et al[94] created the DigiPathAI framework featuring a multimodel ensemble and uncertainty estimation, achieving state-of-the-art performance in breast, colon, and liver cancer WSI analysis. Their open-source pipeline enables complete workflow support from segmentation to tumour burden calculation, demonstrating remarkable clinical translation potential.
The computational pathology field has three dominant innovation trajectories: (1) Architectural advancements incorporating attention mechanisms and residual optimization paradigms continue to push the boundaries of segmentation accuracy, particularly for complex histopathological patterns; (2) Synthetic data augmentation coupled with weakly supervised learning frameworks effectively addresses annotation scarcity for rare cancer subtypes; and (3) Multitask integrative systems accelerate clinical translation through unified diagnostic pipelines combining segmentation, classification, and prognostic prediction. Future research priorities include the following: (1) Improvement of model generalizability across diverse staining techniques and multiorgan systems; (2) Coordinated optimization of self-supervised learning frameworks with synthetic data generation, and (3) Balanced architectural design considering computational efficiency and interpretability.
The open-access availability of benchmark datasets (e.g., the KMC Hepatic Dataset) and diagnostic tools (e.g., DigiPathAI) will facilitate standardization in digital pathology. The strategic integration of pathological domain knowledge with DL architectures shows potential value for developing intelligent decision-support systems capable of clinical-grade diagnostic reasoning.

Pathomics combined with transcriptomic data in liver cancer
The molecular heterogeneity and complex microenvironmental features of HCC pose a serious challenge for precision diagnosis and treatment. In recent years, the in-depth integration of pathomics and transcriptomic data has provided a new dimension for analysing the biological nature of tumours. By integrating AI-driven digital pathology analysis with multiomics validation, researchers have gradually established interpretable associations from histomorphology to molecular phenotypes, opening innovative paths for prognostic stratification and treatment decisions.
In the field of molecular subtyping for liver cancer, the groundbreaking work by Calderaro et al[95] represents a pivotal milestone. Their team developed a DL framework that achieved precise reclassification of cHCC-CCA. This framework, in which a self-supervised pretrained ResNet50 feature extractor was synergistically integrated with an attention-based multiple instance learning framework, demonstrated exceptional diagnostic performance across the internal and external validation cohorts, achieving AUROC values of 0.99 and 0.94, respectively. Crucially, spatial transcriptomics validated the molecular underpinnings of model predictions: ICCA-dominant subtypes presented increased expression of biliary differentiation markers (e.g., KRT19, EPCAM), whereas HCC-dominant regions were enriched with hepatocytic markers (ALB, APOA2), spatially resolving the biological essence of tumour heterogeneity.
Notably, AI-driven pathomics transcends conventional morphological classification to enable therapeutic response prediction. The pioneering study by Zeng et al[96] provides compelling evidence for this paradigm shift. Through multiscale feature analysis of HCC histopathological images using DL architectures, such as clustering-constrained attention multiple instance learning, the team successfully constructed a predictive system for immune gene signature activation states, achieving validation AUCs of 0.81–0.92. Integrative digital pathology-transcriptomics analysis revealed that immune "hotspots" identified by the model correlated significantly with lymphocyte and plasma cell infiltration, establishing a visual decision-support framework for developing biomarkers targeting PD-1/PD-L1 inhibitors and other immunotherapies.
Collectively, these studies outline a technical blueprint for pathomics–transcriptomics integration. Calderaro et al[95] established a gold standard for morphology‒molecular correlation through spatial multiomics validation, whereas the study by Zeng et al[96] pioneered a novel paradigm for therapy sensitivity prediction. These synergistic insights demonstrate that DL not only deciphers intrinsic tumour heterogeneity but also dynamically captures patterns in the spatiotemporal evolution of microenvironmental features and treatment responses. Future research should focus on incorporating multimodal data—including single-cell sequencing and dynamic radiomics—to develop interpretable cross-scale predictive models, ultimately enabling closed-loop clinical translation from histomorphological diagnosis to molecularly guided therapeutic intervention.

CONCLUSION
[bookmark: OLE_LINK16]The field of liver cancer pathomics is currently at a critical juncture of technological innovation and clinical translation. AI-empowered digital pathology demonstrates transformative potential in enhancing diagnostic efficiency and optimizing personalized treatment strategies through predictive modeling and molecular subtype correlations[97,98]. In terms of technological breakthroughs, emerging technologies such as slide-free imaging systems and light sheet microscopy have begun to gain traction, signaling potential future technological pathways[99].
Despite landmark advancements, such as the United States Food and Drug Administration (FDA) approval of Paige Prostate[100] as the first AI-assisted diagnostic tool, persistent challenges hinder its widespread adoption. First, regulatory barriers remain significant: The approval process for AI medical devices is complex and time-consuming, particularly in pathology, where authorization lags far behind other fields like radiology. Laboratory-developed tests (LDTs) and in-house devices are facing increasingly stringent regulatory requirements (e.g., the FDA's proposed new regulations for LDTs and the European Union's In Vitro Diagnostic Medical Devices Regulation framework), which have raised the barriers and uncertainties in their development and clinical application. Additionally, disparities in regulatory frameworks across different countries and regions pose challenges to standardization and transnational deployment[101].
[bookmark: OLE_LINK19]Second, data interoperability and integration with existing hospital information systems remain critical bottlenecks: Seamlessly embedding AI tools into clinical workflows, particularly achieving interoperability with LIS and PACS poses significant technical challenges. The lack of unified standards for pathological data formats, annotations, and model outputs further impedes data sharing and model generalizability. Meanwhile, the high infrastructure costs required for digital pathology itself and AI integration (including scanners, storage, and computational resources), along with the resulting infrastructure disparity—particularly in resource-constrained regions such as parts of Asia—severely limit its widespread adoption[102].
[bookmark: OLE_LINK22]Third, the demand for rigorous prospective validation is critical: Although many models excel in retrospective studies, their clinical value and safety must be confirmed through large-scale, multicenter prospective trials in real-world settings to gain broad clinical acceptance[103-105]. Currently, most AI tools lack support from the highest levels of clinical evidence, and research dedicated to such validation remains limited. Validation must not only focus on technical accuracy but also demonstrate tangible clinical benefits[106]. Additionally, the sluggish standardization of HCC specific pathological data repositories, coupled with underdeveloped reimbursement frameworks and a lack of evidence-based clinical integration guidelines[107], collectively hinder the pace of clinical translation.
Current research should focus on discovering HCC -specific biomarkers and enhancing model interpretability through multi-omics data integration. To ultimately achieve clinical translation, it is imperative to establish an interdisciplinary collaboration framework to jointly develop standardized HCC pathomics data protocols, design cost-effective regionalized solutions, and formulate clinical practice guidelines based on real-world evidence, thereby advancing this technology from experimental research to precision diagnosis and treatment of HCC. Overcoming these interconnected challenges is pivotal to translating the potential of AI-driven pathomics into tangible improvements in patient care.
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Figure 1 The workflow of pathomics. WSI: Whole-slide image; ROI: Region of interest.

Table 1 Studies included in the review
	Ref.
	References
	Purpose of the study
	Data source
	Sample size
	Major findings
	External validation

	The use of pathomics in the diagnosis and classification of liver cancer

	Cheng et al[46] (2022)
	35202643
	Develop a deep learning system to improve histopathologic diagnosis of various liver lesions and tissues
	Surgical and biopsy samples from 6 hospitals
	738 patients (providing 1115 whole-slide images)
	The HnAIM system integrates ResNet50, InceptionV3, and Xception architectures, achieving an AUC of 93.5% for hepatic lesion classification
	Yes (independent external validation cohort)

	Aatresh et al[47] (2021)
	34053009
	Develop a deep learning framework for multi-subtype classification of hepatic carcinoma histopathology
	KMC liver dataset (257 annotated slides) and TCGA-LIHC public cohort (300+ HCC samples)
	not mentioned
	LiverNet: Lightweight ASPP architecture with 0.573M parameters achieving 90.93% accuracy in HCC grading
	Not mentioned

	Sun et al[48] (2020)
	31670686
	Develop a deep learning model for liver cancer histopathological image classification
	Not mentioned
	Not mentioned
	Combine transfer learning and multi-instance learning to achieve high-precision classification of normal/abnormal liver histopathological images, addressing challenges of limited training samples and large-scale image processing
	Not mentioned

	Liao et al[49] (2020)
	32536036
	Deep learning model for HCC classification and mutation prediction
	TCGA datasets (WSIs) and the West China Hospital Biospecimen Repository
	TCGA (393 HCC vs 88 normal) and West China Hospital Biobank (455 HCC vs. 264 normal)
	CNN model: Achieved AUC = 1.000 in WSI analysis, linking morphological features to gene mutations
	Yes (Successfully tested on West China Hospital data)

	Beaufrère et al[50] (2024)
	38379584
	Automated classification of primary liver cancer biopsy types
	Biopsy samples (HE stained WSI)
	166 HE stained WSIs (90 training, 29 internal validation, 47 external validation)
	Weakly supervised algorithm distinguishing HCC/iCCA subtypes and quantifying cHCC-CCA heterogeneity
	Yes

	Dong et al[51] (2022)
	35509058
	Classification of liver cancer differentiation grades
	Histopathologic images of liver cancer
	73 hepatocellular carcinoma histopathological images from patients with varying differentiation grades
	FuNet fusion strategy: Multimodal feature fusion with channel-space attention mechanism to enhance feature characterization
	Not mentioned

	Kiani et al[52] (2020)
	32140566
	Evaluating the Impact of AI assistants on the diagnosis of subtypes of hepatocellular carcinoma
	HE stained WSI
	Validation set 26 cases, test set 80 cases
	Deep learning-assisted systems: Improving diagnostic consistency for pathologists, but false prediction bias needs to be addressed
	Yes (independent test set of 80 cases validated)

	Liu et al[53] (2023)
	37882066
	Building a faster RCNN model to identify PCCCL and CHCC
	Case data of Beijing You'an Hospital
	151 cases
	Faster RCNN: For rare PCCCL subtypes, the diagnostic accuracy is 96.2%, and a single case takes only 4 seconds to process
	Not mentioned

	The use of pathomics in the prediction of recurrence in liver cancer

	Zhang et al[58] (2024)
	38488408
	Develop a deep learning model to improve the efficiency of MVI diagnosis
	First affiliated hospital of Zhejiang University and TCGA database
	753 cases (internal) and 358 cases (external)
	MVI-AIDM: Three-step simulation of pathology diagnostic process (localization, segmentation, classification) with 94.25% accuracy of MVI detection
	Yes

	Laurent-Bellue et al[59] (2024)
	38879083
	Construction of a deep learning model for predicting HCC recurrence after surgery
	WSI of hepatic resection specimens and external hospital data
	Internal 107 cases (680 WSIs), external 29 cases
	ResNet34 model: Automatic quantification of invasive structures such as MVI and validation of correlation with recurrence risk
	Yes

	Chen et al[60] (2022)
	35349075
	Develop a deep learning model to assess microvascular invasion in HCC
	Zhongshan first hospital, Dongguan People's Hospital and Southern Medical University Shunde Hospital
	Internal 350 cases (2917 WSIs), external 120 cases (504 WSIs)
	MVI-DL: Weakly supervised multiple exemplar learning framework with high AUC (0.871) despite single section or biopsy sample
	Yes

	Feng et al[61] (2021)
	34926264
	Develop a deep learning model for HCC diagnosis and classification
	First Affiliated Hospital of Zhejiang University and TCGA database
	592 cases (training 137, testing 455), external validation 157 cases
	Annotated noise optimization framework: Two-stage training strategy (feature filtering + dynamic label smoothing), segmentation accuracy 87.81%, diagnosis accuracy 98.77%
	Yes

	Qu et al[62] (2023)
	37031334
	Development of DPS to predict HCC recurrence after liver
	HCC patient dataset
	380 cases
	DPS: Based on ResNet-50 and DeepSurv network, C-index up to 0.827, associated NK cell infiltration
	Not mentioned

	The use of pathomics in prognosis and survival prediction of patients with liver cancer

	Zhou et al[64] (2024)
	39640777
	Exploring the relationship between pathomics characteristics and EZH2 expression to predict HCC survival
	TCGA database
	267 cases
	Pathomics modeling: Prediction of EZH2 expression, high scores independently associated with poorer OS
	Not mentioned

	Jia et al[65] (2023)
	37450030
	Constructing a deep learning model to assess immune infiltration and prognosis of liver cancer
	Xijing Hospital cohort, TCGA database
	100 WSIs (training set)	
	ResNet 101V2 model: Quantify TILs with AUC > 0.95, construct prognostic nomogram
	Yes (TCGA and Xijing Hospital cohort cross-validation)

	Saillard et al[66] (2020)
	32108950
	Constructing deep learning models to predict survival in HCC patients
	Henri Mondor Hospital, TCGA database
	Discovery set of 194 cases, validation set of 328 cases
	CHOWDER model: Predicts HCC survival C-index up to 0.75-0.78 without annotation, identifies vascular and immunodeficiency features
	Yes

	Ding et al[67] (2024)
	38972973
	Interpretable modeling to resolve iCCA prognosis and morphological-molecular associations
	Internal and external cohorts at research institutions
	373 cases (development set), validation set 381 cases (213 internal + 168 external)
	Interpretable framework: Identify key prognostic markers such as tertiary lymphoid structure distribution and abnormal nuclear morphology, and validate the biological mechanism by multi-omics
	Yes

	Xie et al[68] (2022)
	35537220
	Development of quantitative morphological features to stratify ICC patient survival
	Postoperative ICC patients (H&E stained whole-slide images)
	127 cases (78 in modeling set, 49 in test set)
	Morphometric analysis framework: Construct IHC-free dependent prognostic model based on tumor architectural complexity and lymphocyte spatial topology (AUC = 0.68)
	Not mentioned

	Shi et al[69] (2021)
	32998878
	Development of deep learning model for HCC risk stratification
	Zhongshan Hospital cohort (WSIs), TCGA database
	Zhongshan cohort 1125 cases (2451 WSIs), TCGA 320 cases (320 WSIs)
	TRS independently predicts prognosis, associates hepatic sinusoidal capillarization, FAT3 mutations and immune infiltration
	Yes (TCGA cohort validation)

	The use of pathomics in liver metastases

	Chen et al[79] (2024)
	37822044
	Development of features to identify primary sites of liver metastases
	WSIs of patients with liver metastases
	114 patients (175 WSIs)
	Fusion model improves primary site identification with similar morphological features of primary and metastatic tumors
	Not mentioned

	Albrecht et al[80] (2023)
	37562657
	Development of HEPNET to differentiate ICC from colorectal liver metastases
	Heidelberg University Hospital and University Medical Center Mainz
	456 cases (training), 115 cases (internal testing), 159 cases (external validation)
	HEPNET system: Differentiation of iCCA from colorectal liver metastases, AUC = 0.997, reduced IHC dependence
	Yes

	Jang et al[81] (2023)
	38001649
	Development of deep learning models to distinguish HCC, CC and mCRC
	WSIs for HCC, CC, mCRC (specific source not specified)
	not mentioned 
	Triple classification framework: Differentiate between HCC, iCCA and colorectal cancer metastasis with AUC > 0.995
	YES (tested using external datasets)

	Höppener et al[82] (2024)
	39471410
	Development of a deep learning algorithm to classify growth patterns of colorectal liver metastases
	Erasmus MC and Radboud University Medical Center, The Netherlands
	Development group 932 cases (3641 images), external validation 870 images
	NIC algorithm: Automatic differentiation of fibrotic/non-fibrotic subtypes of colorectal liver metastases, AUC = 0.93-0.95, associated prognosis
	Yes

	Qi et al[83] (2023)
	37701575
	Development of a deep learning framework for automated analysis of CRLM tissue features
	not mentioned
	not mentioned
	SOF: Quantification of 17 microenvironmental features including tumor necrosis rate, 5-year survival stratification difference improved to 22.5%.
	Yes (independent clinical cohort validation)

	Xiao et al[84] (2022)
	35433467
	Development of a deep learning model to predict liver metastasis in colorectal cancer.
	Retrospectively collected data on colorectal cancer patients (unspecified institution)
	611 cases (428 in training group, 183 in validation group)
	Deep learning nomogram: Combining pT/pN staging to predict the risk of liver metastasis (C-index = 0.81) and dynamically optimize the timing of chemotherapy
	Not mentioned

	The use of pathomics in image segmentation

	Lal et al[86] (2021)
	33190012
	Development of deep learning network for Nuclei Segmentation of Liver Cancer Pathology Images
	KMC liver dataset (Kasturba Medical College, India)
	80 images (KMC dataset)
	NucleiSegNet: Residual block + attention decoder for efficient segmentation of complex adherent cell nuclei
	Not mentioned

	Rong et al[87] (2023)
	37100227
	Development of HD-Yolo for accelerated nuclear segmentation and tumor microenvironment quantification
	Lung, liver, breast cancer tissue samples (unspecified specific institution/database)
	Not mentioned
	HD-Yolo algorithm: Optimizes the detection process, accelerates nuclear segmentation and enhances tumor microenvironment analysis
	Not mentioned

	Gu et al[88] (2025)
	39528162
	Development of a deep learning process to achieve whole cell segmentation of HE stained tissues
	Hepatocellular carcinoma and normal liver tissue samples, 5 external datasets (liver/lung/oral disease)
	Training set of 18 cases (7 cancerous + 11 normal), external test set of 5 datasets
	CSGO framework: Nuclear membrane segmentation + post-processing algorithm, superior to Cellpose, supports TME whole cell morphology analysis
	Yes (5 external datasets validation)

	Jehanzaib et al[89] (2025)
	39265361
	Development of PathoSeg model to improve cancer tissue segmentation performance	
	Internal dataset (liver, prostate, breast cancer patients)
	82 full slices (from 62 patients)
	PathoSeg model: Combined with synthetic data generation (PathopixGAN) to mitigate category imbalance.
	Not mentioned

	Hägele et al[90] (2024)
	39443575
	Development of a deep learning model to distinguish HCC and ICC
	HE stained whole section images
	165 examples
	Complementary labeling strategy: Weakly supervised segmentation of HCC and iCCA with balanced accuracy of 0.91
	Not mentioned

	Chen et al[91] (2022)
	35787805
	Intelligent classification of differentiated liver cancer pathology images
	Hepatocellular carcinoma samples from 74 patients in Xinjiang Medical University Cancer Hospital
	444 liver cancer pathology images
	SENet model classifies multidifferentiated liver cancer pathology images with 95.27% accuracy
	Not mentioned

	Roy et al[92] (2021)
	33420322
	Development of a whole-slide tumor segmentation model for the liver
	not mentioned
	not mentioned
	HistoCAE: Self-Encoder Reconstruction Strategy with Multi-Resolution Scaling to Improve Liver Tumor Segmentation Accuracy
	Not mentioned

	Khened et al[93] (2021)
	34078928
	Development of generic deep learning tissue analysis framework
	Liver cancer public dataset
	Not mentioned
	DigiPathAI: Multi-model integration + uncertainty estimation, open source process supports segmentation to tumor load calculation.
	Not mentioned

	Combination of pathomics and transcriptomic data

	Calderaro et al[94] (2023)
	38092727
	Improving diagnostic accuracy of mixed liver cancer
	Not mentioned
	405 patients with cHCC-CCA
	Deep learning framework: Self-supervised ResNet50+ attention MIL, AUROC = 0.99, spatial transcriptome validation of molecular subtypes
	Not mentioned

	Zeng et al[95] (2022)
	35143898
	Predicting activation of immune gene signatures in hepatocellular carcinoma
	Not mentioned
	Not mentioned
	CLAM architecture: Multiscale analysis to predict immunogene activation status, AUC = 0.81-0.92, associated immune infiltration hotspots
	Not mentioned


HnAIM: Hepatocellular-nodular artificial intelligence model; ResNet50: Residual network 50; InceptionV3: Inception Version 3; Xception: Extreme Inception; AUC: Area under the curve; KMC: Kasturba medical college; TCGA-LIHC: The cancer genome atlas–liver hepatocellular carcinoma; HCC: Hepatocellular carcinoma; ASPP: Atrous spatial pyramid pooling; TCGA: The cancer genome atlas; WSIs: Whole-slide images; CNN: Convolutional neural network; WSI: Whole-slide image; HE stained: Hematoxylin and eosin stained; iCCA: Intrahepatic cholangiocarcinoma; cHCC-CCA: Combined hepatocellular-cholangiocarcinoma; FuNet: Fusion networks; AI: Artificial intelligence; RCNN: Region-based convolutional neural network; PCCCL: Primary clear cell carcinoma of the liver; CHCC: Common hepatocellular carcinoma; MVI: Microvascular invasion; MVI-AIDM: MVI artificial intelligence diagnostic model; ResNet34: Residual Network 34; MVI-DL: MVI deep-learning; DPS: Deep pathomics score; C-index: Conformity index; NK cell: Natural Killer cell; EZH2: Enhancer of zeste 2 polycomb repressive complex 2 subunit; OS: Overall survival; ResNet 101V2: Residual Network 101V2; TILs: Tumor infiltrating lymphocytes; ICC: Intrahepatic cholangiocarcinoma; IHC-free: Immunohistochemistry-free; TRS: Tumour risk score; CC: Cholangiocarcinoma; mCRC: Metastatic colorectal cancer; NIC: Neural image compression approach; CRLM: Colorectal liver metastases; SOFs: Spatial organization features; pT/pN staging: Pathologic tumor/pathologic lymph node staging; CSGO: Cell segmentation with globally optimized boundaries; TME: Tumor microenvironment; GAN: Generative adversarial network; DigiPathAI: Digital pathology artificial intelligence; MIL: Multiple instance learning; CLAM: Clustering-constrained attention multiple instance learning.
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