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Computational pathology enables scalable analysis of pathology images for cancer diagnosis and research, 
but conventional deep learning models remain constrained by annotation dependence and task-specific 
development. Recent advances in self-supervised learning, transformer-based architectures, and large-
scale pretraining have given rise to computational pathology foundation models (CPathFMs), which are 
designed to learn transferable and reusable representations from diverse pathology data. This review 
first traces the development of CPathFMs by examining the data resources, backbone architectures, 
representation levels, input modalities, and pretraining strategies that shape their design. We then examine 
their applications across major cancer pathology tasks, including tumor detection, grading, and subtyping, 
molecular biomarker and gene expression prediction, prognostic assessment, tissue phenotyping, as well 
as multimodal retrieval and report generation. We further discuss key challenges that limit translation and 
deployment, including underrepresentation of normal tissues and benign lesions, limited generalization 
across domains and institutions, data overlap and benchmark contamination, task-centric evaluation and 
insufficiently standardized metrics, high training and infrastructure costs, and ethical concerns in model 
governance. Overall, CPathFMs mark an important shift from task-specific pathology artificial intelligence 
toward reusable representation learning. Their clinical value remains to be established through improved 
model performance and generalizability, more comprehensive and standardized evaluation frameworks, 
and prospective evidence of utility in real-world pathology workflows.

Introduction

   Pathology has long been central to cancer diagnosis and clinical 
decision-making, guiding tumor classification, treatment plan-
ning, and prognostic assessment. With the advent of digital slide 

scanners, glass slides can now be converted into high-resolution 
whole-slide images (WSIs), allowing tissue and cellular morphol-
ogy to be analyzed computationally [  1 –  4 ]. In routine practice, 
diagnosis still depends on pathologists’ expert visual assessment 
of tissue morphology, a process that can be affected by inter- and 
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intraobserver variability [  5 –  7 ]. Computational pathology inte-
grates artificial intelligence (AI) with digitized pathological 
images to support more consistent and quantitative analysis of 
tissue and cellular morphology [  8 ]. AI is now being explored as 
a useful tool in pathology, with potential value for cancer research 
and clinical practice [  9 –  12 ].

   Foundation models (FMs) have recently emerged in com-
putational pathology as pretrained models that learn reusable 
representations from large-scale pathology datasets [  13 –  16 ]. 
Their development is partly a response to practical challenges 
faced by earlier AI models, many of which were designed for 
specific tasks and depended heavily on expert annotations or 
task-specific labels, limiting their scalability and generalizabil-
ity [  17 ]. Moreover, because many earlier AI models were built 
within particular data or clinical settings, their performance 
may be sensitive to differences in staining, tissue processing, 
digitization, population demographics, and institutional data 
sources when applied beyond their development settings [  18 ]. 
Obtaining such task-level supervision, can be time-consuming 
and costly to obtain, especially when pathologist review is 
needed or rare tumors are involved [  19 ]. By training on large 
and diverse pathology datasets, including weakly labeled or 
unlabeled WSIs, FMs aim to learn representations that can be 
adapted to different downstream applications. Figure  1  provides 
a conceptual overview of computational pathology foundation 
models (CPathFMs), summarizing their key advantages, rep-
resentative downstream applications, and the cancer sites rep-
resented in the reviewed studies.        

   Several recent reviews have examined CPathFMs from differ-
ent perspectives. Some provide overviews of CPathFMs, covering 
representative models, datasets, and training strategies [  15 , 16 ,  20 ]. 
Others focus on more specific aspects, such as multimodal model 
design, adaptation and evaluation strategies, benchmark tasks, 
and taxonomy frameworks [  21 – 23 ]. These works have helped 
clarify the technical landscape of CPathFMs. This review follows 
recent progress from model development to cancer pathology 
applications and translational challenges. The main contributions 
of this review are as follows:

• � This review describes how computational pathology 
has evolved from task-specific models to FMs by sum-
marizing the key technical components of CPathFMs 

and explaining their potential advantages in annota-
tion efficiency, multimodal learning, task generaliza-
tion, and local–global context modeling.

• � This review organizes existing studies around major 
cancer pathology applications, including tumor detec-
tion, grading, and subtyping; molecular biomarker and 
gene expression prediction; prognostic prediction and 
risk assessment; tissue phenotyping and segmentation; 
and multimodal retrieval and report generation, linking 
technical advances to practical use.

• � This review identifies unresolved challenges that may affect 
the development and translation of CPathFMs, including 
underrepresentation of normal tissues and benign lesions, 
cross-setting generalization, data overlap and benchmark 
contamination, clinical utility evaluation, training and 
operational costs, and ethical and regulatory governance. 
It further discusses future directions for improving robust-
ness, evaluation, responsible model sharing, and workflow 
integration.

Emergence of CPathFMs
   Computational pathology has developed alongside successive 
advances in image analysis. Early studies relied mainly on hand-
crafted features and classical machine learning, whereas later 
convolutional neural network (CNN)-based methods substan-
tially improved performance in tasks such as cancer detection 
and grading. Building on these developments, FMs aim to build 
task-agnostic foundation representations from large-scale data, 
which can then be adapted to different downstream applications. 
A common paradigm involves pretraining followed by fine-tun-
ing, in which models are first pretrained without being optimized 
for a single predefined task, thereby learning generalized and 
domain-relevant representations, and are then adapted to specific 
downstream tasks with limited task-specific supervision [  24 ].

   Large-scale public pathology repositories are key resources for 
developing and evaluating pathology FMs. The Cancer Genome 
Atlas (TCGA) [  25 ,  26 ] has made a large collection of WSIs acces-
sible across many tumor types and organ sites. The breadth and 
scale of these resources provide an important foundation for self-
supervised representation learning. Other publicly available 

f

Fig. 1. Computational pathology foundation models (CPathFMs) in cancer pathology: advantages, applications, and cancer coverage. The figure summarizes selected aspects 
of CPathFMs discussed in this review, including their potential advantages, representative application scope, and cancer types reported in the reviewed studies. The human 
body diagram indicates reviewed cancer sites rather than comprehensive clinical coverage or prospective validation.
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pathology-related datasets, including those from the Clinical 
Proteomic Tumor Analysis Consortium (CPTAC) with paired 
proteogenomic profiles [  27 ], CAMELYON16/17 for breast cancer 
lymph-node metastasis detection [  28 ,  29 ], PANDA for prostate 
cancer grading [  30 ], and Genotype-Tissue Expression (GTEx) 
for normal tissue gene-expression resources with associated tissue 
specimens [  31 ], among others, have further expanded the avail-
able data ecosystem. In addition to public resources, many 
CPathFMs incorporate institution-specific or self-collected WSIs, 
which may help fill gaps in underrepresented tissue types, rare 
tumor subtypes, and staining variations, while improving data 
diversity and supporting robustness evaluation across centers.

   Alongside data expansion, advances in model architectures and 
learning algorithms have been equally critical. In 2017, the 
Transformer architecture introduced an attention-based frame-
work that later influenced many medical image and multimodal 
learning models [  32 –  34 ]. Building on this, the Vision Transformer 
(ViT) was introduced in 2020 as a representative pure transformer-
based architecture for image analysis, providing a basis for global-
context modeling in visual representation learning [  33 –  35 ]. 
Subsequently, advances in large-scale pretraining methods, includ-
ing self-supervised visual learning and multimodal alignment, 
substantially improved representation learning from unlabeled, 
weakly paired, or cross-modal data and laid the groundwork for 
the emergence of FMs [  36 –  45 ]. From 2023 onward, research activ-
ity in the development of CPathFMs has accelerated, signaling the 
onset of a rapid growth phase in the field. Figure  2  summarizes 
these key milestones, including the release of critical architectures, 
learning paradigms, and landmark models.           

Model Design and Pretraining Strategies
   Figure  3  provides an overview of the general CPathFM develop-
ment pipeline, from input modalities and encoder architectures 
to representation learning and pretraining strategies. Building 
on this framework, this section discusses key design choices in 
current CPathFMs, and representative models are summarized 
in Table  1 .          

Backbone architectures
   ViT-based backbones [ 33 ] are widely adopted in current 
CPathFMs [ 46 – 50 ]. Compared with CNNs, ViTs rely less on 
local convolutional inductive biases and can model broader 

spatial relationships through self-attention, making them suit-
able for capturing both cellular morphology and tissue archi-
tecture [  51 , 52 ]. At the slide level, many CPathFMs further 
extend this design by aggregating tile embeddings with hierar-
chical transformers, slide transformers, or long-context trans-
former architectures [  53 – 56 ], enabling broader modeling of 
WSI-level spatial organization. CNN–transformer hybrids and 
hierarchical variants such as Swin Transformers [  57 ] are also 
used in some image encoders, particularly when local feature 
extraction, computational efficiency, or limited data are impor-
tant considerations. In multimodal CPathFMs, the vision back-
bone is often combined with modality-specific encoders, such 
as transformer-based text encoders or molecular encoders, to 
enable alignment between pathology image representations and 
textual or omics information.   

Representation levels
  CPathFMs can be broadly categorized according to the level at 
which pathology representations are learned and used, includ-
ing patch-level, multilevel, and slide-level models.

    Patch-level models. Many CPathFMs use small tissue 
patches, tiles, or regions of interest (ROIs) as the basic input unit. 
This patch-based strategy was already common in earlier weakly 
supervised WSI methods, such as CLAM [  58 ] and TransMIL 
[  59 ]. WSIs are tiled into small tissue patches (e.g., 256 × 256 
pixels), each of which is processed independently by a ViT-based 
or other visual backbone to produce local feature embeddings. 
For slide-level applications, these embeddings may be summa-
rized by attention-based multiple-instance learning (MIL) or 
pooling modules, or further processed by slide-level transform-
ers or dedicated WSI encoders to generate slide-level representa-
tions or predictions. This modular design separates local feature 
extraction from slide-level modeling, making patch embeddings 
reusable across tasks and cohorts. However, because patches are 
encoded independently, spatial relationships among them are 
not explicitly modeled within the encoder. Consequently, their 
ability to capture coherent tissue structures depends strongly on 
the downstream aggregation or WSI-level modeling strategy.

   Multilevel models. These models organize pathology infor-
mation across more than 1 spatial scale or representation level, 
rather than relying on a single patch- or slide-level representa-
tion. A common form is the hierarchical model, in which lower-
level features are progressively aggregated into higher-level 

Fig. 2. Timeline of key milestones in the development of computational pathology foundation models. Light gray boxes indicate fundamental technologies, blue boxes indicate 
unimodal models, and red boxes indicate multimodal models. Asterisks (*) indicate models for which no official name was provided in the original publication; these models 
were named using the first author’s name, research team, or affiliated institution. TCGA, The Cancer Genome Atlas; ViT, Vision Transformer; SSL, self-supervised learning; MAE, 
masked autoencoder; CLIP, contrastive language-image pretraining.
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representations. For example, HIPT [ 52 ] uses hierarchical self-
supervised learning to encode both 256 × 256 patches and larger 
4,096 × 4,096 regions before deriving slide-level representations. 
By retaining intermediate representations before final WSI aggre-
gation, multilevel designs can preserve mesoscale spatial evi-
dence and may support more localized interpretation than 
approaches that directly compress all tile features into a single 
global WSI embedding.

   Slide-level models. These models typically begin with patch 
embeddings, but the pretrained and reusable representation is 
defined at the WSI level. For example, PRISM [ 54 ] aggregates 
Virchow tile embeddings into slide-level embeddings with 
clinical report supervision, while Prov-GigaPath [ 55 ] uses a tile 
encoder followed by a LongNet-style slide encoder to model 
long sequences of WSI tiles. TITAN [ 56 ] and THREADS [ 60 ] 
further expand slide-level modeling through vision–language 
or vision–omics pretraining. Because they must integrate thou-
sands to tens of thousands of tile features from each WSI, slide-
level models usually require a dedicated whole-slide modeling 
step beyond independent patch encoding. This step can increase 
graphics processing unit (GPU) memory use, training time, 
and the need for large slide-level datasets.   

Input modalities
   Based on input modalities, CPathFMs can be broadly categorized 
into 3 groups: vision-only, vision–language, and vision–omics 
models. Vision-only models use digitized pathology images as 

the primary input and remain the dominant form of CPathFMs, 
partly because routine WSIs provide large amounts of unlabeled 
morphology data suitable for large-scale self-supervised repre-
sentation learning. Vision–language models incorporate textual 
information, such as pathology reports, captions, diagnostic 
labels, or instructions, to align pathology image representations 
with semantic concepts. This alignment supports tasks such as 
zero-shot classification, text-based retrieval, visual question 
answering (VQA), and report-related applications. Vision–omics 
models connect pathology images with genomic, transcriptomic, 
or spatial transcriptomic profiles. In these models, molecular 
information can guide representation learning and support tissue 
annotation, gene-expression prediction, biomarker inference, 
and biologically informed slide-level modeling.   

Pretraining strategies
   CPathFMs are pretrained through a range of learning strate-
gies that differ in their supervision signals, input modalities, 
and representation levels. Most pathology image encoders are 
first trained with self-supervised objectives, including con-
trastive learning, masked image modeling (MIM), and self-
distillation, which allow models to learn reusable visual 
features from large collections of unlabeled patches or regions. 
Multimodal pretraining extends this idea by using text, 
molecular profiles, or other data types to guide, align, or 
integrate pathology image representations, often through 
contrastive, matching-based, generative, or modality-guided 

Fig. 3. General development pipeline of computational pathology foundation models (CPathFMs). This figure summarizes the main components involved in developing 
CPathFMs. Pathology images are encoded into reusable visual representations at the patch level or slide level or across multiple representation levels. Text and omics data can 
be processed by modality-specific encoders and incorporated with pathology image representations through multimodal representation learning. The left panel summarizes 
representative pretraining strategies, including contrastive learning, masked image modeling, self-distillation, and weakly supervised learning. These strategies may be used 
alone or in combination to train vision-only, vision–language, or vision–omics models.
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objectives. In addition, weakly supervised learning, com-
monly formulated as MIL, is used to learn slide- or patient-
level representations from coarse diagnostic, molecular, or 
outcome labels. These categories are therefore not mutually 
exclusive but together describe the major routes through 
which CPathFMs acquire transferable representations.

   Contrastive learning and cross-modal alignment. Contrastive 
learning trains models by defining positive and negative relation-
ships between samples. Positive pairs are pulled closer in the rep-
resentation space, whereas unrelated or mismatched samples are 
pushed apart. In pathology, such pairings may include 2 aug-
mented views of the same patch, multiscale views from the same 
tissue region, paired hematoxylin and eosin (H&E) and immuno-
histochemistry (IHC) images, or image–text pairs used for cross-
modal alignment. Representative frameworks include visual 
contrastive methods such as MoCo [ 36 ], image–text contrastive 
methods such as contrastive language-image pretraining (CLIP) 
[  37 ], and contrastive-captioning methods such as CoCa [  41 ]. For 
example, PathoDuet [ 61 ] introduces cross-scale positioning 
and cross-stain transfer as pretext tasks to learn representations 
from H&E and IHC images. This design supports representa-
tion learning across different magnifications and stains and 
improves performance in downstream patch- and WSI-level tasks. 
For vision–language modeling, PLIP [ 62 ] uses a CLIP-style dual 
encoder trained on pathology image–text pairs to align patch fea-
tures with free-text pathology descriptions, enabling zero-shot 
classification and text-based retrieval across multiple organs and 
cohorts.

   MIM. MIM trains models by hiding part of an image and 
asking the model to reconstruct or predict the missing content 
[  63 ]. In pathology, many diagnostic patterns depend not only 
on isolated cells but also on surrounding tissue architecture, 
such as glandular organization, stromal context, and tumor 
boundaries. Representative frameworks such as MAE [  42 ] and 
BEiT v2 [ 45 ] have shown that masking-based objectives can 
scale with ViT backbones and large unlabeled image datasets, 
and this idea has since been adapted to pathology image pre-
training [ 64 ]. For example, BEPH [ 65 ] adopts BEiT v2 [ 45 ] for 
patch-level pretraining on more than 11 million TCGA tiles 
and then reuses the ViT backbone as a general-purpose feature 
extractor for both slide-level cancer detection and survival pre-
diction across a wide range of cancer types.

   Self-distillation. Self-distillation is another label-free strat-
egy for learning pathology image features. It typically trains a 
model to produce consistent representations from different 
augmented views of the same tissue patch, such as different 
crops or color variations. In many implementations, this is 
achieved through a teacher–student design: The student net-
work learns from a more stable teacher network, which pro-
vides target representations during pretraining. Because this 
process does not require manual annotations, it can be scaled 
to large collections of unlabeled pathology images. It is particu-
larly useful in histopathology, where the same tissue pattern 
may appear differently because of staining variation, scanning 
conditions, magnification, or tissue orientation. Representative 
frameworks include DINO [  40 ] and DINOv2 [ 44 ], as well as 
iBOT [  38 ], which combines teacher–student self-distillation 
with masked token prediction. For example, DINOv2-style self-
distillation has been adopted by models such as UNI [ 46 ] and 
Virchow [ 47 ] to pretrain pathology image encoders, producing 
transferable patch-level features for diverse downstream pathol-
ogy tasks.

   Weakly supervised learning. Weakly supervised learning is 
commonly used when detailed region- or pixel-level annotations 
are unavailable but slide-, specimen-, or patient-level labels are 
available. In computational pathology, this setting is often for-
mulated as MIL, where a WSI is represented as a bag of patch 
or region embeddings and the model learns to aggregate them 
into a slide-level representation or prediction [  17 , 58 ,  66 ]. In 
CPathFMs, this strategy complements patch-level self-super-
vised pretraining by using coarse diagnostic, molecular, or out-
come labels to learn higher-level representations across the whole 
slide or across multiple slides from the same patient. It reduces 
the need for dense expert annotation, but the learned representa-
tions may be affected by label noise, sampling bias, and uncer-
tainty about which regions drive the slide-level label.

   Multimodal representation learning. Multimodal pretrain-
ing is not limited to the contrastive alignment described above. 
In CPathFMs, additional modalities may be used through cross-
modal integration, generative objectives, instruction tuning, 
knowledge distillation, or modality-guided supervision, even 
when a clearly named fusion module is not present. For example, 
MUSK [ 67 ] uses shared self-attention blocks to jointly model 
image and text representations, while mSTAR [ 68 ] incorporates 
pathology slides, reports, and RNA sequencing data within a 
unified pretraining framework. Other models use multimodal 
information mainly as training supervision or generation targets, 
such as PRISM [ 54 ], which leverages clinical report text for slide-
level pretraining and report generation, and THREADS [ 60 ], 
which uses transcriptomic and genomic profiles to guide WSI-
level representation learning. These examples show that multi-
modal CPathFMs differ not only in the modalities they use but 
also in whether cross-modal information is aligned, integrated, 
generated, distilled, or used as supervision during pretraining.    

Potential Advantages of CPathFMs

Reduced dependency on annotated data
   A major expected advantage of CPathFMs is their reduced 
reliance on dense expert annotations. By learning from large 
collections of unlabeled or weakly labeled WSIs, CPathFMs 
can provide reusable representations for downstream task 
adaptation. This is particularly relevant for rare cancer sub-
types and diagnostically challenging cases, where labeled data 
are inherently scarce. For example, Phikon-v2 [ 48 ], based on 
the DINOv2 [ 44 ] framework, was trained on hundreds of mil-
lions of image patches and evaluated across multiple down-
stream tasks, illustrating how large-scale pretraining can 
provide reusable features for subsequent task adaptation. 
However, current evidence suggests that downstream per-
formance still often depends on substantial task-specific anno-
tated datasets, particularly for high-stakes diagnostic applications. 
In practice, model performance tends to improve with increasing 
amounts of labeled data, and many studies therefore rely on as 
much annotated data as available during downstream training. 
As a result, the extent to which FMs reduce annotation require-
ments remains difficult to quantify. Whether this paradigm ulti-
mately translates into reduced annotation burden in real-world 
clinical settings remains unclear.   

Enhanced multimodal representation learning
   Traditional pathology AI models have largely been developed 
around image-based inputs, whereas clinical diagnosis and can-
cer characterization often rely on multiple sources of information, 
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including morphology, pathology reports, and molecular profiles. 
Increasingly, CPathFMs are moving toward multimodal repre-
sentation learning, in which heterogeneous data sources such as 
images, reports, and molecular profiles can be jointly modeled 
or aligned to capture complementary clinical and biological infor-
mation. For example, PLIP [ 62 ] aligns pathology image repre-
sentations with textual descriptions, enabling tasks such as 
text-based retrieval and classification. Multimodal learning has 
also been used to combine WSIs with molecular profiles for pan-
cancer analysis and outcome prediction [  69 ]. Among such 
approaches, mSTAR [ 68 ] integrates pathology, pathology reports, 
and transcriptomic data to support molecular subtyping and 
survival prediction. However, current evidence is still largely 
derived from specific datasets and experimental settings, and 
multimodal gains require further validation across institutions, 
patient populations, and clinical scenarios.   

Improved multitask generalization and scalability
   A key advantage of CPathFMs is their potential reuse across 
diverse downstream applications. Because they learn shared 
morphology representations that are not limited to a single 
diagnostic label, cancer type, or end point, these models can 
be adapted to different tasks using strategies such as linear 
probing, fine-tuning, MIL, or multimodal prompting. For 
example, UNI [ 46 ], pretrained on large-scale pathology data-
sets, demonstrates strong performance across a wide range of 
classification tasks, while multimodal models such as CONCH 
[ 49 ] support applications such as tumor subtyping, image–text 
retrieval, and vision–language tasks. These studies suggest that 
CPathFMs can serve as reusable backbones across tasks and 
may reduce the need to build separate models for each applica-
tion. However, downstream performance often still depends 
on task-specific adaptation, and consistent generalization 
across tasks, datasets, and clinical settings has not yet been fully 
established [  70 ]. The lack of appropriate evaluation frameworks 
further makes it difficult to assess this advantage, and its practi-
cal impact remains uncertain.   

Integrated local and global context analysis
   Pathology interpretation is not limited to fine-grained cellular 
morphology, such as nuclear atypia, but also depends on 
broader tissue architecture and spatial organization, includ-
ing glandular patterns, stromal arrangement, tumor–stroma 
interactions, and immune microenvironments. One potential 
advantage of CPathFMs is that large-scale pretraining on 
WSI-derived data may help models learn local morphological 
features together with broader tissue context, rather than 
treating them only as isolated patch-level signals. This is par-
ticularly important because many clinically relevant patterns 
emerge from the spatial arrangement of cells and tissue struc-
tures, not from single patches alone. Architecturally, this 
capacity is often supported by hierarchical or transformer-
based designs that connect patch-level, region-level, and 
slide-level representations. For instance, HIPT [ 52 ] models 
information across multiple spatial scales by combining 
patch-level and region-level representations, whereas Prov-
GigaPath [ 55 ] extends this idea to whole-slide modeling by 
capturing spatial dependencies across WSI tiles. In this way, 
CPathFMs provide a framework for integrating cellular mor-
phology, tissue architecture, and slide-level organization into 
representations that better reflect both local and whole-slide 
context.    

Clinical and Research Applications
   Computational pathology has supported a broad spectrum of 
applications in cancer research and clinical practice. Earlier 
deep learning approaches mainly improved performance in 
specific tasks, whereas CPathFMs broaden this scope by provid-
ing reusable representations for diverse diagnostic, molecular, 
prognostic, and multimodal pathology applications. In this 
section, we highlight 5 key application domains. Although 
these applications have not yet been prospectively validated in 
real-world clinical practice, existing studies provide evidence 
of their potential value across cancer pathology tasks.  

Tumor detection, grading, and subtyping
   Tumor detection, grading, and subtyping represent core applica-
tions of computational pathology, underpinning routine diag-
nostic workflows and subsequent clinical decision-making. 
Figure  4  shows that these tasks constitute the most extensively 
explored application area for CPathFMs. Among the models 
reviewed in this review, more than 30 models have been applied 
across a relatively broad range of cancer types, including major 
solid tumors such as breast, lung, renal, prostate, and colorectal 
cancer. Other clinically important cancers, including bladder, 
cervical, skin, and head and neck cancers, have been studied in 
only a limited number of works. Across these studies, CPathFMs 
have shown promising performance in selected tumor detection, 
grading, and subtyping tasks. In selected settings, leading models 
have reported area under the receiver operating characteristic 
curve values near 0.95 for pan-cancer or specimen-level cancer 
detection, as well as high top-k accuracy in multiclass organ–
tumor classification tasks [ 46 , 47 , 49 , 50 , 54 ].        

   However, these findings should be interpreted in the context 
of real-world diagnostic workflows. In routine pathology prac-
tice, diagnosis, particularly for rare or diagnostically challeng-
ing tumors, often requires integration of H&E morphology with 
clinical context, IHC, and molecular testing. These consider-
ations also highlight an important limitation of morphology-
based inference alone and motivate increasing interest in 
integrating pathological features with molecular information, 
as discussed in the following section.   

Molecular biomarker and gene expression prediction
   Molecular biomarkers and gene expression profiles play an 
important role in cancer prognosis and treatment but typically 
require sequencing assays or IHC [  71 ], which can be costly, 
time-consuming, and not always available in routine practice. 
These limitations have motivated efforts to explore the extent 
to which molecular information can be inferred from patho-
logical images [  72 ,  73 ]. Existing studies suggest that CPathFMs 
can support downstream inference of selected molecular bio-
markers and gene-expression-related end points from patho-
logical images.

   As illustrated in Fig.  4 , more than 20 models have been 
applied to molecular biomarker and gene expression prediction 
across several cancer types, including breast cancer, non-small 
cell lung cancer, and colorectal cancer. The most commonly 
investigated end points include clinically actionable biomarkers 
such as HER2 status, microsatellite instability, immunohisto-
chemical marker status, and recurrent gene mutations, as well 
as broader transcriptomic or spatial gene-expression profiles. For 
selected molecular end points, leading models have reported 
moderate-to-strong predictive performance, with area under the 
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Functions Models Tumor types

Fig. 4. Functional landscape of computational pathology foundation models across cancer types and tasks. This Sankey-style diagram maps the relationships between 
functional tasks (left), foundation models (middle), and cancer types (right). Line thickness and node size represent frequency of association, not quantitative superiority 
of performance. For unnamed models, we adopt the convention of citing them using the first author’s name, research team, or affiliated institution followed by an asterisk.
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receiver operating characteristic curve values commonly reach-
ing the 0.80 to 0.90 range and, in some tasks, exceeding 0.90 
[ 47 , 54 , 60 , 68 ]. Although these approaches are not intended to 
replace established molecular testing in clinical practice, they 
may still provide complementary value as scalable tools for pre-
liminary assessment, case prioritization, or application within 
resource-limited settings.   

Prognostic prediction and risk assessment
   Prognostic prediction and risk assessment are important appli-
cations in computational pathology, aiming to stratify patients 
based on survival risk and guide treatment decisions [  74 ]. 
Unlike diagnostic classification, prognostic prediction depends 
on both histopathological features and reliable clinical-outcome 
data, including survival, follow-up, treatment, and patient-level 
variables, which are often incomplete or inconsistently col-
lected across cohorts. Prognostic applications remain less com-
mon among the reviewed studies, with approximately 12 
CPathFMs identified, primarily in common cancers such as 
breast cancer, non-small cell lung cancer, renal cell carcinoma, 
and colorectal cancer (Fig.  4 ).

   Reported results suggest that CPathFMs can provide mean-
ingful prognostic signals, with leading models reaching C-index 
values around 0.7 to 0.75 in held-out or pan-cancer settings 
[ 50 , 67 , 68 , 75 ]. Current studies are largely confined to a small 
number of well-studied cancers, with relatively little exploration 
in other tumor types. In addition, there is substantial variation 
in end points, cohort composition, and evaluation strategies 
across studies, making results difficult to compare directly. 
Broader validation is therefore needed before prognostic applica-
tions can be reliably compared or translated into clinical use.   

Tissue phenotyping and segmentation
   Tissue phenotyping aims to characterize the composition and 
spatial organization of the tumor microenvironment, including 
immune infiltration, stromal components, and necrotic regions, 
which provide important information for tumor grading and 
subtyping, prognostic assessment, and treatment response 
evaluation. In computational pathology studies, such charac-
terization is commonly achieved through segmentation of tis-
sue regions or cellular components on pathological images.

   According to Fig.  4 , tissue phenotyping and segmentation 
have been explored by approximately 26 CPathFMs across mul-
tiple cancer types, particularly in breast and colorectal cancers. 
Representative applications include mitosis detection, gland 
segmentation, cancer-region segmentation, and zero-shot tis-
sue segmentation. Reported results suggest strong performance 
in selected well-defined tasks, such as gland segmentation with 
Dice scores around 0.9 [ 76 , 77 ]. By contrast, zero-shot segmen-
tation has shown lower performance in representative settings, 
with Dice scores around 0.6 [ 49 , 78 ]. Current applications 
remain unevenly distributed across cancer types, with limited 
exploration in many tumor settings. Tissue phenotyping and 
segmentation remain evolving application areas, where more 
standardized benchmarks and broader validation are needed.   

Multimodal retrieval and report generation
   Multimodal retrieval and report generation aim to support 
case-based reasoning and structured reporting by integrating 
pathology images with textual information. These applications 
include image-to-text and text-to-image retrieval, similar-case 

search, pathology VQA, and preliminary report generation. In 
practice, they could help retrieve similar cases and assist in 
generating preliminary report drafts or case summaries.

   As summarized in Fig.  4 , a relatively limited number of 
CPathFMs have been applied to multimodal retrieval and 
report generation, with about 11 models for retrieval and 9 
for report generation across cancer types such as colorectal, 
breast, and non-small cell lung cancers. Existing studies have 
reported top-k retrieval performance ranging from approxi-
mately 35% to 75% [ 49 , 56 , 62 , 67 , 79 ], open-ended WSI VQA 
accuracy around 67% [ 80 ], and report-generation scores 
around 0.6 to 0.7 using conventional text-overlap metrics 
such as METEOR or ROUGE-L [ 81 ]. These results suggest 
measurable but task-dependent progress, although such met-
rics do not necessarily reflect diagnostic correctness or clini-
cal usefulness.

   At present, multimodal retrieval and report generation 
remain at an early stage. Existing studies are largely retrospective 
and task-specific, with limited evidence on how these tools affect 
reporting efficiency, diagnostic consistency, or pathologist–AI 
interaction in real-world workflows. Their clinical value there-
fore remains to be established through prospective studies that 
assess model performance, interface design, workflow integra-
tion, and use in routine pathology settings [  82 –  84 ].    

Challenges in Translation and Deployment
   Despite the growing flexibility and transferability enabled by 
large-scale pretraining, CPathFMs still face several barriers 
before they can be reliably translated into clinical practice. 
These barriers arise not only from model performance itself 
but also from how models are evaluated, reproduced, imple-
mented, and governed in real-world pathology settings.  

Underrepresentation of normal tissues  
and benign lesions
   Current CPathFMs are often developed from cancer-enriched 
datasets and optimized around cancer-centered tasks [  85 ]. This 
data and task orientation tends to emphasize malignant morphol-
ogy, while normal tissues, reactive changes, inflammation, benign 
proliferative lesions, and benign mimics of malignancy receive 
less systematic coverage and less explicit attention. As a result, 
learned representations may be effective for overt cancer-related 
patterns but less capable of modeling the broader nonmalignant 
spectrum needed for diagnostic exclusion and differential diag-
nosis. This limitation may weaken the model’s ability to distin-
guish malignancy from benign mimics, account for background 
tissue context, and avoid overemphasizing cancer-associated 
features in ambiguous cases. In addition, attention- and MIL-
based architectures may further reinforce this tendency by focus-
ing on highly discriminative malignant regions at the expense of 
subtler benign or contextual patterns [  86 ].   

Limited generalization across domains  
and institutions
   Even when CPathFMs are pretrained on large, multi-institutional, 
or multidomain datasets, generalization across real-world clinical 
settings remains inconsistent. Such diverse pretraining is expected 
to improve robustness to heterogeneity across institutions and 
domains, but empirical studies continue to report performance 
variability under distributional shifts caused by differences in 
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staining protocols, scanner hardware, tissue preparation, and 
institutional workflows [  87 –  90 ]. These findings suggest that large-
scale pretraining can improve cross-domain robustness to some 
extent but does not fully mitigate domain shift in real-world 
deployment. Robust and transferable generalization therefore 
remains an open challenge for CPathFMs in clinical practice.   

Data overlap and benchmark contamination
   The extensive reuse of public datasets raises concerns about data 
overlap and benchmark contamination in current CPathFM 
evaluation. Many CPathFMs are pretrained on large public 
repositories such as TCGA and are subsequently evaluated on 
TCGA-derived cohorts or benchmarks that may partially over-
lap with pretraining data. Although this does not necessarily 
constitute data leakage in the strict supervised-learning sense, 
prior exposure to the same repositories, institutional patterns, 
cancer-type distributions, or potentially overlapping slides may 
reduce the independence of evaluation cohorts [ 18 ,  91 , 92 ]. As a 
result, reported performance may overestimate true generaliza-
tion ability, particularly when benchmarks do not clearly exclude 
pretraining–evaluation overlap or provide transparent data 
provenance.   

Task-centric evaluation and lack of  
standardized metrics
   Current evaluation of CPathFMs remains largely task-centric, 
with model quality commonly inferred from performance across 
multiple downstream tasks involving different cancer types and 
molecular end points. Broader task coverage and consistently 
higher performance are often interpreted as evidence of stronger 
general-purpose representation learning. However, whether 
good performance across different cancer types, end points, and 
task settings, or aggregation across heterogeneous tasks, truly 
reflects the generalization capacity of CPathFMs remains unclear. 
The lack of standardized evaluation frameworks, together with 
substantial differences in datasets, task definitions, and experi-
mental protocols, makes fair comparison across models difficult. 
Although recent studies have begun to develop benchmark 
frameworks for CPathFMs [ 70 ,  93 –  95 ], most evaluations still rely 
on conventional task-based settings and provide limited evidence 
on clinical utility. In addition, evaluation metrics are still largely 
derived from traditional task-specific deep learning, focusing on 
area under the curve, sensitivity, and specificity. While these 
metrics are necessary for clinical validation, they do not fully 
capture the broader value of CPathFMs, such as reducing annota-
tion burden, supporting label-efficient adaptation, enabling flex-
ible transfer across tasks, and remaining computationally feasible 
for deployment. Future evaluation frameworks should therefore 
incorporate not only predictive performance but also data effi-
ciency, adaptation flexibility, computational cost, and clinical 
workflow relevance [  96 –  98 ].   

High training and infrastructure costs
   The training cost of CPathFMs remains an important feasibility 
issue, as large-scale pretraining requires extensive WSI datasets 
and substantial computing infrastructure. Prov-GigaPath provides 
a useful quantitative example: It was pretrained on 1.38 billion 
256 × 256 pathology tiles from 171,189 WSIs across more than 
30,000 patients, and its preprocessing pipeline used up to 200 
computing nodes, each with 32 central processing unit cores 
and 256-GB RAM, for approximately 157 h  [55] . Slide-level 

pretraining further required 16 nodes with 4 80-GB A100 GPUs 
per node for approximately 2 d, corresponding to 3,072 A100 
GPU-hours [ 55 ]. These figures indicate that the major compu-
tational burden lies in large-scale data preparation, tile extrac-
tion, storage, and distributed pretraining, which may be difficult 
to reproduce in routine pathology laboratories or smaller 
research settings. By contrast, inference may be relatively effi-
cient once the model has been trained; Prov-GigaPath reported 
an average inference time of 0.7 s per WSI under its optimized 
setting [ 55 ]. However, direct comparison with conventional 
CNN pipelines remains difficult because hardware settings, 
preprocessing procedures, tile sampling strategies, and evalu-
ation workflows vary across studies. More transparent report-
ing of preprocessing time, storage requirements, GPU hours, 
and per-slide inference time under clearly specified hardware 
settings would help readers better assess the practical feasibility 
of CPathFMs.   

Ethical concerns in model governance
   Beyond widely recognized concerns in medical AI, such as data 
privacy, bias in data and algorithms, and limited interpretability 
[  99 ,  100 ], CPathFMs introduce additional ethical challenges. A 
central issue is the uncertainty surrounding large-scale pre-
training data. These models are typically trained on aggregated 
datasets drawn from multiple institutions and sources, for 
which the exact composition, provenance, and consent condi-
tions may be incompletely documented [  101 ,  102 ]. This raises 
questions about informed consent, secondary data use, and 
traceability, particularly given that WSIs are often linked to 
sensitive clinical information. At the same time, the aggregation 
of cross-institutional data introduces further governance com-
plexity, as differences in regulatory frameworks, data owner-
ship, and consent policies can complicate compliance and 
accountability, especially in multicenter or cross-border set-
tings [  103 ].    

Future Directions

Strengthening morphological representation
   Future CPathFMs should be developed to recognize a broader 
range of pathological patterns encountered in routine practice. 
Current models are often evaluated on tumor-centered tasks, such 
as cancer detection, grading, subtyping, molecular prediction, 
and prognosis, where performance may be driven mainly by 
highly discriminative malignant regions. However, reliable clini-
cal use also requires models to distinguish cancer from normal 
tissue, benign lesions, inflammatory or reactive changes, precur-
sor lesions, and borderline cases. Future studies should therefore 
examine how model design, sampling strategies, pretraining 
objectives, and slide-level aggregation affect performance in these 
challenging nonmalignant and borderline scenarios.   

Evaluating translational readiness
   Future CPathFMs should be evaluated not only by benchmark 
performance but also by their readiness for clinical or research 
translation. Such evaluation should place greater emphasis on 
robustness under conditions that resemble routine pathology 
practice. Slides from different institutions may vary in staining 
quality, scanner type, tissue processing, specimen type, tumor 
subtype, and case mix, which are not always fully captured by 
standard benchmark datasets. Future studies could therefore 
assess model performance across external cohorts, low-quality 

https://doi.org/10.34133/research.1332


Zhang et al. 2026 | https://doi.org/10.34133/research.1332 19

slides, staining variations, rare subtypes, and diagnostically dif-
ficult cases to better understand how stable these models are 
under real-world conditions. In addition, translational evalu-
ation should examine whether model outputs are interpretable, 
whether results are reproducible, and whether the model can 
be integrated into existing workflows for the intended clinical 
or research task.   

Defining the scope of CPathFMs
   A key question for future CPathFM development is how to 
define the appropriate scope of different models, including 
broadly applicable pan-cancer models and more cancer-specific 
models. Pan-cancer CPathFMs provide reusable representations 
across diverse tumor types and remain valuable for general-
purpose feature extraction. However, cancer-specific CPathFMs 
may offer advantages when the goal is to support well-defined 
clinical pathways within a specific disease context, such as lesion 
stratification, grading, subtyping, biomarker prescreening, risk 
assessment, or quality control. Recent studies have begun to 
explore this direction by leveraging large-scale pretraining 
within a single cancer type and adapting representations to spe-
cific downstream tasks [  104 –  106 ]. Future work should clarify 
when disease-specific pretraining provides added value over a 
general-purpose FM and how validation should be matched to 
the model’s clinical claim.   

Sharing models responsibly
   Because CPathFMs are intended to serve as reusable backbones 
across multiple downstream tasks, their value depends not only 
on performance reported in the original study, but also on 
whether they can be reliably reused, evaluated, and adapted by 
others. Future sharing practices should more clearly specify both 
the scope of release and the conditions of use [ 102 ]. Open weights 
provide an important starting point for reuse, but reproducible 
and comparable evaluation often requires implementation code, 
preprocessing details, input settings, and evaluation protocols. 
Released models should also state whether they are restricted to 
research use, noncommercial use, clinical validation studies, or 
commercial development. A more sustainable sharing model 
should balance openness, reproducibility, intellectual property 
protection, data governance, and appropriate downstream use.   

Integrating multiple CPathFMs
   As more CPathFMs become available, future research should 
move beyond comparing individual models and explore how 
their complementary strengths can be integrated. Recent stud-
ies have begun to investigate this direction by combining or 
coordinating multiple CPathFMs at the feature, representation, 
prediction, or ensemble level [  107 –  111 ]. Different CPathFMs 
may capture different aspects of pathology because they vary 
in pretraining data, model architecture, learning objectives, 
image scale, and modality design. Instead of relying on a single 
“best” backbone, multi-FM strategies could combine features 
from several models, use adapter or meta-encoder modules to 
combine or harmonize representations, or distill complemen-
tary information into a more efficient model. However, integra-
tion should not be assumed to improve performance by default. 
Future studies should test whether multi-FM integration pro-
vides consistent gains over strong single-model baselines and 
whether the added computational cost and complexity are justi-
fied for the intended application.   

Embedding CPathFMs in diagnostic workflows
   Future CPathFMs should be developed with greater attention to 
integration into pathology workflows. In routine practice, pathol-
ogists need more than slide-level predictions; they need interpre-
table information that supports case review, differential diagnosis, 
quality control, and reporting. Recent multimodal pathology 
assistants, such as PathAsst [ 112 ] and PathChat [  113 ], illustrate 
early efforts to combine pathology image analysis with language-
based interaction, enabling users to ask pathology-related ques-
tions and receive image-informed responses that may support 
case review and explanation. Although still at an early stage, these 
systems point toward a shift from static prediction models to 
interactive decision–support tools. Future studies should examine 
how model-highlighted regions, uncertainty estimates, morpho-
logical evidence, and natural-language explanations can be inte-
grated into digital pathology viewers and reporting workflows, 
while ensuring that CPathFMs support rather than replace expert 
judgment. Prospective workflow studies should further assess 
whether such tools improve diagnostic efficiency, consistency, 
and decision-making in real-world practice.    

Conclusion
   CPathFMs represent an important shift in computational 
pathology from task-specific model development toward reus-
able representation learning across cancer pathology tasks. 
Their value lies not only in improving individual downstream 
performance but also in reducing dependence on task-specific 
annotations, supporting multimodal representation learning, 
enabling reuse across multiple downstream tasks, and inte-
grating local morphological features with broader tissue and 
slide-level context. By doing so, they provide a shared model-
ing framework that can connect morphology with diagnostic, 
molecular, prognostic, and multimodal information. However, 
current evidence does not yet support viewing these models 
as clinically mature systems. Persistent challenges, including 
underrepresentation of normal tissues and benign lesions, 
limited generalization across domains and institutions, data 
overlap and benchmark contamination, task-centric evalua-
tion and lack of standardized metrics, high training and infra-
structure costs, and ethical concerns in model governance, 
indicate that CPathFM development remains an emerging 
paradigm rather than a source of ready-to-deploy clinical 
solutions. Future work should therefore place greater empha-
sis on clinically meaningful validation, broader morphological 
coverage, clearer model scope, transparent data provenance, 
reproducible and responsible model sharing, and workflow-
compatible human–AI collaboration. With continued prog-
ress in these areas, CPathFMs may gradually develop from 
general-purpose pathology backbones into reliable tools that 
support cancer pathology research and, eventually, selected 
clinical applications.   
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