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ABSTRACT

Digital and computational pathology 
are expanding rapidly worldwide, driven 
by advances in whole‑slide imaging, AI 
algorithms, multimodal data integration, 
and improved digital infrastructure. 
Adoption continues to accelerate in 
the United States and internationally, 

supported by professional guidelines, 
emerging reimbursement pathways, and 
the growing need for remote workflows 
and collaborative diagnostics. Progress 
in interoperability standards, regulatory 
frameworks, and FDA approvals has 
strengthened the foundation for clinical 
deployment, while large‑scale data 
repositories and federated learning 
approaches enable more robust and 
privacy‑preserving model development. 
Foundation models, multimodal AI 
systems, and LLM‑based copilots 
are reshaping diagnostic support, 
prognostication, workflow efficiency, 
clinical trials and drug discovery.

DIGITAL PATHOLOGY 
INFRASTRUCTURE – UNITED 
STATES AND GLOBAL

• �The implementation of computational 
and digital pathology in the United States 
continues to develop despite the problems 
related to financial investment, data 
storage, reimbursement uncertainties, and 
regulatory constraints.

• �The digital pathology market is projected 
to exceed $2 billion by 2032 [1-3]. This 
increase is supported by new applications, 
such as biomarker quantification, large-
scale image archiving, inter-institutional 

slide consultation, and telepathology [1].
• �Broader implementation and 

standardization are encouraged by 
guidelines and recommendations issued 
by entities like the College of American 
Pathologists (CAP) and other professional 
bodies, such as the Digital Pathology 
Association (DPA), the European Society 
of Digital and Integrative Pathology 
(ESDIP), and others.

• �On par with the United States, the primary 
factors that drive international adoption 
are based on the growing burden of cancer 
worldwide, understaffing, the need for 
personalized medicine, and collaborative 
diagnostic processes [3,4].

• �International adoption of digital and 
computational pathology remains uneven. 
A higher pace of adoption is mentioned 
in high-income countries. In contrast, 
developing countries face technical, 
financial, and workforce challenges when 
implementing digital initiatives [3,4].

• �A growing need for professional awareness, 
domain‑specific education, and broader 
advocacy for digital pathology is reflected 
in the recent establishment of several 
continental societies, including the Asian 
Society of Digital Pathology (ASDP), 
the African Society of Digital Pathology 
(AFSDP), and the Latin American Society 
of Digital Pathology (LASDP), alongside 
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Fig. 1. Brief overview of the advancements in digital and computational pathology.

the longer‑standing ESDIP and DPA.

SURGE IN DIGITAL 
PATHOLOGY ADOPTION

• �A global surge in adoption of digital 
pathology has been driven primarily by 
advances in scanning technology and speed, 
the expansion of AI tools, and the growing 
need for remote workflows (Fig. 1).

• �An international survey conducted in 2023 
across 127 laboratories reported that 57% 
of these laboratories had implemented 
digital pathology for research or clinical 
purposes. This implementation works to 
improve turnaround time, case traceability 
within departments, and multi-site 
collaboration. The survey also reported 
challenges with laboratory information 
systems (LIS) integration and a lack of 
workforce training [5].

• �In 2024, CAP estimated that digital 
pathology adoption is approximately 10% 
in U.S. labs [6].

• �In 2023, the American Society of 
Cytopathology (ASC) conducted a 
large-scale international survey about 
the use of scanners in cytology, with 
327 participants. The results indicated 

that most respondents do not routinely 
scan cytology slides, highlighting 
concerns of image quality and the 
cost of implementation; however, 
pathologists also indicated interest in the 
implementation of the technology for 
screening liquid-based Papanicolaou tests, 
rapid onsite evaluation, and AI-assisted 
screening [7].

LATEST GUIDELINES AND 
RECOMMENDATIONS

• �CAP recommends using a validation set of 
at least 60 cases, with consistency between 
whole-slide images (WSI) and glass slide 
reads greater than 95%, for implementation 
of digital pathology workflow [8].

• �CAP also advocated for the 
implementation of 30 new Category 
3 CPT codes in 2024 to highlight the 
additional work involved in digitizing 
surgical pathology slides for primary 
diagnosis [9].

• �The Center for Medicare & Medicaid 
Services (CMS) has released their newest 
recommendation in 2025, which indicates 
that all remote review of digital cytology 
specimens requires a remote location with 

a separate CLIA certificate [10].
• �ASC proposed a structured validation 

process for telecytology, including 
training, retrospective slide review, and 
hardware/software testing [11].

• �Consensus-based recommendations 
released by the Royal College of 
Pathologists (RCP) (UK) [12], ESDIP 
[13], and European Society of Pathology 
(ESP) [14] reflect European approaches to 
the implementation of digital pathology.

INTEROPERABILITY AND 
STANDARDIZED FRAMEWORKS

• �Interoperability remains hindered by 
technical issues, such as proprietary image 
file formats, diverse data types, and legacy 
systems.

• �Economic barriers to interoperability 
and standardized frameworks include 
high costs, vendor lock-in, and limited 
reimbursement incentives.

• �Regulatory and organizational challenges 
primarily arise from a fragmented health 
IT ecosystem, workflow variability, 
compliance complexities, and resistance to 
change.

• �Due to these reasons, standardization has 
accelerated through the adoption and 
implementation of key interoperability 
standards.

  o �IHE Digital Pathology Image 
Acquisition (DPIA) profile, 
Health Level 7 (HL7) for metadata 
exchange, and Digital Imaging and 
Communications in Medicine 
(DICOM) for image encoding are the 
main standardization efforts.

• �These frameworks enable consistent 
communication between slide scanners, 
viewers, the LIS, and analytics systems.

• �While progress has been made and 
continues, substantial improvement 
remains necessary, requiring collaboration 
among governmental agencies, medical 
organizations, and the private sector [15-17].

REGULATORY PROGRESS AND 
FDA APPROVALS

• �The key criteria for the approval of AI 
and digital pathology in medical devices 
are based on safety and effectiveness 
through valid scientific evidence, and these 
should prove that the benefit outweighs 
the risk for the intended use in the target 
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Fig. 2. Interface of the World Tumor Registry public platform showing WSI viewer, multiple slides representing a single case, descriptive 
case notes, diagnostic features annotated directly on the slides, and accompanying case details.

population.
• �FDA approvals have spanned all the 

domains of digital and computational 
pathology, including scanners, image 
management systems (IMS), and AI 
algorithms for clinical use [18].

• �Examples of the latest FDA approvals:
  o �AISight Dx (PathAI): cloud-based 

digital viewing and management 
platform, which supports integration 
with several slide scanners [19].

  o �PathPresenter Clinical Viewer: digital 
pathology image management and 
viewer platform used for primary 
diagnosis, assisting in case tracking, 
image archiving, and collaboration 
features [20].

  o �Roche Digital Pathology Dx 
(VENTANA DP 200): automated 
digital slide creation, viewing, and 
management system intended for in vitro 
diagnostic use as an aid to the pathologist 
to review and interpret WSIs [21].

MULTIMODAL DATA 
INTEGRATION

• �Progress in multimodal data integration 

can be seen in devices and techniques that 
fuse histopathological images with clinical 
and molecular data.

  o �Rapid optical-genomic screening 
system DeepGlioma combines 
stimulated Raman histology with deep 
learning-based genomics to predict 
key glioma molecular alterations 
with 93% accuracy in < 90 seconds, 
demonstrating the potential of 
real-time histology and genomics 
integration in pathology [22].

• �Federated learning methods tailored 
to pathology enable multi-institutional 
model training by learning from local 
healthcare datasets and aggregating 
updates to build more robust and 
generalizable AI models while preserving 
data privacy (e.g., federated frameworks for 
WSI analysis).

• �Innovative approaches, like FedMM, 
address modality gaps across hospitals 
by training separate single-modality 
feature extractors, resulting in superior 
classification accuracy and area under 
the curve (AUC) on multi-institutional 
datasets [23].

• �To address heterogeneity across multiple 

pathology labs and medical institutions, 
PathFL recently introduced multi-level 
alignment strategies.

  o �Those strategies are applied at three 
distinct levels: “style, feature, and model 
aggregation.”

  o �This alignment involves slide scanners, 
organs, modalities, and sources to 
improve validity in pathology image 
segmentation [24].

BIG DATA REPOSITORIES

• �High-throughput scanners revolutionized 
the digital pathology field due to rapid 
scanning of glass slides with file sizes 
ranging from hundreds of megabytes 
to gigabytes. Traditional databases are 
inadequate to hold this large amount of 
data [25].

• �In recent years, structured data 
repositories have been developed to 
enable standardized storage, metadata 
annotation, and efficient data sharing. 
The aim is to support foundation model 
development, biomarker discovery, drug 
research, and education while accelerating 
AI innovation through access to large and 
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Fig. 3. Image demonstrating a surgical pathology book with web-based pathology 
image collection and organ-based text. This book uses QR codes to link each topic to 
the corresponding virtual slide. Gupta, Akanksha. Ace the Boards: Surgical Pathology 
Reimagined. 2022 (used with permission).

diverse cohorts [26].
  o �Examples of some big data repositories 

are: BIGPICTURE [26], BD4BO 
[27], eTOX [28], eTRANSAFE [29], 
MELLODDY [30], OPTIMA [31], 
VICT3R [32].

DIGITAL PATHOLOGY IN 
TRAINING AND EDUCATION

• �Digital and computational pathology 
innovation has expanded its benefits 
in pathology education and training. It 
has enabled the creation of web-based 
image collections/libraries of various 
diseases. These libraries are accompanied 
by annotations, which may highlight the 
various features on WSIs.

  o �Institutional and academic‑society 
WSI collections range from open 
access to closed and vary in curation 
rigor.

  o �PathologyOutlines.com continues 
to expand its virtual‑slide content on 
textbook pages.

  o �World Tumor Registry (WTR) is a 
web-based open-access collection of 
WSIs of tumors from every region of 
the world, annotated by subspecialty 
experts (Fig. 2). It removes geographic 
boundaries and serves as an educational 
and practical resource for cancer care 
and research [33].

• �The innovative integration of a web-

based pathology image collection with 
organ-based text can be supported by QR 
codes. These codes link each topic to its 
corresponding virtual slide. This approach 
combines the traditional hard-copy 
reading experience with immediate access 
to virtual slides, providing a dynamic and 
interactive learning environment for the 
next generation of pathologists (Fig. 3) [34].

AI-POWERED TOOLS FOR 
CLINICAL USE

• �In recent years, various AI-based tools and 
related technologies have demonstrated 
strong diagnostic and predictive/
prognostic capabilities. In different studies, 
the effectiveness of those beneficial tools 
has been repeatedly verified [35].

• �Expert panels predicted that many tasks 
in digitized pathology laboratories could 
be delegated to AI by the next decade 
[36]. The most promising applications 
include cancer detection and grading 
in histopathology (e.g. prostate, breast, 
gastrointestinal) and cervical cytology 
screening [37].

• �AI algorithms evaluate various tissue 
compartments and predict disease 
outcomes in breast, oropharyngeal, 
bladder, prostate, and non‐small‐cell lung 
cancers. Results from those algorithms 
showed great promise to shape treatment 
modality choice and patient-specific 

approaches instead of tumor/disease-
specific management by emphasizing risk 
scores of individuals [38].

  o �Diagnostic tools: FDA clearance 
of AI-powered applications reflects 
their diagnostic capability [39,40], as 
demonstrated by the approvals of Paige 
Prostate and Ibex Prostate Detect for 
prostate cancer diagnostics [41,42].

  o �Predictive/prognostic tools: predictive 
tools nourished by multimodal 
datasets, such as H&E, clinical data 
(age, PSA, grading, Ki67 status, etc.), 
and molecular data, to create a digital 
biomarker of indolence/aggressiveness 
of tumor. These algorithms can also 
predict treatment response. In recent 
years, AI‐powered tools that combine 
clinical data and H&E images have 
demonstrated their potential in the 
field [43-45].

• �Artera AI app uses multimodal AI to 
predict 5- and 10-year risk of distant 
metastasis and biochemical failure, as well 
as prostate cancer-specific and overall 
survival [46]. In addition, the potential 
benefit of androgen deprivation therapy, 
radiotherapy, and castration resistance 
prediction for patients has been effectively 
estimated in clinical trials [47,48].

• �RlapsRisk BC predicts 5-year metastasis-
free survival in early, ER-positive, HER2-
negative breast cancer [44].

• �Computational histology and AI (CHAI) 
is an algorithm that works on high-risk 
non-muscle invasive bladder cancer to 
predict BCG response [45]. It creates an 
AI-based signature to stratify these patient 
groups as high- and low-risk in terms 
of recurrence-free and progression-free 
survival.

VIRTUAL STAINING

• The concept of virtual staining has emerged 
in recent years as a valuable complement 
to the diagnostic process, driven by the 
increasing use of high‑throughput digital 
pathology and deep learning methods. 
Virtual staining refers to the synthetic 
generation of images that replicate routine 
diagnostic stains. When properly validated 
and integrated into the digital pathology 
workflow, virtual staining can offer 
meaningful gains in cost‑effectiveness and 
time efficiency [49].

https://www.pathologyoutlines.com/
https://www.worldtumorregistry.org/


https://doi.org/10.4132/jptm.2026.04.27368

FOUNDATION MODELS

• Foundation models (FMs) are large-
scale AI models trained on vast and diverse 
datasets that can be adapted to a wide range of 
downstream tasks with minimal fine-tuning.
• �FMs can be applied to a wide range of 

downstream tasks, including cancer 
subtyping, mutation prediction, 
biomarker detection, spatial proteomics 
analysis, and pan‑cancer detection 
independent of tissue type.

   o �Prov-GigaPath is a whole-slide 
pathology FM trained on 1.3 billion 
tiles [50]. It demonstrated robust 
performance in cancer subtyping and 
pathomics tasks.

   o �Virchow model achieved a 0.95 AUC 
in detecting 16 types of cancers, both 
rare and common, using nearly 1.5 
million H&E slides [51].

   o �CytoFM, the first cytology FM, 
demonstrated the adaptability of FMs 
to cytology specimens and was trained 
on 1.4 million cytology patches [52].

   o �KRONOS, a spatial proteomics FM, 
was trained on 8 fluorescence-based 
imaging platforms, 16 tissue types, 175 
protein markers, and 47 million image 
patches [53].

• �Studies have shown that FMs can help 
guide computational pathology to tailor 
patient-specific approaches.

AI COPILOTS

• �Large-language models (LLMs) are AI 
systems trained on massive amounts of text 
data to understand, generate, and respond 
to human language in a way that mimics 
human communication. The input and 
output of these models can be unimodal 
or multimodal, spanning text, images, 
audio, and other data types.

• �The interactive nature of LLMs and 
generative AI is driving the emergence 
of specialized AI assistants in 
human‑integrated workflows.

• �In pathology, generative AI has a 
revolutionary potential to improve 
diagnostic accuracy, workflow efficiency, 
education, and research [54].

   o �PathChat is a vision-language generalist 
AI tool to assist pathologists in 
diagnostic tasks [55]. This multimodal 
AI copilot was generated on 

approximately one million pathology-
related answers and questions. The 
performance of that algorithm was 
evaluated by both multiple-choice and 
open-ended questions.

   o �Alba AI copilot has the potential to 
aggregate multi-sourced data, help with 
routine diagnostics, perform image 
analysis for cancer detection, screen 
biomarkers, and generate pathology 
reports with the help of voice and chat 
assistance [56].

   o �PathAsst multimodal LLM was 
designed to overcome the lack of high-
quality data and specialized models 
[57]. Experimental results showed 
that it outperformed existing models 
in visual question answering tasks in 
pathology.

   o �TeamPath algorithm was designed 
to enhance multimodal pathology 
diagnosis with the help of reasoning 
AI copilots [58]. TeamPath’s 
framework was shaped by human-
AI collaboration and showcases the 
power of an algorithm to correct and 
verify pathologist-provided answers 
and reasoning paths.

• �General‑purpose LLMs such as ChatGPT 
and Gemini are widely used by pathologists 
for administrative, educational, and other 
tasks [59]. Because they are not trained on 
domain‑rich pathology datasets and lack 
clinical‑grade validation or approval, their use 
for diagnostic purposes is discouraged due to 
limited performance and privacy risks [60].

DIGITAL AND COMPUTATIONAL 
PATHOLOGY IN CLINICAL 
TRIALS AND DRUG DISCOVERY

• �Digital and computational pathology 
provide multidimensional benefits 
in clinical trials and drug discovery 
by enabling centralized slide review, 
improving accuracy and efficiency, and 
supporting standardized and reproducible 
interpretation across participating 
centers. Various integrated data analytics 
tools allow efficient patient enrollment, 
randomization, stratification, and 
endpoint evaluation in clinical trials.

• �Improved digital pathology platforms 
streamline study protocols and enable 
real-time result evaluation, enhancing 
toxicopathology workflows, which involve 

evaluating tissue changes in non‑clinical 
models to assess drug safety. Digitization 
also facilitates navigation of complex 
regulatory requirements, including 
specimen handling, data safety, integrity, 
and compliance.

• �Lately, the integration of molecular/
genomic data has enabled complex 
tissue-based experiments and 
strengthened global collaboration among 
pharmaceutical companies, technology 
vendors, and clinical researchers. These 
advances are helping to drive the continued 
development of precision medicine [61].
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