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A B S T R A C T

Computational pathology, a field at the intersection of computer science and pathology, le
verages digital technology to enhance diagnostic accuracy and efficiency. With the digitization of 
pathology and the development of artificial intelligence, computational pathology has made 
significant strides in the automatic analysis of pathology images, including pathological structure 
segmentation, tumor classification, and prognosis analysis. Driven by large-scale datasets and 
advanced methods, computational pathology is moving toward building foundation models to 
reach more general applications. Generative methods provide a new perspective on addressing 
challenges in computational pathology. However, challenges in data security and model relia
bility, reproducibility, and clinical application remain. This review outlines the evolution of 
computational pathology from pathology slide digitization to pathology image analysis, con
solidates the development of foundation and generative models in computational pathology, and 
discusses the key challenges that persist. Finally, we introduce some rising techniques for pre
cision pathology.

1. Introduction

Computational pathology integrates advanced digitization and analysis technologies into the field of pathology, enhancing re
search and clinical diagnosis. The digitization of pathology slide images is a process that converts pathological slides into whole-slide 
images (WSIs). This can preserve the integrity of the original pathology data and enable computational analysis.

Due to the large size of gigapixel images, pathology image analysis suffers from challenges such as memory constraints and 
processing speed. To manage these large images, tiling divides them into smaller, manageable segments, enabling efficient processing 
and reducing memory demands. Additionally, graphics processing units leverage parallel computation, accelerating tasks such as 
segmentation and classification by distributing operations across multiple cores.

The continuous development of image-processing algorithms has been pivotal to the evolution of computational pathology since 
the 1980s. In the 2010s, the use of machine learning in computational pathology began to emerge.1,2 The success of AlexNet in 2012 
marked a breakthrough in deep learning for image analysis, driving its application in pathology image analysis, including in cell 
segmentation, tumor detection, tissue classification, and prognostic prediction. Different from predictive models, generative models 
create synthetic data, expanding the scope of deep learning applications in pathology and promoting the performance of deep 
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learning-based models. Recently, advances in artificial intelligence (AI) have provided a robust technical foundation for computa
tional pathology. Through deep learning algorithms, computers can learn and extract features from a large dataset of pathology 
images, enabling automated analysis.

The volume of pathology data is growing rapidly. This growth was initiated by the Cancer Genome Atlas program led by the 
National Cancer Institute of United States , which released a vast amount of pathology images and genetic data.3 With such 
growth, the application of big data technology has become increasingly important. In big data technology, massive amounts of 
data can be stored, managed, and analyzed to discover the relationships and patterns hidden in the data. Furthermore, cloud 
computing simplifies the storage, sharing, and computation of pathology data, facilitating cross-organizational collaboration 
and research.

The development of precision medicine is also one of the key driving factors of computational pathology. Precision medicine 
emphasizes the development of personalized treatment plans based on an individual’s genetic, environmental, and lifestyle factors. 
Pathology, as an important component of precision medicine, requires efficient and accurate tools for analyzing pathology images. 
Computational pathology provides comprehensive pathology information by integrating pathology images, genomic data, and 
clinical data, helping to achieve accurate diagnosis and treatment. The emergence of novel techniques and methods can accelerate 
the development of precision medicine, such as 3D pathology, omics, and multimodality models.

Therefore, this review summarizes the development of the main directions of computational pathology in precision medicine, 
including digital pathology images, pathology image preprocessing, pathology image analysis, and synthetic pathology data. 
Moreover, with foundation models emerging, their applications in pathology are condensed in this review. Finally, we discuss some 
ongoing challenges and outline several emerging directions.

2. WSI acquisition and display

WSI acquisition involves several stages, including slide preparation, staining, microscopy, scanning, and stitching. Additionally, 
various applications support WSI viewing and enable algorithms for further analysis. The whole process is summarized in Figure 1A.

2.1. Slide preparation

Slide preparation is a fundamental step in ensuring an accurate diagnosis. Tissue samples are obtained from patients through 
surgery or biopsy. These samples are processed using various methods, including formalin-fixed paraffin-embedded sections, frozen 
sections, and smearing. The formalin-fixed paraffin-embedded preserves tissue by fixing it in formalin, embedding it in paraffin, and 
sectioning it for long-term storage and histological analysis. In frozen sections, tissue is rapidly frozen and sectioned to preserve 
molecular integrity, which allows it to be utilized in intraoperative diagnosis, though it may suffer from cold-induced damage. In 
smearing, fluid samples are spread on slides before undergoing fixation and staining, making this process suitable for blood and bone 
marrow.

2.1.1. Staining
Staining is a key procedure in manifesting tissue structure. The principle of staining is based on the affinity of different tissues or 

cells to specific dyes. Various staining techniques substantially enhance the visualization of tissue details and assist in more precise 
pathology analysis (Figure 1B).

The most common staining method is hematoxylin-eosin (H&E) staining wherein hematoxylin binds with cell nuclei and eosin 
binds with the cytoplasm, showing an overall blue-pinkish color. While H&E provides a clear structural view of the cells and tissues, it 
does not have the molecular specificity for certain differential diagnoses.

In contrast, immunohistochemistry (IHC) and immunofluorescence are groups of staining methods with high specificity to detect 
protein expression in tissue sections based on the mechanism of antibody–antigen binding. Antibodies are conjugated with enzymes 
in IHC or fluorescent dyes in immunofluorescence to detect and visualize specific antigens. In IHC, enzymes catalyze a color change 
through an enzyme–substrate reaction. IHC offers stable markers for routine histological studies. However, IHC is limited by the 
narrow color range of its enzymatic reactions, which restricts its ability to support multiplex staining. Immunofluorescence uses 
fluorescent dyes conjugated to antibodies, with multispectral excitation enabling precise quantitative analysis and multiplex staining. 
It has lower toxicity than IHC and is suitable for dynamic live cell imaging to study cell behavior. However, it is prone to photo
bleaching, limiting repeated imaging.

Additionally, there are special staining techniques, such as Masson’s trichrome, periodic acid–Schiff (PAS) staining, and Jones’ 
methenamine silver staining. These methods rely on the affinity of specific tissues or cells for certain dyes, targeting different tissue 
components or pathological conditions to highlight and identify specific structures or changes.

2.1.2. Microscopy
For H&E and IHC images, bright-field microscopy is typically used for observation. Here, visible light transmits through the 

sample for imaging. Fluorescence imaging has advanced with techniques such as wide-field, confocal, light sheet, and super-re
solution microscopy, enabling higher resolutions and multichannel imaging. Wide-field microscopy captures large sample areas with 
uniform illumination, which is ideal for quick fluorescent marker observation. However, it suffers from out-of-focus blur and 
background noise, reducing contrast and resolution. In contrast, confocal microscopy uses a laser to exclude out-of-focus signals, 
enhancing contrast and resolution for thicker samples but at a slower imaging speed. Light sheet microscopy excites specific regions 
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with a thin light sheet, scanning layer by layer for 3D data, though resolution is limited by diffraction. Super-resolution techniques 
(such as stimulated emission depletion microscopy and single molecule localization microscopy) surpass the diffraction limit, pro
viding higher resolutions for detailed observations.7

Meanwhile, stain-free microscopic techniques are rapidly advancing. Early differential imaging techniques (e.g., phase-contrast 
microscopy and differential interference contrast microscopy) enable the observation of fine structural contours in transparent 
samples and live cells. Recent advancements in Raman imaging and mass spectrometry imaging have enabled the precise mapping of 
molecular components without the need for traditional staining methods. In Raman imaging, light from a Raman laser interacts with 
cellular molecules, exciting them to produce specific spectral features. By detecting these spectral signals and combining spatial 
information, Raman imaging provides detailed information on the chemical composition and molecular structure of the sample.8

Mass spectrometry imaging extracts ions from the surface of the sample using specific techniques and analyzes their mass and 
abundance with a mass spectrometer, revealing the composition of the sample.9

2.2. WSI acquisition

The pathology slides prepared above are sent to a high-resolution scanner. Modern scanners can achieve image resolutions below 
0.2 microns per pixel with a total magnification of 400 times using a ×10 eyepiece and a ×40 objective, as illustrated in Figure 1C 
and 1D. The camera of a scanner can typically capture an image of approximately 2000 × 2000 pixels within a single field of view. 
This image is referred to as a “tile.” To acquire the entire tissue image from a pathology slide, multiple tiles must be scanned and then 
stitched together to form a large WSI. Image stitching mainly uses registration methods to extract and match feature points, calculate 
the transformation matrix, and seamlessly fuse the images through spatial transformation.10

Figure 1. Whole-slide image (WSI) digitization procedure. Figure 1A illustrates the whole process of WSI digitization composed of sample preparation, staining, 
microscopy, WSI acquisition, and viewing. Figure 1B illustrates various staining types, with permission from the publishers, including the Springer Nature4,5 and the 
American Chemical Society.6 Figure 1C is a WSI pyramid. Figure 1D illustrates different magnifications in WSI. Abbreviations: 1. FFPE: formalin-fixed paraffin- 
embedded 2. H&E: hematoxylin and eosin 3. IHC: immunohistochemistry 4. IF: immunofluorescence 5. MT: Masson’s trichrome 6. PAS: periodic acid-Schiff 7. JMS: 
Jones’ methenamine silver 8. SMLM: single molecule localization microscopy 9. STED: stimulated emission depletion microscopy 10. PC: phase contrast 11. DIC: 
differential interference contrast 12. MSI: mass spectrometry imaging 13. TIFF: tagged image file format 14. OME-TIFF: open microscopy environment TIFF 15. 
DICOM: digital imaging and communications in medicine.
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For the entire 15 × 15 mm sample range, up to tens of billions of pixels can be obtained. The file size ranges from hundreds of 
megabytes to several gigabytes for a single image. Therefore, with such an ultra-high pixel count, WSI requires special storage 
formats and viewing solutions.

Rather than the formats commonly used for photo images, the tagged image file format (TIFF) is a more suitable choice for storing 
such large WSIs. Indeed, most scanner manufacturers use WSI formats based on the TIFF image format and its variants, such as 
BigTIFF and GeoTIFF. These formats not only support the reading of any area but also store multiple magnification and down
sampling multiples of images (×5, ×10, ×20, ×40) in a pyramid structure. It is worth mentioning that lossy compression, which is 
often taboo for radiology images, is widely used in pathology image storage due to the huge amount of pathology images. It is 
precisely because of the sufficient compression rate of lossy compression that remote pathology consultation becomes possible.

However, the current WSI format lacks a unified standard, which affects its interoperability and storage efficiency. To address this 
challenge, the Open Microscopy Environment TIFF (OME-TIFF)11 and Digital imaging and communications in medicine12 aim to 
unify WSI storage formats. OME-TIFF was developed by the OME organization and supports the storage of multidimensional data to 
save detailed experimental information. Digital imaging and communications in medicine is a set of standards widely used in medical 
imaging, supporting multilevel and multispectral data storage, ensuring compatibility between different devices and systems and 
promoting the application of digital pathology.

2.3. Image viewing and analysis platform

A WSI with lossy compression may reach several gigabytes. When the image is decompressed from the file for display and 
processing, the amount of uncompressed data brings huge challenges to common image-browsing software and computer hardware. 
When observing histopathology images, the microscope’s field of view is adjustable. This requirement allows the image viewing 
software to dynamically adjust the field of view that needs to be loaded into memory at the moment, obtaining a smooth image 
browsing experience. Open-source software, such as QuPath,13 Fiji,14 CellProfiler,15 and Icy,16 provides comprehensive image 
analysis and user-friendly interfaces. 3D Slicer, a well-known open-source software platform in the field of radiological imaging, also 
has image viewing and analysis modules for WSI.17 Furthermore, AI-based pathology toolkits, such as PathML18 and TIAToolbox,19

provide researchers with high-performance tools, further promoting the research and application of digital pathology.

3. Digital pathology image analysis

3.1. Stain color normalization

As discussed in Section 2.1, the appearance of WSI varies depending on the parameters used for specimen preparation, such as 
staining protocols, scanner types, and imaging settings. Stain color normalization aims to reduce or eliminate such differences.

Figure 2. Stain normalization in computational pathology. First, the target image and source image need to be determined. Figure 2A shows the methods based on 
histogram, Figure 2B shows the methods based on color space, Figure 2C shows the methods based on staining feature decomposition, Figure 2D shows the methods 
based on region normalization and E shows the methods based on deep learning. (X and X represent the input data and the reconstructed data, respectively; Y is the 
transferred image; GAB and GBA denote the generators that translate images from domain A to B and from domain B to A, respectively). Abbreviations: 1. DL: deep 
learning 2. GAN: generative adversarial network 3. T/F: true or false 4. D: discriminator.
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Techniques for color normalization include color transfer based on the histogram, color space conversion, staining feature ex
traction, and deep learning (Figure 2). The evaluation of stain normalization can be divided into structure similarity (e.g., multiscale 
structural similarity index, Pearson correlation coefficient, and root mean square error)20 and stain separation (e.g., distance- 
weighted discrimination for measuring staining feature decomposition21).

The histogram-based method aligns the histogram distribution of the source image and the target image,22 although it may ignore 
the local structure and contrast information, resulting in a loss of details. The color space conversion method proposed by Reinhard 
et al.23 converts the image from RGB to other color space for normalization. The images are then transformed back to RGB space. In 
contrast, staining feature extraction aims to normalize stain information in feature space. The Beer–Lambert law transforms the color 
space into an optical density space, where image staining information is decomposed into a color appearance matrix and a staining 
concentration matrix. To better decompose these matrices, several methods are applied, such as empirical prior,24 singular value 
decomposition,21 independent component analysis,25 non-negative matrix factorization,26–28 and optimization.29 However, these 
methods are often performed globally and do not fully consider the image’s local information. Various studies have proposed the use 
of unsupervised algorithms for pixel classification to achieve region-based normalization, such as K-means, expectation-maximization 
clustering, and variational Bayesian clustering.30

Deep learning techniques also shed light on the color normalization tasks.31 For example, generative adversarial networks (GANs) 
have been widely adopted.20,32–34 Different from the method that relies on a single target image, GAN learns the distribution of the 
target domain and realizes color style transfer through a deep learning algorithm while maintaining high-resolution information, 
thereby improving the performance of color normalization. Although the color normalization method based on deep learning can 
produce high-quality normalized images, the predicted images may affect the performance of the pretrained models and the relia
bility of generated cases.35

3.2. WSI quality control

Artifacts arising from various stages of preparation, scanning, and processing notably degrade the image quality of WSIs. During 
section preparation, air bubbles and tissue folds are common issues, while uneven section thickness and unstable scanning systems 
lead to blurriness. Markers, ink traces, dust, and other residues from slide preparation can interfere with image quality, affecting 
subsequent analysis and interpretation. In clinical practice, standardized procedures are crucial for minimizing artifacts, encom
passing standard section preparation, consistent scanning protocols, and robust quality control measures.36 Quality control (QC) 
relies on human observation that varies. Computer-aided QC can develop more quantitative methods. QC can be divided into re
ference-based methods and non-reference-based methods. Reference-based methods compare images with high-quality references to 
calculate the differences. Non-reference-based methods assess image quality without reference images, offering more adaptability 
than reference-based QC.

Non-reference-based QC is broadly categorized into traditional feature-based methods and deep learning-based approaches. 
Feature-based methods use general quality assessment (e.g., color saturation and contrast),37 novel quality assessment,38–40 and 
image features (e.g., texture features,41 color histograms42) combined with classifiers43,44 to identify common artifacts, such as out- 
of-focus regions and tissue folds. However, the co-occurrence of multiple artifacts within localized regions further complicates ac
curate detection and analysis and makes region-level or pixel-level calculation necessary. Using labeled datasets, deep learning 
models can adapt to multi-artifact prediction and high performance in various scenarios.45,46 However, their performances heavily 
depends on the availability of annotated datasets and extensive computation.

Some researchers promoted various toolkits to help pathologists build quantitative and accurate QC. HistoQC combined various 
feature-based methods to provide a scalable and automated pipeline to quantify artifacts in WSIs.47 GrandQC provided a pretrained 
model to detect tissue and artifacts in H&E-stained WSI, driven by large annotated datasets of multiple centers and organs.48

3.3. Segmentation in the WSI

Image segmentation extracts various regions of interest (ROIs), such as the nucleus, glands, and tumors. It is the basis for the 
subsequent quantitative analysis. In what follows, the segmentation is divided into two categories: traditional approaches and deep 
learning approaches.

3.3.1. Traditional approaches to nucleus segmentation
Because of the distinct color of the nuclei in H&E staining, early studies heavily utilized threshold-based segmentation, which sets 

a threshold in some appropriate color space.49,50 Subsequently, the most challenging problem in nucleus segmentation is the “clump” 
of nuclei. In some scenarios, different types of cells, such as columnar epithelial cells and tumor cells, are found near each other. 
When the cytoplasm between adjacent cells is not abundant, it appears in the imagery that the nuclei are adhered together. In such 
cases, traditional threshold-based segmentation methods often result in a clump that includes multiple nuclei. Consequently, the 
challenge lies in how to separate this clump into individual nuclei, which is a common issue encountered when using conventional 
methods to segment nuclei. To address this issue, researchers have proposed various methods, such as texture feature clustering,51–54

the watershed algorithm,55–58 the graph cut method,59–61 and active contour.62,63 However, the performances of these methods are 
still limited when dealing with complex situations.
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3.3.2. Deep learning for segmentation at the cell level
Deep learning methods leverage their feature-learning capabilities to extract boundary features suited to various challenges 

(Figure 3A), such as varying cell sizes, blurred contours, diverse morphology, and overlapping instances. To address varying cell 
sizes, numerous studies have focused on improving network architectures and introducing boundary-aware loss functions to enhance 
multiscale features and boundary feature learning.64,65 For blurred contours and diverse morphologies, learning detailed boundary 
information is crucial. Regression-based methods have been employed to predict rich boundary information. These methods predict 
different types of morphological and boundary details, such as contour masks66,67 and the spatial distribution of cells.68–73 Over
lapping instances often result from the preparation process and cellular arrangement. Some studies focused on predicting overlapping 
and nonoverlapping regions.74,75 Moreover, other researchers proposed leveraging the visible parts of the cell to predict the mor
phology of occluded instances.76–78

Mitotic figures, being a special stage of cells, are closely related to cancer staging and differential diagnosis(Figure 3B). Research 
has also explored the detection of mitotic figures.81–83 Due to the varied morphologies and small size of mitotic cells, morphology and 
contour-based methods alone cannot effectively identify them. Therefore, methods based on object detection84–86 are widely used in 
mitotic cell recognition.

Furthermore, reliance on extensive manual annotation and high computational costs present daunting challenges for the devel
opment of cell segmentation models. To mitigate the dependency on detailed annotations, weakly supervised learning87–91 and self- 
supervised learning92–98 have emerged as promising alternatives. Additionally, the high resolution of pathology images demands 
substantial computational resources, which has spurred research on designing lightweight architectures for efficient instance seg
mentation.99,100 In addition, the diversity of pathological images, which is influenced by variations in staining techniques and 
microscopy modalities, further complicates cell segmentation (Figure 3C). As data and model parameters grow, developing a uni
versal cell segmentation model becomes a promising direction.101 Ma et al.80 have already built large-scale multimodality datasets for 
generalizable segmentation models with excellent performance.

3.3.3. Deep learning for segmentation at the tissue level
The composition and distribution of tissues play an important role in the diagnosis and prognosis of cancer. Abundant studies 

focus on automatically segmenting various tissue types, for instance, tumors,102,103 glands,104–106 blood vessels,107,108 and even 
multiple tissue types,109–111 as illustrated in Figure 3D. Owing to the difficulty of pixel-level annotation, some researchers have 
developed methods based on weakly supervised learning. In weakly supervised learning, the annotation of tissues is sparse, typically 
consisting of the contours or image-level labels of ROIs. To enrich the label, Xu et al.112 applied multiple-instance learning techniques 
to generate instance-level labels for segmentation model training. Chan et al.113 used a pretrained instance-level tissue classification 
model to predict pixel-level activation maps, which obtained information on different tissues and served as a pixel-level supervision 
signal. Zhong et al.114 used a lightweight model to predict the ROIs and generated pseudo labels through consistency constraints for 
student network supervision to achieve tissue segmentation.

Figure 3. Segmentation in computational pathology. Figure 3A shows nucleus segmentation. Figure 3B shows mitotic cell detection.79 Figure 3C shows multimodality 
segmentation. Figure 3D exemplifies tissue segmentation with three types: tumor regions, inflammatory areas, and stromal areas. In Figure 3A–D, the images on the 
left display the original pathology slides, while the images on the right show the corresponding segmented results. The images of Figure 3A and Figure 3D are 
annotated by TIAToolbox.19 The images of Figure 3C are reproduced with permission from the Springer Nature.80
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3.4. Classification in the WSI

The classification of tissue types plays a major role in pathology. Tasks such as differentiating between benign and malignant 
tumors and measuring lesion areas can benefit from quantitative computation analysis.

3.4.1. Classification with traditional methods
Before the deep learning era, most machine learning methods often relied on pathologists’ handcrafted features and used machine 

learning-based classifiers (e.g., support vector machines [SVMs]) to perform the analysis.115–117 Nguyen et al.118 extracted nuclei 
shape features and textural features using Gabor filters to predict nuclei classification using an SVM classifier in prostate cancer. 
Basavanhally et al.119 used nucleus detection by combining region growing and Markov random fields. The detected nuclei were 
represented as a graph, converted into a graph vector, and input into an SVM classifier to predict lymphocytic infiltration grading in 
breast cancer. Huang et al.120 proposed a nuclei segmentation method that combines marker-controlled watershed transform and the 
active contour technique. They extracted six types of cellular features: nucleocytoplasmic ratio, nuclear irregularity, hyperchro
matism, mean nuclear size, anisonucleosis, and nuclear texture. These features were fed into an SVM-based classifier to predict the 
grading of hepatocellular carcinoma. However, traditional methods suffer from reliance on handcrafted features, which are in
sufficient for capturing the complex patterns and subtle variations in pathology images.

3.4.2. Classification with deep learning methods
Since their debut, convolutional neural networks (CNNs) have become a mainstream method due to their excellence in image 

classification.121,122 Although CNNs have excellent classification capabilities for images of typical small sizes. However, the large 
sizes of WSIs, which may contain thousands of small images (patches), often make them too big to fit into GPU memory. Integrating 
CNNs to handle the classification of patches while maintaining superior performance presents a challenge. What makes the situation 
more challenging is the heterogeneity among these patches. Hou et al.123 proposed a method based on fusing local CNN classification 
and overall WSI statistics. Many subsequent studies on WSI classification have drawn inspiration from this approach.124–126

However, there is a bottleneck in improving WSI classification performance due to the expensive cost of outlining pathology data, 
particularly for large WSIs. Fortunately, multiple instance learning (MIL) provides new insights for pathology image classification. 
MIL excels in tissue classification due to its ability to handle uncertain labels and complex scenarios. Given the high resolution of 
WSIs and the cost of pixel-level annotation, MIL splits WSIs into instances and treats a set of instances as a bag, leveraging both local 
and global image information for efficient classification using bag-level labels. This approach minimizes reliance on pixel-level or 
instance-level labels, addressing the challenges of processing super high-resolution images and sparse labeling.

MIL’s effectiveness in pathology image analysis hinges on three components: instance feature extraction, aggregation, and clas
sification. For feature extraction, pretrained CNNs127 and self-supervised extractors128,129 are utilized. In terms of feature aggrega
tion, traditional methods (for instance, mean and maximum aggregation130,131) can be hindered by noisy instances. Attention me
chanisms128,132,133 and transformer networks,134 as shown in Figure 4A and 4B, boost the aggregation ability by weighting instance 
features and capturing instance-to-instance contextual information, respectively. Attention-based feature aggregation is used to 
predict the attention scores of patch features and sum the patch features with attention weights. In contrast, transformer-based 
feature aggregation involves inputting a class token and patch features added with positional embeddings into a transformer network 
for feature aggregation, and finally using the output class token as the WSI feature. Additionally, graph neural networks offer a 
sophisticated approach to feature aggregation by capturing complex node and edge relationships.135 Different from the previous two 
methods of feature aggregation, graph neural networks can adapt to various feature types136–139 and integrate multiscale fea
tures,140–142 as illustrated in Figure 4C.

Figure 4. Multiple instance learning in computational pathology. Multiple instance learning computes the patch features from the patches using a feature extractor 
and inputs the final whole-slide image (WSI) features into a WSI-based classifier for prediction after different feature aggregation methods. Multiple instance learning 
has different feature aggregation methods. Figure 4A displays attention-based feature aggregation, Figure 4B displays transformer-based feature aggregation, including 
position embeddings (PEs) and a class token (T), and Figure 4C displays feature aggregation based on graph neural networks (GNNs).
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3.5. Prognostic analysis with computational pathology

Prognostic analysis predicts disease progression and outcomes, offering critical insights for doctors to enhance treatment stra
tegies and patient survival rates. In computational pathology, prognostic analysis enables the precise capture of microenvironmental 
features in pathology images, aiding in disease progression prediction. It uncovers patterns that are difficult for pathologists to 
identify through visual inspection, improving prognostic accuracy. This section will cover two prognostic analysis methods: hand
crafted feature-based and deep learning-based approaches (Figure 5).

3.5.1. Prognostic analysis based on handcrafted features
The prognosis assessment of tumors is inseparable from factors such as the local microenvironment of the lesion and global 

structural traits. These factors serve as biomarkers to manifest the information, which mainly requires manual annotation or model 
prediction to acquire ROIs and calculate the quantitative features of ROIs, including tumor matrix cell ratio, immune infiltration 
abundance, tissue cell number, tissue texture features, and cell nuclear morphology features.143–147 The calculated features are then 
used for prognostic analysis.

In model prediction, studies have shown that H&E staining images can predict prognostic factors, namely biomarkers, manifesting 
gene mutations, gene expression, and microsatellite instability.148,149 Biomarkers are typically detected using expensive and time- 
intensive techniques, such as IHC staining and fluorescence in situ hybridization. Therefore, much research focuses on predicting 
biomarkers based on conventional H&E staining, providing economical and efficient detection and prognostic analysis. Numerous 
studies have been conducted on bladder cancer,150 colorectal cancer,151 breast cancer,127,152,153 uveal melanoma,154 and ovarian 
cancer.155 Microsatellite instability is an indispensable factor in the prognosis of gastrointestinal cancer, and studies have shown the 
effectiveness of predicting microsatellite instability using H&E staining images.151,156,157

A

B

Figure 5. Prognostic analysis in computational pathology. Figure 5A illustrates prognosis analysis in computational pathology. Figure 5B illustrates fusion modules. 
Abbreviations: 1. V: Vector 2. K: Key 3. Q: Query 4. T: Transpose.
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3.5.2. Prognostic analysis based on deep learning features
Due to the complexity and diversity of diseases, the limited handcrafted features may not be sufficient for the prognosis, especially 

when combined with more modalities. In addition, with the increasing number of treatment types, the “right-hand side” of prognosis 
prediction becomes progressively more complex, leading to further increases in diagnosis and treatment costs. Therefore, studies 
have proposed AI-based methods to mine biomarkers with good prognostic stratification characteristics in pathology images, which 
helps improve the accuracy of treatment decisions and the efficiency of studying the pathological mechanisms of the disease. In this 
section, we will introduce the prognostic analysis based on pathology images and multimodality data (Figure 5A).

Prognostic analysis based on pathology images. Here, the deep learning algorithm first extracts the features from the image at 
multiple scales as well as at multiple locations and then builds a predictive model for prognosis prediction. Multiple studies use 
clustering,158 pretext task,159,160 transfer learning,161,162 and adversarial generative learning,163 among other strategies, to alleviate 
the problem of low performance of deep learning survival analysis caused by a small number of datasets. For the feature interaction 
learning in survival analysis, a variety of improved methods are used to optimize performance, such as ranking-based methods,164

multihead attention,165 and multiresolution learning.166 To improve interpretability, several researchers have proposed interpret
ability modules to identify important patches and unique morphological-physiological attributes167 and have combined attribution 
algorithms to locate and mine biomarkers.168

Prognostic analysis based on multimodality data. Although many studies concentrate on single-modality survival prediction, 
there are limitations to relying solely on the modality of pathology images. Clinically, survival analysis requires multimodality 
information, including radiology images, pathology images, clinical information, and genetic information, each of which contributes 
distinct insights into the patient’s condition. Integrating different modalities helps discover new biomarkers and promote persona
lized medicine. In multimodality learning, the fusion of different modalities gives rise to complex relationships, and modeling 
complex multimodality interaction features is critical. Early studies used operations such as feature concatenation, maximum fusion, 
mean fusion, and bit-wise addition to perform feature fusion.169–172 However, there are certain complex correlations between dif
ferent multimodality features, and simple concatenation may not be able to capture the deep relationships between modalities. 
Several studies have proposed fusion modules based on Kronecker products and gating attention to mine the relationship between 
modalities to enhance the feature representation across multiple modalities.173–175 Additionally, some strategies are used for mul
timodality feature fusion, such as bilinear pooling,176–178 and co-attention module,179–181 as illustrated in Figure 5B. Bilinear pooling 
extracts interactive features between modalities, but redundant features limit model improvement. Co-attention enhances feature 
mining by calculating independent vectors and generating interpretable attention maps. Furthermore, some advanced attention 
mechanisms are emerging in multimodality learning, such as the fusion of pathology images and transcriptomics data based on 
transformers182 and the fusion of pathology images and genetic data based on self-attention and cross-attention.183

3.6. Foundation models in computational pathology

Foundation models are pretrained large-scale models used for various downstream tasks across domains.184–187 With the rise of 
self-supervised learning, powerful foundation models can now be built by leveraging large, unlabeled datasets, enabling better 
feature learning and generalization.

3.6.1. Model scale
It is well known that it is difficult to collect large-scale medical datasets due to the frequency of image acquisition and the 

challenges of data sharing. At present, foundation models mainly rely on public and private datasets (Figure 6A). The Cancer Genome 
Atlas, a public dataset, contains approximately 29,000 WSIs, covering 32 cancer types.3 Private datasets are usually larger, such as 
the approximately 1.5 million WSIs collected by the Memorial Sloan Kettering Cancer Center ,188 the roughly 420,000 WSIs collected 
by the Mount Sinai Health System,189 and the nearly 100,000 WSIs from the collaboration between three institutions.190 Ad
ditionally, Dippel et al.191 proposed the foundation model RudoIfV, trained on the 133,998 WSIs covering diverse preprocessing 
protocols and data sources across regions. Xu et al.192 introduced a foundation model called Prov-GigaPath, which was trained on 
171,189 WSIs from 28 cancer centers. With the expansion of pathology data, the number of modalities is also increasing, such as 
multistain data.191,193 Image–text-based models are also constantly evolving, such as OpenPath,194 Quilt-1M,195 and the 1.17 million 
pathology image–text pairs from the public used to train the visual-language foundation model, Contrastive learning from Captions 
for Histopathology,196 as illustrated in Figure 6B and 6C.

CNNs and visual transformers (ViTs) are the main backbone architectures of foundation models.197 CNN uses local convolution 
kernels for feature extraction with translation invariance, while ViT leverages self-attention for global information and has a larger 
receptive field. At present, the network parameters of the mainstream CNNs (e.g., ResNet) and ViTs are 12–60 M and 86–632 M, 
respectively. ViT has more parameters than CNN, enabling better adaptation to large-scale data. Combined with self-supervised 
learning, ViT performs well in extracting more general representation and has been widely used in the backbone network of foun
dation models.188–196,198 Moreover, the transformer architecture shows its outstanding performance in tasks across multiple mod
alities, demonstrating its potential in the multimodality field.185

3.6.2. Self-supervised learning
Unlike traditional supervised learning, self-supervised learning uses the characteristics of the data itself to learn a representation 

of data, without the need to manually label a large amount of data. This characteristic can effectively deal with the problems of large 
scale and the difficult labeling of pathology images, rendering self-supervised learning widely adaptable in the field of pathology.
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The algorithms of self-supervised learning and their applications in foundation pathology models can mainly be divided into the 
following categories: contrastive learning, generative learning, and hybrid methods (Figure 6d and 6e). Contrastive learning is an 
important method of self-supervised learning. By minimizing the loss function of positive and negative samples, the feature re
presentation learned by the model allows for closer similar samples and farther dissimilar samples, effectively learning sample 
features, such as momentum contrast,199 simple framework for contrastive learning of visual representations,200 and self-distillation 
with no labels (DINO).201,202 Pathology foundation models based on contrastive learning have been developed to a certain ex
tent.193,203–205 Most of the work is mainly based on the DINO series.188,190–192 Kang et al.206 compared multiple self-supervised 
learning methods on a large-scale dataset, and the results showed that the DINO pretrained model outperforms others overall. In 
addition, contrastive language–image pretraining (CLIP) is based on the image–text contrastive learning algorithm.185 Multiple 
studies have constructed foundation models of pathology images and text data based on the CLIP framework.194,195,207,208 Generative 
learning is another self-supervised learning method that learns image features by reconstructing images and has achieved remarkable 
success in natural language processing (e.g., bidirectional encoder representations from transformers209 and generative pretrained 
transformers.186,187) Luo et al.210 proposed BioGPT, a large language model tailored for the biomedical domain. In computer vision, 
the masked autoencoder has highlighted the potential of generative learning211 and has been subsequently applied in several pa
thology foundation models.189,202

Recent studies have combined contrastive and generative learning to enhance self-supervised learning in ViT (e.g., image bi
directional encoder representations from transformers pretraining with online tokenizer212) leveraging its strong performance in 
computational pathology.198 In the multimodality foundation model, contrastive captioners extend CLIP networks with a 

A B

C

D E

Figure 6. Data scale in computational pathology. Figure 6A is the comparison of large-scale pathology image datasets by the number of WSIs and organs, Figure 6B is 
the comparison of multimodality datasets by the number of image–text pairs, and Figure 6C is the illustration of the modality of large-scale datasets. Figure 6D is a 
framework of contrastive learning. Figure 6E is a framework of generative learning. X and X represent the input and reconstructed data, respectively. X1 and X2 are 
the augmented data generated by transformation T. Z1 and Z2 denote the features of X1 and X2, respectively. Z denotes the features computed by the model from the 
input X. * represents the name of the model trained on this dataset. Abbreviations: 1. MSKCC: Memorial Sloan-Kettering Cancer Center 2. MSHS: Mount Sinai Health 
System 3. TCGA: The Cancer Genome Atlas 4. L: loss function 5. Enc: encoder 6. Dec: decoder 7. CONCH: contrastive learning from captions for histopathology.
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multimodality text decoder. Contrastive captioners leverages contrastive and generative methods to enhance performance on com
plex vision-language tasks (e.g., visual question answering),213 commonly applied in pathology foundation models.196,214–216

3.7. Generative models in computational pathology

Generative AI (GenAI) learns data distributions and latent patterns from training data to generate new samples. With rapid 
advancements in GenAI technology, numerous applications have emerged across fields, including text processing, code optimization, 
and art creation. In healthcare, GenAI is gradually being applied in areas such as report generation and data augmentation. In this 
section, we will introduce the algorithms from GenAI and summarize the applications in the field of pathology (Figure 7A).

3.7.1. Algorithms
GenAI has evolved alongside deep learning, with current mainstream algorithms falling into five categories: autoregressive 

models, GANs, variational autoencoders, flow-based models, and diffusion models. GANs and diffusion models are particularly 
common in pathological image generation. GANs use adversarial training between generators and discriminators, where generators 
create realistic fake data to deceive the discriminators, though their training is unstable and prone to failure(Figure 7B). In contrast, 
diffusion models generate samples by adding noise to data and then denoising it through a reverse process, producing higher-quality 
images but requiring substantial computational resources (Figure 7C).

GenAI models are evaluated using content-related and content-unrelated metrics. Content-related metrics for images (e.g., in
ception score217 and Fréchet inception distance218) assess quality and diversity, while text metrics (e.g., bilingual evaluation un
derstudy219 and recall-oriented understudy for gisting evaluation220) evaluate similarity to references. Content-unrelated metrics, 
such as structural similarity index measure and peak signal-to-noise ratio for images, assess structure similarity and perceptual 
quality.221 Additionally, human discrimination by experts is often used for validation.

3.7.2. Virtual staining
In clinical practice, multiple stains are used for accurate diagnosis, but tissue sampling is in high demand, and the pathology 

analysis process is time-consuming. Multiplexing and advanced imaging techniques can mitigate some of these challenges but are 
costly. With the rise of GenAI, virtual staining technology has emerged as a promising solution. Virtual staining uses generative 
algorithms to simulate traditional staining processes, reducing time and operational costs while maintaining diagnostic accuracy.

Virtual staining is mainly transformed by H&E images, which are the most commonly used staining images in clinical practice, 
and are converted to other special staining (e.g., IHC and PAS) through H&E images. Early algorithms relied on data registration, but 

A

B C

Figure 7. Generative AI (GenAI) methods. Figure 7A consolidates the application of GenAI in pathology images. Figure 7B is a framework of generative adversarial 
networks (GANs). Figure 7C is a framework of diffusion models (DMs). X and X represent the input data and the reconstructed data, respectively. X0 and X1 represent 
denoising data in the denoising process of the diffusion model. Z denotes the noisy data. Abbreviations: 1. G: generator 2. D: discriminator.
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later unpaired style transfer methods minimized the need for paired data, improving algorithm flexibility and data scalability.222 To 
enhance the reliability of the data, numerous studies have improved the GenAI network to enhance the feature learning of prior 
information, such as pathological structure,223 staining,224 and tissue mask.225,226 Dubey et al.227 proposed a text-guided latent 
diffusion model combined with an adversarial training module to achieve high-quality virtual staining from H&E to multiplexed IHC. 
Ghahremani et al.5 proposed a GAN-based method for transferring IHC images to immunofluorescence images. Pati et al.228 proposed 
an AI toolkit that generates multiplexed IHC images from H&E images.

Autofluorescence imaging uses ultraviolet or visible light to excite endogenous fluorophores in tissues or cells, emitting fluor
escence that reveals tissue structure and function. It offers critical diagnostic insights without the need for extensive preparation or 
exogenous dyes.229 Current research is exploring the use of autofluorescence images for virtual staining, enabling the conversion of 
these images into conventional staining formats, such as H&E, PAS, Jones’ methenamine silver, and Masson’s trichrome.4,6,230–232

3.7.3. Resolution enhancement
WSIs often suffer from blur and low resolution due to hardware constraints or imaging noise. Moreover, acquiring high-resolution 

images in clinical settings is often time-consuming and costly. To address this, several studies have developed super-resolution 
techniques based on CNN variants, leveraging their powerful feature learning capabilities.233–235 Additionally, GenAI-based algo
rithms, such as GANs236,237 and diffusion models,238 have been explored. However, super-resolution reconstruction faces challenges 
due to tissue-specific texture differences. Yang et al.239 proposed a transformer-based model with region attention, using semantic 
mask information from a large segmentation model for cross-attention calculation, guiding the model to focus on key regions and 
generate high-quality super-resolution images. Chen et al.240 introduced a spatiotemporal control algorithm based on reinforcement 
learning, which does not rely on prior information and uses tile selection and reconstruction time control strategies.

3.7.4. Data augmentation
AI algorithms require diverse data for improved generalization, but the medical field faces challenges due to inconsistent 

equipment and processes across centers. Additionally, rare diseases are often underrepresented in medical datasets, with data col
lection processes being time-consuming, expensive, and limited by ethical constraints.

Data augmentation helps improve model generalization by generating new training samples through transformations of original 
images. Traditional augmentation methods rely on basic color and spatial transformations but fail to capture granular differences 
crucial for model performance, including color jitter, flip, rotation, and random crop. To further enhance data augmentation, studies 
show that GenAI algorithms effectively improve downstream classification tasks.241,242 Several researchers have proposed GenAI 
models to address the domain shift from acquisition difference243 and pathological feature transition.244 Conditional GenAI allows for 
better control of the generation process. Various studies have proposed information-guided diffusion models (e.g., image feature 
embedding,245 class embedding,246,247 and mask embedding248). In cell segmentation, GenAI-based augmentation reduces the 
burden of annotating fine labels, such as GAN-based methods91,249–251 and diffusion models.252–254 However, existing labels are 
limited, resulting in a lack of sample diversity. Some studies have proposed methods to synthesize both images and labels si
multaneously.255 Additionally, incorporating textual information in certain approaches allows for better control of the diversity and 
quality of generated segmented data.256

While the above methods focus on tile-level data augmentation, generating larger images remains challenging due to the high 
computational cost and the need for consistent context modeling across the entire image. Diffusion models have emerged as a 
mainstream solution due to their iterative strategy and flexible guidance mechanism. Many methods use tile-based techniques due to 
model input size limitations. A number of studies explore tile-feature-guided large image generation,257 but they suffer from edge 
inconsistencies from different tiles. To address this, dynamic tile reconstruction strategies have been proposed, such as grid move
ment258 and random sampling.259,260 In contrast, Le et al.261 introduced a framework that avoids tile reconstruction by using a 
conditional diffusion model based on function space and attention neural operators, enabling the generation of high-quality super- 
resolution and large images (up to 4096 × 4096 pixels) using multiple forms of image guidance, such as text and images.

4. Challenges

At present, AI has achieved considerable success in medical imaging, but the clinical implementation of AI is relatively slow. The 
security of its algorithm and data is an important key factor. AI security spans multiple stages, from data collection and model 
training to the final application, making it a key consideration in the successful deployment of AI in healthcare.

4.1. Data bias and privacy

Data collection creates a number of data biases, such as disease, racial, gender, and acquisition biases.262 These biases reflect the 
data for model inference, and the bias of its predictions can affect the judgment of doctors and users. In model training, some 
strategies can reduce biases in the model, such as fairness constraints263 and weighted sampling.264,265 Data bias can be further 
reduced by building larger datasets and through regulation by professionals for bias research.266 Additionally, integrating causal 
analysis with these approaches facilitates a more effective reduction of bias.267,268

The privacy of clinical data presents another challenge. Many countries have enacted policies (for instance, the Health Insurance 
Portability and Accountability Act in the United States and the General Data Protection Regulation in the European Union)269 to 
protect data privacy, making access to clinical data more difficult. To address this, several studies have proposed federated learning 
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as a solution.270 Federated learning enables collaborative model training across multiple local centers without the need to centralize 
data, thereby reducing the risk of data leakage. In the inference phase, privacy-preserving algorithms, including homomorphic 
encryption, differential privacy, and secure multiparty computation, have also been explored to ensure data security and privacy.271

4.2. Model explainability and causality

While AI-based pathology is developing rapidly, the “black box model” poses a huge concern for those in the field of medical 
research. In terms of interpretability, many studies have proposed a variety of methods to interpret models, mainly through visual 
interpretability (e.g., prototype,272,273 gradient-based methods,274–276 feature disentanglement277,278 and graph-based 
methods279,280) and attribution explainability (e.g., concept attribution281,282 shapley values283–285 and local interpretable model- 
agnostic explanations286).

The lack of causality can undermine the reliability of predictions. Models often capture correlations instead of causal relation
ships. Causal-based methods focus on causal constraints in model training and counterfactual reasoning for interpretability. Causal 
constraints mitigate confounding effects using causal graphs or structural equation models to capture feature dependencies.268,287–289

Additionally, counterfactual reasoning simulates “what would happen if” scenarios, revealing the decision-making process and the 
impact of features. This method helps data augmentation distribution290,291 and provides a new perspective of interpretability292,293

with causal mechanisms.

4.3. Reproducibility

Deep learning model performance and stability are heavily influenced by the training process, data distribution, and hy
perparameters. Additionally, program accessibility is crucial for researchers and medical staff. To improve reproducibility and 
transparency in medical AI, organizations are developing checklists,294–296 that provide guidelines on data collection, research de
sign, model development, evaluation, and explainability.

4.4. Regulation

The development and deployment of AI-based pathology products require strict regulation owing to their direct impact on 
medical diagnoses and patient outcomes. Because of their unique nature, their regulation differs from that of other product cate
gories. Over the years, different countries have had varying attitudes toward approval. The Food and Drug Administration has 
maintained a relatively open attitude toward the medical application of medical AI, allowing AI products to make adaptive im
provements297 in the United States. At present, in the European Union, a more conservative attitude will be maintained and large 
changes to the model will not be allowed. Risk stratification is detailed for the application of medical AI products, with different 
approval forms for different risk levels.298

5. Outlook

Currently, computational pathology can perform many intelligent diagnostic tasks, including cell segmentation and tumor clas
sification. In addition, computational pathology has shown great potential in the exploration of prognostic information. With ad
vancing technology, the modality of computational pathology has evolved from single-dimensional data to multi-dimensional data, 
which has brought new challenges. The development of 3D pathology imaging and spatial omics has enabled computational pa
thology to move closer to the goal of precision medicine.

3D pathology technology has made considerable progress at this stage, which, combined with objective machine learning-based 
analysis methods, is dedicated to improving the reproducibility and reliability of diagnosis.299 3D pathology can effectively char
acterize and quantify spatial relationships between cells, which is especially suitable for analyzing the tumor immune micro
environment; for example, the interaction between programmed death-1 and programmed death-ligand 1300 can identify rare key 
cells (for instance, tumor progenitor cells301 and cancer stem cells302) that are difficult to detect with traditional thin sections. 
Combined with computational pathology algorithms, it helps to understand tumor heterogeneity, promoting cancer research and 
treatment strategies.303 Currently, imaging techniques that are widely used in 3D pathology include optical clearing, confocal mi
croscopy, multiphoton microscopy, and light sheet microscopy.304 Various novel imaging technologies provide pathologists with 
deeper information on tissue structure and cell distribution. The future development of 3D pathology will rely on technological 
innovation, interdisciplinary collaboration, regulatory support, and broad acceptance by the medical community.

In recent years, spatial omics analysis has become an active topic. It displays transcriptomics, proteomics, and metabolomics in 
tissue space, providing more detailed microenvironment information.305 However, the acquisition and processing of spatial omics 
information are full of challenges under high-throughput data.306 The cost of spatial omics is relatively high; consequently, spatial 
omics have not yet been widely used in clinical practice. Various studies have shown that microenvironment information can be 
predicted through widely used H&E images. Therefore, it is of great significance to use spatial omics information to make predictions 
concerning common H&E images.307 This method can further expand the application range of H&E images, alleviating the need for 
complex staining.

Moreover, with the continuous development of deep learning technology, building a foundation model has become an important 
task.101,196,308 Currently, pathology image datasets based on multiple modalities are increasing rapidly, providing rich data resources 
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for training more powerful models.80 In the future, developing models that adapt to multimodality image analysis may become a 
major trend.

6. Conclusions

Computational pathology has unleashed its enormous potential from clinical diagnosis to medical research. Driven by AI, au
tomatic pathology analysis improves the efficiency of routine clinical workflow and boosts the exploration of comprehensive medical 
research. In the future, more advanced technologies, such as 3D pathology and spatial omics, will enrich the diversity of pathology 
interpretations. With the proliferation of AI, computational pathology is evolving to achieve greater generalization and precision.
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