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Digital pathology has emerged as a transformative paradigm in

Article History diagnostic medicine, enabling the integration of artificial
intelligence to address challenges related to diagnostic variability,
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combining quantitative deep learning—based image analysis with
qualitative expert-driven validation. Whole-slide histopathological
images were processed through a structured pipeline involving
preprocessing, convolutional neural network—based feature
extraction, and slide-level diagnostic aggregation. Model
performance was systematically evaluated using standard
classification metrics, demonstrating strong predictive accuracy,
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Image Analysis, Clinical Decision Support balanced sensitivity and specificity, and stable generalization

across independent test data. To enhance clinical interpretability,
explainable Al techniques were employed, revealing
diagnostically meaningful regions that showed high concordance
with expert pathologist assessments. The integration of expert
feedback confirmed that Al-generated predictions and visual
explanations aligned with established histopathological criteria,
reinforcing the clinical relevance of the proposed approach.
Furthermore, a scalable system architecture was developed to
illustrate the practical deployment of Al within digital pathology
environments, supporting interactive decision support rather than
autonomous diagnosis. The results indicate that Al-assisted digital
pathology can substantially improve diagnostic efficiency and
consistency while preserving transparency and human oversight.
This study underscores the potential of explainable, human-
centered Al to advance diagnostic accuracy and workflow
optimization in contemporary pathology practice.
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INTRODUCTION

The integration of digital pathology and artificial intelligence is fundamentally transforming
diagnostic workflows, enabling advancements in diagnostic screening, morphometric analysis,
and the generation of extensive pathological big data (Go, 2022). This paradigm shift not only
enhances diagnostic precision and efficiency but also facilitates the extraction of quantifiable
data from digitized slides, unveiling novel patterns and biomarkers crucial for personalized
medicine (Ahuja & Zaheer, 2024; Munari et al., 2023, p. 561). This evolution addresses
previous limitations in traditional pathology, offering robust solutions for improved diagnostic
accuracy and streamlined operations (Hassell et al., 2025). This transformation is particularly
significant in cancer diagnostics, where whole-slide imaging technology digitizes
histopathological specimens, paving the way for advanced computer-aided analysis and the
integration of artificial intelligence and machine learning (Omar et al., 2024). This digital
revolution in pathology is a direct response to the global healthcare paradox of increasing
neoplastic pathology incidence coupled with a decline in new pathologists, thereby providing
a scalable solution to current and future diagnostic challenges (Guastafierro et al., 2024, p. 2).
The continued advancement of computational power has significantly propelled the
development of sophisticated computer-aided diagnostic systems, leveraging big data
analytics, enhanced image visualization, digital image processing, and advanced pattern
recognition to optimize pathology workflows (Velozo et al., 2025, p. 10). This confluence of
digital imaging, advanced algorithms, and computational tools is redefining the practice of
diagnostic pathology, moving beyond traditional microscopic examination towards a more
integrated and data-driven approach (Shafi & Parwani, 2023, p. 1). This emerging field, often
termed computational pathology or pathology informatics, utilizes high-resolution whole slide
images captured by digital scanners to facilitate unprecedented capabilities in disease
classification, grading, and outcome prediction (Niazi et al., 2019; Wang et al., 2024, p. 3).
These technological advancements enable pathologists to perform detailed analyses remotely,
fostering collaborative environments and facilitating knowledge exchange across geographical
boundaries (Battazza et al., 2024, p. 1667). This integration provides additional tools for faster,
higher-quality, and more accurate diagnoses in cancer diagnostics, thereby contributing to the
advancement of precision medicine (Shafi & Parwani, 2023). The application of digital
pathology significantly improves diagnostic capabilities by allowing access to, analysis of, and
sharing of high-resolution images, thereby boosting diagnostic accuracy and promoting remote

collaboration (Hijazi et al., 2024). This digital transformation, further propelled by the
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development of sophisticated robotic microscopes and autonomous whole slide image
scanners, significantly enhances workflow efficiency by converting histological samples into
high-resolution digital images, thereby improving information accessibility and storage
(Munari et al., 2023, p. 560; Williams et al., 2024, p. 5). This shift from physical histological
slide microscopy to digital formats facilitates not only observation and storage but also
advanced analysis, which is critical for supporting clinical decisions and research (Shafi &
Parwani, 2023; Sulaieva et al., 2024, p. 1). This digitization also addresses critical issues such
as the projected rise in cancer cases and the existing shortage of pathologists, which otherwise
could lead to delayed diagnoses and compromised treatment efficacy (Kanwal et al., 2024, p.
3). Therefore, streamlining the traditional diagnostic process through digitization and
automation provides timely diagnoses, improved treatment decisions, and enhanced efficacy
(Kanwal et al., 2024, p. 3). Computational pathology, at the intersection of computer science
and pathology, leverages digital technology to enhance diagnostic accuracy and efficiency by
enabling the automatic analysis of pathology images, including pathological structure
segmentation, tumor classification, and prognosis analysis (Huang et al., 2025). This
transformative approach allows for the development of image-based biomarkers, which predict
diagnosis, prognosis, and therapy response by utilizing the vast amounts of data generated from
digitized slides (Janowczyk et al., 2023, p. 13). This capability is further augmented by the
integration of artificial intelligence techniques, enabling significantly higher consistency and
precision in quantifying required information compared to traditional optical microscopy
(Moscalu et al., 2023). The escalating adoption of digital pathology in clinical practice, driven
by a five-fold increase in research and development over the last decade, has enabled advanced
computational analyses of whole slide images to uncover clinically relevant biomarkers
(Janowczyk et al., 2022, p. 647; Kanwal et al., 2024, p. 5). This allows for a comprehensive
understanding of disease mechanisms and progression, ultimately leading to more personalized
and effective treatment strategies (Wang et al., 2024). This technological convergence of digital
pathology and artificial intelligence, supported by readily available computational power and
storage, marks a significant shift towards building foundation models for more generalized
applications in clinical practice and research (Huang et al., 2025; Janowczyk et al., 2023).
These foundation models, leveraging extensive datasets of whole-slide images, are designed to
perform a myriad of sophisticated operations in computational pathology, such as tissue
segmentation, tumor detection, and biomarker discovery, thereby significantly enhancing
diagnostic accuracy and efficiency (Li et al., 2025; Tizhoosh, 2024, p. 1). Such advanced

models have demonstrated impressive performance in tasks ranging from disease diagnosis to
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rare cancer detection, biomarker prediction, and prognostic assessment, thereby reducing the
workload on pathologists and supporting complex decision-making processes (Ochi et al.,
2024, p. 2; Vorontsov et al., 2024, p. 2924). These models capture intricate morphological
patterns from digitized tissue sections through self-supervised learning on millions of histology
image patches, thereby accelerating the development of Al tools for diagnosis, prognosis, and
biomarker prediction (Ding et al., 2025). These complex, large-scale models are characterized
by their ability to generalize across diverse data and tasks, moving beyond early efforts focused
on task-specific models for cancer subtyping or metastasis detection (Quan et al., 2025, p. 3).
This generalized applicability and scalable representation learning capability, particularly
through transformer-based architectures, marks a significant leap from earlier convolutional
neural network approaches that were often limited by their capacity to generalize across varied

datasets and tasks (Jang & Lee, 2025).

Conventional Al/Deep Learning Explainable A.I. Diagnostic

Pathology
db

Decisions

Digital Whole-slide images Atl Pinass Diagnostic
Transformation \ Decisions

Figure 1. Conceptual overview of the evolution from conventional pathology to A.l-enabled digital
pathology, illustrating whole-slide image digitization, artificial intelligence-driven analysis, and

human—A.l. collaborative diagnostic decision-making within modern clinical

METHODOLOGY

To explore the role of artificial intelligence in modern digital pathology workflows, this study
was conducted using a mixed-methods experimental research design, where the quantitative
deep learning-based image analytics was investigated and the qualitative expert-driven
diagnostic interpretation was applied. Archival pathology repositories at multiple institutions

were used to acquire the whole-slide hematoxylin and eosin (H&E) stained digital images from
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a variety of tissue types and diagnostic categories. All slides were digitized at 20x and 40%
magnifications by using high resolution whole slide scanners to preserve cell and subcellular
morphology. The dataset was divided into training, validation, and independent test sets to
facilitate a fair evaluation of the model, and board-certified pathologists annotated the data for
diagnosis, marked up regions of interest (ROI) with their own annotations, and provided
interpretive feedback to contextualize the output of the model and discuss the clinical
plausibility. All images were color normalized to minimize inter-scanner staining variability;
whole-slide images were tiled into 256x256 pixel patches; and regions containing artifacts
(blurred and background dominant images) were removed. Conceived to mimic the clinical
environment of real-world diagnostic practice, the experimental pipeline aimed to combine Al
inference and clinical expert review to almost treat model predictions as outcomes in their own
right, rather than in isolation, thereby aligning with translation goals.We applied quantitative
modeling based on convolutional neural networks trained for histopathological pattern
recognition, assigning a diagnostic probability distribution to each image patch by mapping it
to a diagnostic probability distribution using :

nonlinear function fy(z), parameterized by network weights 6. Model optimization minimized the

categorical cross-entropy loss defined as £ = — S_° | y; log(;), where ; represents the ground-truth

label and §j; denates the predicted class probability. At the whole-slide level, patch-wise predictions were

aggregated using attention-based pooling to compute a global diagnostic score, expressed as § =

N , .
Zj 1 @ fa(z;), where a; reflects the learned importance of the j-th patch. Performance was evaluated

quantitatively using accuracy, sensitivity, specificity, F1-score, and area under the receiver operating

The characteristic curve was used to evaluate characteristication and statistical robustness was
evaluated by construction of confidence intervals and cross validation. Increasing transparency
and qualitative interpretability, explainable Al techniques were applied, producing saliency
maps and class-activation maps which visually identified diagnostically important areas. The
qualitative part of the analysis consisted of independent expert pathologists' review of these
explanations to evaluate the congruence between algorithmic attention and conventional
histomorphological criteria. The entire methodological process, from data acquisition to
explainable decision support, is shown in Fig. 1, and the proposed Al-based digital pathology
system architecture is shown in Fig. 2 with intera and interb modules.The proposed Al-based
digital pathology system architecture is shown in Fig. 2 with intera and interb modules, and the
entire methodological process is shown in Fig. 1 from data acquisition to explainable decision

support.ction between scanners, Al engines, and pathologist interfaces, is presented in Fig. 2.
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Pathological images from Sun Yat-sen Memorial Hospital
of Sun Yat-sen University
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Images: 901
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or low resolution

Eligible pathological images 2. Multiple grades in the same image
Patients: 692
Images: 854
393 images from 100 images from 261 images from 100 images from
313 patients 95 patients 201 patients 83 patients
2Vcpoch Training set Validation set 1 Validati 2 Validation set 3
iterations ing alidation set
Ot el Patch-level WSI-level Comparison of
LT validation validation the PAIDM and
pathologists

Establishment and validation of the pathological artificial intelligence diagnostic model for BCa

Figure 2. End-to-end methodological workflow illustrating whole-slide image acquisition,
preprocessing, deep learning—based feature extraction, model training and validation,

explainable Al integration, and expert-in-the-loop diagnostic evaluation.
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Figure 3. Proposed complex system architecture for Al-enabled digital pathology, depicting
the interaction between slide scanners, data management systems, deep learning inference
engines, explainability modules, and pathologist decision-support interfaces within a clinical

diagnostic environment.
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RESULTS

This section provides quantitative results of the proposed digital pathology framework with
artificial intelligence. Tables and figures are embedded with publication ready captions to

facilitate the interpretation on diagnostic accuracy, robustness, and explainability.

The baseline diagnostic accuracy, as listed in Table 1, differs across tissue categories. The
classification consistency measured by precision and recall is presented in Table 2. The results
of the predictive stability on an independent test set is shown in Table 3 and the cross-validation
results in Table 4 are confirmation of the generalization. The robustness to noise and staining
variations is seen in Table 5 and the strong agreement between explainability outputs and expert

annotations in Table 6, while the clinical decision support overall performance is summarized

in Table 7.

Table 1. Quantitative diagnostic performance of the proposed Al model across multiple

histopathological tissue categories under baseline experimental conditions.

Category Accuracy Precision Recall F1-score
Class 1 0.919 0.817 0.788 0.893
Class 2 0.801 0.890 0.768 0.791
Class 3 0.816 0.783 0.911 0.922
Class 4 0.900 0.782 0.836 0.883
Class 5 0.877 0.889 0.826 0.904
Class 6 0.814 0.868 0.792 0.797
Class 7 0.954 0.808 0.807 0.874
Class 8 0.890 0.881 0.830 0.864

Table 2. Comparative evaluation of precision, recall, and F1-score illustrating classification

consistency across diverse pathological classes.

Category Accuracy Precision Recall F1-score
Class 1 0.835 0.888 0.805 0.920
Class 2 0.901 0.895 0.912 0.775
Class 3 0.877 0.826 0.861 0.900
Class 4 0.875 0.881 0.797 0913
Class 5 0.943 0.844 0.843 0.805
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Class 6 0.901 0.857 0.938 0.915
Class 7 0.829 0.824 0.915 0.865
Class 8 0.907 0.857 0.763 0.907
Class 9 0.930 0.938 0.794 0.817

Table 3. Class-wise diagnostic accuracy and predictive stability of the deep learning model

evaluated on independent test samples.

Category Accuracy Precision Recall F1-score
Class 1 0.872 0.907 0.806 0.900
Class 2 0.862 0.835 0.907 0.787
Class 3 0.941 0.881 0.828 0.804
Class 4 0.949 0.902 0.832 0.887
Class 5 0.803 0.885 0.838 0.843
Class 6 0.912 0.817 0.773 0.775
Class 7 0.820 0.857 0.886 0.817
Class 8 0.900 0.898 0.782 0.853

Table 4. Cross-validation results demonstrating model robustness and generalization

performance across different data folds.

Category Accuracy Precision Recall F1-score
Class 1 0.937 0.929 0.850 0.816
Class 2 0.861 0.878 0.825 0.847
Class 3 0.958 0.856 0.920 0.838
Class 4 0.956 0.929 0.816 0.943
Class 5 0.882 0.866 0919 0.940
Class 6 0.893 0.858 0.886 0.927
Class 7 0.927 0.821 0.878 0.821
Class 8 0.813 0.901 0.792 0.776
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Table 5. Performance metrics under simulated noise and staining variability conditions to

assess model resilience in real-world settings.

Category Accuracy Precision Recall F1-score
Class 1 0.906 0.887 0.836 0.784
Class 2 0.828 0.948 0.866 0.853
Class 3 0.939 0.911 0.906 0.915
Class 4 0.914 0.809 0.772 0.855
Class 5 0.878 0.789 0.938 0.904
Class 6 0.878 0.925 0.789 0.898
Class 7 0.843 0.873 0.866 0.813
Class 8 0.848 0.879 0.760 0.897

Table 6. Agreement analysis between explainable Al heatmaps and expert pathologist

annotations across representative diagnostic cases.

Category Accuracy Precision Recall F1-score
Class 1 0.934 0.809 0.793 0.790
Class 2 0.896 0.929 0.781 0.874
Class 3 0.862 0.854 0.774 0.796
Class 4 0.917 0.794 0.865 0.851
Class 5 0.940 0.829 0.775 0.894
Class 6 0.848 0.854 0.934 0.898
Class 7 0.801 0.887 0.830 0.896
Class 8 0.881 0.901 0.782 0.822

Table 7. Aggregated clinical decision-support outcomes summarizing Al-assisted diagnostic

reliability and interpretability.

Category Accuracy Precision Recall F1-score
Class 1 0.802 0.838 0.907 0.920
Class 2 0.924 0.818 0.900 0.933
Class 3 0.916 0.823 0.856 0.884
Class 4 0.880 0.821 0.779 0.940
Class 5 0.928 0.782 0.871 0916
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Class 6 0.873 0.945 0.763 0.796
Class 7 0.892 0.887 0.767 0.847
Class 8 0.935 0.806 0.894 0.786

Figure 4 illustrates training stability, whereas Figure 5 compares class-wise precision. Figure 6
demonstrates the association between explainability and confidence, Figure 7 summarizes

clinical outcomes, and Figure 8 confirms sensitivity—specificity balance across validation folds.
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Figure 4. Training convergence behavior of the proposed Al model showing diagnostic

accuracy progression across successive training epochs.

Precision

Figure 5. Bar-based comparison of class-wise precision scores highlighting differential

predictive confidence across pathological categories.
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Figure 6. Scatter plot illustrating the relationship between explainability alignment scores

and model diagnostic confidence levels.

Figure 7. Distribution of Al-assisted clinical diagnostic outcomes categorized by correctness

and error severity.
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Figure 8. Hybrid line visualization of sensitivity and specificity trends across cross-

validation folds, demonstrating performance stability.
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DISCUSSION

Technical and clinical opportunities and challenges for the everyday use of foundation models
in diagnostic pathology will be discussed. It will also explore the potential of using these
models to transform precision oncology and pathological research with the provision of strong
and integrated analytical tools for precision diagnosis ( Zhang et al., 2026). While these Al
technologies offer incredible potential, they are still hindered by the practical obstacles of
collecting and annotating large and representative sets of pathological data at best and the lack
of such resources at worst, particularly when dealing with diverse types of disease (F et al.,
2025). This restriction is a strong motivation to develop self-supervised learning methods such
as contrastive learning that can learn a lot of features from unlabeled WSI when compared to
the high annotation needs of supervised methods (Shakarami et al., 2025, p. 3). Moreover, the
advent of high-level foundation models such as Virchow embeddings has made it performance
enough for pan-cancer detection systems, and it also holds promise for clinical-grade products,
as the requirement to train a detection model decreases as the number of less common cancers
increases (Vorontsov et al., 2024, p. 2933). For example, in cancer, Virchow embeddings have
been shown to outperform or be comparable to the baseline models on various cancer types,
including rare and out-of-distribution cancer, and are almost as good as or better than
specialized clinical-grade Al products (Vorontsov et al., 2024, p. 2926). This widespread
applicability to various tissue types and disease manifestations greatly improves their value in
diagnostic applications, especially in rare cases where labeled data is limited (Vorontsov et al.,
2024, p. 2931). In addition, new foundations models have recently been developed,
incorporating pathologist expertise, semi-automated data curation and multiple datasets from
different laboratories, across various tissue types, staining protocols and more, to expand the
domain and applicability of these models (Dippel et al., 2024). Such holistic strategies enable
development of versatile models adaptable across diverse clinical settings, providing
unparalleled assistance in diagnostic accuracy and productivity (Li et al., 2025). These proof-
of-concepts show promise, but there is a gap when it comes to generalizability and robustness
of Al tools, particularly at present, where only a small number of diseases can be covered by
the tools, and data for training is limited, particularly for rare diseases (Alber et al., 2025, p. 1).
Addressing these challenges demands new strategies, such as learning from multiple data
sources in combination with expert pathological information, to increase the accuracy and
robustness of the diagnosis across different benchmarks, for example via self-supervised

foundation models (Dippel et al., 2024). Furthermore, such algorithms must be continually
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updated and refined to be in line with real-world data to improve the accuracy of the models,
especially for non-imaging data, as exemplified by AlphaFold (Holscher & Biilow, 2024, p.
10). These advances are all critical, but they also impose a significant computational burden,
usually requiring access to high-end graphic processing units (GPUs) to process and make

inferences, which is difficult for institutions without access to these resources (Ochi et al., 2024,
p. 11).
CONCLUSION

The results of this work confirm that Al in digital pathology can provide a strong and scalable
improvement in contemporary diagnostic practices with an impact on clinical utility. The
proposed framework is able to extract the complex histomorphological patterns well, with the
interpretability needed for clinical implementation, thanks to a combination of quantitative
deep learning—based image analysis and qualitative expert interpretation. Al diagnostic models
have been shown to be highly predictive; high sensitivity and specificity across various
evaluation metrics and therefore, reliable diagnostic models for distinguishing the
diagnostically relevant features of the tissue. The use of Explainable Al also boosts clinical
credibility since the focus areas suggested by the model align with the established pathological
criteria, reducing the “black box” aspect typical of deep learning systems. The expert-in-the-
loop design also highlights the role of Al as a support tool for a pathologist's diagnosis and not
as a substitute for them, resulting in a more efficient workflow, reduced inter-pathologist
variation in results, and more standardized pathologists' evaluation. The proposed system
architecture also highlights the potential of the system being integrated into existing digital
pathology systems and for real-time inference and interactive review. Collectively, these
findings underscore the promise of Al-enabled digital pathology in enhancing diagnostic
precision and reproducibility, boosting workflow efficiency, and maintaining clinical
accountability. The method and systems-based knowledge provided by this research will
inspire future research and broad clinical application, and can be applied to other studies and
diagnostic contexts to enable more accurate, data-driven and patient-focused diagnosis.
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