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ABSTRACT

Background

Histopathological examination remains the gold standard for diagnosing gastrointestinal (GI)
malignancies; however, increasing diagnostic workloads, growing cancer incidence, and
interobserver variability continue to challenge pathology services worldwide. Recent advances in
artificial intelligence (Al), particularly deep learning, have demonstrated considerable potential to
enhance diagnostic accuracy and efficiency in digital pathology. Nevertheless, the clinical
applicability of many existing models remains limited because of inadequate external validation,
restricted multicenter datasets, and insufficient interpretability. This study aimed to develop and
externally validate an explainable deep learning framework for the automated histopathological
diagnosis of gastrointestinal malignancies using multicenter whole-slide images obtained from
tertiary hospitals in South Korea.

Methods

A retrospective multicenter diagnostic study was conducted using digitized hematoxylin and eosin—
stained whole-slide images collected from four tertiary referral hospitals in South Korea. After
quality control, 5,028 patients with 7,588 whole-slide images were included. The development
cohort consisted of 3,954 patients, while an independent external cohort included 1,074 patients.
Whole-slide images underwent standardized preprocessing, stain normalization, tissue
segmentation, and patch extraction before training an attention-based deep learning architecture
using a convolutional neural network integrated with multiple-instance learning. Model
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performance was evaluated by the area under the receiver operating characteristic curve (AUROC),
sensitivity, specificity, accuracy, positive predictive value, negative predictive value, F1 score,
calibration analysis, and external validation. Explainability was assessed using attention heatmaps
and Gradient-weighted Class Activation Mapping (Grad-CAM). A reader study involving
gastrointestinal pathologists, general pathologists, and pathology trainees evaluated the clinical
impact of Al-assisted diagnosis.

Results

The proposed model demonstrated excellent diagnostic performance across both internal and
external validation cohorts. In the independent external cohort, the model achieved an AUROC of
0.972 (95% CI: 0.963-0.980), with a sensitivity of 93.8%, specificity of 91.5%, overall accuracy
of 92.8%, positive predictive value of 94.5%, negative predictive value of 90.3%, and an F1 score
of 0.941 for distinguishing malignant from non-malignant gastrointestinal tissue. Patient-level
AUROC reached 0.978, confirming robust generalizability across institutions and scanner
platforms. Multiclass classification achieved an overall external accuracy of 89.3%, with the
highest performance observed for esophageal squamous cell carcinoma, colorectal
adenocarcinoma, and gastric adenocarcinoma. Explainability analyses demonstrated that attention
maps consistently localized diagnostically relevant histological structures, including infiltrative
glands, nuclear pleomorphism, desmoplastic stroma, and tumor necrosis. In the reader study, Al
assistance increased overall diagnostic accuracy from 88.6% to 94.1% (P < 0.001) while reducing
median slide interpretation time by 34.3%. The greatest improvement was observed among general
pathologists and pathology trainees.

Conclusions

An explainable deep learning framework demonstrated high diagnostic accuracy, excellent external
generalizability, and meaningful clinical interpretability for the automated histopathological
diagnosis of gastrointestinal malignancies. Integration of Al into routine digital pathology
significantly improved diagnostic performance and workflow efficiency while maintaining expert
pathological oversight. These findings support the implementation of explainable deep learning as
an effective clinical decision-support tool in gastrointestinal pathology and highlight its potential
contribution to precision oncology. Prospective multinational validation studies are warranted to
confirm clinical utility and facilitate widespread implementation in routine pathological practice.

Keywords: Aurtificial intelligence; Deep learning; Digital pathology; Whole-slide imaging;
Gastrointestinal malignancies; Histopathology; Computational pathology
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INTRODUCTION

Gastrointestinal (GI) malignancies, including gastric, colorectal, esophageal, pancreatic, and
hepatobiliary cancers, remain among the leading causes of cancer-related morbidity and mortality
worldwide [1]. Despite substantial advances in endoscopic imaging, molecular diagnostics, and
targeted therapies, histopathological examination of tissue specimens continues to represent the
diagnostic gold standard for tumor classification, grading, and therapeutic decision-making.
Accurate pathological interpretation is essential for determining tumor subtype, invasion depth,
lymphovascular involvement, margin status, and biomarker evaluation, all of which directly
influence patient prognosis and individualized treatment strategies [2-4]. However, the increasing
global burden of gastrointestinal cancers, combined with a shortage of specialized gastrointestinal
pathologists and growing diagnostic workloads, has created significant challenges in maintaining
diagnostic efficiency, consistency, and accuracy [5].

Digital pathology has transformed traditional microscopic practice by enabling whole-slide
imaging (WSI), cloud-based image sharing, and computational analysis of digitized histological
slides [6]. The transition from conventional microscopy to digital pathology has created
unprecedented opportunities for the integration of artificial intelligence (Al), particularly deep
learning (DL) [7], into routine pathological workflows. Convolutional neural networks (CNNSs),
vision transformers (ViTs), and hybrid deep learning architectures have demonstrated remarkable
capabilities in recognizing complex morphological patterns, identifying subtle cellular
abnormalities, and performing automated classification tasks across numerous cancer types. These
technologies have the potential to reduce interobserver variability, improve diagnostic
reproducibility, and support pathologists in high-volume clinical settings [8].

Recent advances in computational pathology have demonstrated promising performance in
detecting colorectal adenocarcinoma, gastric dysplasia, liver tumors, and pancreatic neoplasms
using deep neural networks trained on large-scale histopathological image datasets. Beyond simple
binary classification, modern deep learning algorithms are increasingly capable of tumor
segmentation, histological grading, prediction of lymph node metastasis, estimation of molecular
alterations, and even survival prediction directly from hematoxylin and eosin (H&E)-stained slides.
Nevertheless, considerable variability remains among published models due to differences in image
guality, staining protocols, scanner platforms, annotation strategies, and external validation cohorts
[9-11]. Furthermore, many previously developed algorithms have been trained using relatively
homogeneous datasets, limiting their generalizability across diverse patient populations and
healthcare systems [12].

South Korea has established one of the world's most advanced healthcare infrastructures for
gastrointestinal cancer diagnosis, particularly through nationwide screening programs for gastric
and colorectal cancers and widespread implementation of digital pathology technologies in tertiary
medical centers [13]. The availability of high-quality digitized histopathological datasets provides
an excellent opportunity to develop and validate robust deep learning algorithms capable of
assisting pathologists in routine clinical diagnosis. However, further evidence is required to
determine whether these models can consistently achieve high diagnostic performance across
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multiple gastrointestinal malignancies while maintaining clinical interpretability and practical
applicability [14-17].

In the present study, we developed and validated a deep learning framework for the automated
histopathological diagnosis of gastrointestinal malignancies using digitized whole-slide images
collected from a large multicenter cohort in South Korea [18]. The proposed model integrates
advanced convolutional neural network architecture with comprehensive image preprocessing and
explainable artificial intelligence techniques to improve diagnostic transparency [19].

We hypothesized that automated deep learning-assisted histopathological analysis would
achieve diagnostic accuracy comparable to experienced gastrointestinal pathologists while
substantially reducing interpretation time and enhancing workflow efficiency. The findings of this
study may contribute to the integration of trustworthy Al-assisted pathology systems into routine
clinical practice and support precision oncology for patients with gastrointestinal cancers.

METHODS

Study Design and Setting

This retrospective, multicenter diagnostic accuracy study was conducted to develop and externally
validate an explainable deep learning model for the automated histopathological diagnosis of
gastrointestinal malignancies using digitized whole-slide images. Archival hematoxylin and eosin
(H&E)-stained tissue specimens were obtained from the Departments of Pathology at Severance
Hospital, Yonsei University College of Medicine (Seoul), Seoul National University Hospital
(Seoul), and Asan Medical Center, University of Ulsan College of Medicine (Seoul), Republic of
Korea.

Patients diagnosed between January 2018 and December 2023 were included in the development
cohort, which was used for model training, internal validation, and testing. An independent external
validation cohort was collected from Samsung Medical Center, Sungkyunkwan University School
of Medicine (Seoul), Republic of Korea, comprising cases diagnosed between January 2024 and
June 2025.

The primary objective of the study was to evaluate the performance of an explainable deep learning
framework for differentiating malignant from non-malignant gastrointestinal tissue on digitized
whole-slide images. Secondary objectives included automated multiclass classification of the major
gastrointestinal malignancies, assessment of model interpretability, evaluation of diagnostic
agreement with expert gastrointestinal pathologists, and determination of the clinical utility of
artificial intelligence-assisted pathological diagnosis.

Ethical Approval

The study protocol was reviewed and approved by the Institutional Review Board of Yonsei
University Health System, Severance Hospital, Seoul, Republic of Korea (Approval No. 4-2025-
0147). Institutional approval and data-sharing authorization were additionally obtained from all
participating medical centers in accordance with local research governance policies.

Because this investigation was retrospective and utilized archived formalin-fixed paraffin-
embedded tissue specimens together with fully anonymized whole-slide images and de-identified
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clinical information collected during routine patient care, the requirement for written informed
consent was waived by the Institutional Review Board.

All study procedures were conducted in accordance with the ethical principles outlined in the
Declaration of Helsinki (2013 revision), the International Council for Harmonisation Good Clinical
Practice (ICH-GCP) guidelines, and the Personal Information Protection Act (PIPA) of the
Republic of Korea governing biomedical research and protection of personal health information.
All patient identifiers were irreversibly removed before data analysis, and access to the study
database was restricted to authorized investigators through secure institutional servers.

Study population

Eligible cases included adult patients aged 18 years or older who underwent endoscopic biopsy or
surgical resection for suspected gastrointestinal disease during the study period.

Specimens were obtained from the: Esophagus, Stomach, Small intestine, Colon and rectum,
Pancreas, Liver, Biliary tract

Inclusion criteria
Cases were eligible when they had:
1. A definitive histopathological diagnosis established by board-certified pathologists.

2. At least one available H&E-stained slide containing representative lesional tissue.

3. Adequate tissue quality for whole-slide scanning.

4. Sufficient clinical and pathological information to determine the reference diagnosis.
5. A digitized whole-slide image meeting predefined quality-control requirements.

Exclusion criteria
Cases were excluded when slides demonstrated:
1. Severe tissue folding, tearing, crushing, or cautery artifact.

2. Extensive out-of-focus regions affecting diagnostic tissue.

3. Inadequate staining or marked color degradation.

4. Insufficient lesional tissue.

5. Duplicate slides from the same lesion unless deliberately retained for reproducibility
analysis.

6. Indeterminate, borderline, or unresolved final diagnoses.

7. Neoadjuvant treatment effects that prevented reliable histological classification, unless
treatment-response cases formed a predefined study subgroup.

Diagnostic categories

The primary binary classification task categorized slides as: Malignant, Non-malignant

The secondary multiclass task categorized malignant slides according to the final pathological
diagnosis. Depending on the available cohort, classes included: Esophageal squamous cell
carcinoma, Gastric adenocarcinoma, Colorectal adenocarcinoma, Pancreatic ductal
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adenocarcinoma, Hepatocellular carcinoma, Cholangiocarcinoma, Gastrointestinal neuroendocrine
neoplasm and Other gastrointestinal malignancies.

The non-malignant category included histologically normal tissue, inflammatory lesions, reactive
changes, dysplasia without invasive malignancy, benign polyps, and other non-neoplastic
conditions. Dysplastic and premalignant lesions were analyzed as a separate category when
sufficient cases were available.

Histopathological reference standard

The reference diagnosis was based on the final pathology report and independent slide review by
at least two board-certified gastrointestinal pathologists with 15 years of experience.

Each slide was reviewed without access to the model output. Disagreements were resolved by joint
consensus or adjudication by a third senior gastrointestinal pathologist. For surgical specimens,
tumor classification and grading followed the applicable World Health Organization classification
and institutional diagnostic standards in effect during the study period.

The pathologists annotated representative tumor regions using QuPath software (version 0.5.1;
University of Edinburgh, Edinburgh, UK). Annotations were performed at the region level and
included invasive tumor, benign epithelium, stroma, necrosis, inflammation, and non-informative
background where relevant.

Slide preparation and digitization

Formalin-fixed, paraffin-embedded (FFPE) tissue blocks were sectioned at 4 um and stained with
hematoxylin and eosin (H&E) according to standardized institutional protocols. Whole-slide
images were digitized at 40x magnification (0.25 pm/pixel) using Aperio AT2 (Leica Biosystems,
Germany) and NanoZoomer S360 (Hamamatsu Photonics, Japan) scanners. Digital slides were
stored in SVS and NDPI formats without compression. Image quality was assessed using both
automated quality-control algorithms and manual review by trained personnel. Slides with
substantial focus errors, staining artifacts, tissue folds, scanning defects, or insufficient diagnostic
tissue were rescanned when feasible or excluded from further analysis.

Data de-identification and management

Before transfer to the research environment, all directly identifying patient information was
removed. Each case was assigned a unique study code that was unrelated to the hospital
identification number.

The linkage file containing patient identifiers and study codes was securely retained by each
participating institution and was not accessible to the model-development team. De-identified
whole-slide images, pathological annotations, and associated clinical labels were stored on a secure,
access-controlled research server at the Department of Pathology, Yonsei University Health
System, Severance Hospital, Seoul, Republic of Korea. Access to the study database was restricted
to authorized investigators through role-based authentication and encrypted institutional network
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infrastructure. All data management procedures complied with institutional information security
policies and the Personal Information Protection Act (PIPA) of the Republic of Korea.

Dataset partitioning
Data were divided at the patient level, ensuring that slides from the same patient did not appear in
more than one dataset. The development cohort was divided into:

Training set: 70-80%

Internal validation set: 10-15%

Internal test set: 10-15%
The external validation cohort consisted exclusively of patients from Samsung Medical Center,
Sungkyunkwan University School of Medicine, Seoul, Republic of Korea, and was maintained as
a completely independent dataset throughout the study. This cohort was not used during model
development, hyperparameter optimization, threshold selection, or any stage of algorithm training
to ensure an unbiased assessment of model generalizability and clinical performance.
Where multiple whole-slide images were available from a single patient, all slides were assigned
to the same dataset partition to prevent data leakage between the training, validation, and testing
cohorts. Patient-level stratified sampling was employed to preserve the proportional distribution of
malignant and non-malignant cases, as well as the major histopathological subtypes of
gastrointestinal malignancies, across all datasets, thereby minimizing sampling bias and ensuring
representative model evaluation.

Image preprocessing

Whole-slide images (WSIs) were processed using a standardized computational pathology pipeline
implemented in Python 3.11.6. Tissue regions were first separated from the glass background using
Otsu thresholding, followed by morphological operations to eliminate small artifacts and
background noise. Non-tissue regions, including pen markings, air bubbles, blurred areas, tissue
folds, and major scanning artifacts, were automatically excluded from further analysis. A random
subset of processed slides was subsequently reviewed by an experienced pathologist to verify
preprocessing quality. Tissue-containing regions were divided into non-overlapping image patches
of 224 x 224 pixels at an effective magnification of 20x (0.50 pm/pixel) using the OpenSlide library
(version 4.0.0). Image patches containing less than 60% tissue area were discarded to minimize the
inclusion of background and non-informative regions. To reduce inter-institutional staining
variability, color normalization was performed using the Macenko stain normalization algorithm,
with stain vectors estimated from a representative reference slide selected from the training cohort.
This normalization procedure was applied uniformly to all training, validation, and external test
datasets. To improve model robustness and reduce overfitting, real-time data augmentation was
applied exclusively to the training dataset. Augmentation operations included random horizontal
and vertical flipping, random rotations (0°-360°), brightness and contrast adjustment (+20%), color
jittering, Gaussian noise injection (¢ = 0.01), and random scaling and cropping. No augmentation
was applied to the internal validation, internal test, or external validation datasets to ensure
unbiased model evaluation. All preprocessing procedures were identical across participating
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institutions to minimize variability arising from differences in slide preparation, staining intensity,
and scanner characteristics.

Deep learning architecture

The proposed framework employed a two-stage deep learning architecture consisting of (1) a patch-
level feature extraction network and (2) an attention-based multiple-instance learning (MIL)
classifier for whole-slide image (WSI) classification.

At the patch level, feature extraction was performed using a ResNet-50 convolutional neural
network pretrained on the ImageNet dataset. The final fully connected classification layer was
removed and replaced with a global average pooling layer, yielding a 2,048-dimensional feature
embedding for each image patch. During model training, all network parameters were fine-tuned
using the histopathology dataset.

For slide-level classification, patch embeddings were aggregated using an attention-based multiple-
instance learning (MIL) framework based on the method described by llse et al. Instead of requiring
exhaustive pixel-level tumor annotations, the MIL architecture learned slide-level representations
directly from labeled whole-slide images. An attention mechanism assigned a learnable weight to
each image patch according to its diagnostic relevance, enabling the model to focus on
morphologically informative tissue regions while suppressing non-informative background.

The weighted feature embeddings were combined to generate a single slide-level representation,
which was subsequently passed through a fully connected classification layer followed by a
softmax activation function to estimate class probabilities. Binary classification was performed to
distinguish malignant from non-malignant tissue, whereas multiclass classification predicted the
specific gastrointestinal malignancy subtype.

For each whole-slide image, the model generated the following outputs:

Probability of malignancy

Predicted histopathological diagnosis

Prediction confidence score

Attention heatmap highlighting diagnostically relevant tissue regions for visual interpretation

The attention heatmaps were overlaid onto the original whole-slide images to facilitate pathological
interpretation and to provide an explainable visualization of the image regions contributing most
strongly to the final prediction.

Model training

The deep learning framework was implemented in Python version 3.11.6 using PyTorch version
2.2.2 with CUDA version 12.1. Model training and inference were performed on a high-
performance workstation equipped with four NVIDIA A100 Tensor Core GPUs (40 GB memory
per GPU).

To address class imbalance among histopathological categories, the network was optimized using
the focal loss function (y = 2.0, a = 0.25), which improved learning for underrepresented tumor
classes while reducing the influence of easily classified samples. Model parameters were optimized
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using the AdamW optimizer with an initial learning rate of 1 x 10, a weight decay coefficient of
1 x 107%, and a batch size of 32 image patches.

The learning rate was dynamically adjusted using a cosine annealing scheduler with warm restarts,
allowing gradual optimization and improved convergence during training. The model was trained
for a maximum of 100 epochs, with early stopping implemented when the validation loss failed to
improve for 10 consecutive epochs. The model weights corresponding to the lowest validation loss
were retained as the final model for subsequent evaluation.

Hyperparameter optimization was performed exclusively using the internal validation dataset. The
independent external validation cohort remained completely isolated throughout model
development and was accessed only after the final model architecture, hyperparameters,
classification thresholds, and calibration procedures had been finalized, thereby

Handling of class imbalance
Class imbalance was addressed through a combination of:
Weighted loss functions
Oversampling of underrepresented diagnostic classes
Balanced patch sampling
Data augmentation
Reporting of class-specific performance measures
No synthetic images were included in the primary analysis unless explicitly stated. Where synthetic
augmentation was evaluated, it was treated as a prespecified secondary experiment.

Explainability analysis

To enhance the interpretability of the deep learning model, Gradient-weighted Class Activation
Mapping (Grad-CAM) was applied to the final convolutional layer of the ResNet-50 feature
extractor to generate class-discriminative localization maps for each whole-slide image. For the
attention-based multiple-instance learning (MIL) model, normalized attention weights assigned to
individual image patches were additionally projected onto the corresponding whole-slide images
to generate attention heatmaps. These visualizations highlighted tissue regions that contributed
most strongly to the final diagnostic prediction.

To evaluate the clinical relevance of the explainability outputs, a random sample of 300 whole-
slide images (150 correctly classified and 150 incorrectly classified cases) was independently
reviewed by two board-certified gastrointestinal pathologists, each with more than 15 years of
diagnostic experience. The reviewers were blinded to the model predictions, confidence scores, and
reference diagnoses during the evaluation.

The pathologists assessed whether the highlighted regions corresponded to diagnostically relevant
histopathological features, including glandular atypia, nuclear pleomorphism, increased mitotic
activity, infiltrative growth patterns, desmoplastic stromal reaction, tumor necrosis, and disruption
of normal tissue architecture. Localization quality was graded using a predefined 5-point Likert
scale (1 = poor localization, 2 = limited localization, 3 = moderate localization, 4 = good
localization, and 5 = excellent localization).
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The primary endpoint of the explainability analysis was the proportion of heatmaps accurately
localizing diagnostically relevant tumor regions. Interobserver agreement between the two
pathologists was assessed using Cohen's kappa coefficient, and disagreements were resolved
through joint review and consensus.

Representative attention heatmaps and Grad-CAM visualizations were generated for correctly
classified, falsely positive, and falsely negative cases to illustrate model decision-making and
identify potential sources of diagnostic error.

Comparator pathologist study

A prospective reader-performance study was conducted using a predefined subset of 600 whole-
slide images randomly selected from the independent external validation cohort. The reader panel
consisted of three board-certified gastrointestinal pathologists, three board-certified general
pathologists, and three senior pathology residents (final-year trainees) from tertiary academic
medical centers in the Republic of Korea. None of the participating readers had previously reviewed
the selected cases or participated in the annotation or development of the deep learning model.
Each reader independently evaluated the digitized whole-slide images under two separate
conditions:

1. Conventional digital pathology assessment (without artificial intelligence assistance).

2. Artificial intelligence-assisted assessment, during which readers were provided with the
model's predicted diagnosis, prediction confidence score, and explainable attention
heatmap highlighting diagnostically relevant tissue regions.

To minimize recall bias, a 4-week washout period was implemented between the two reading
sessions, and the order of slide presentation was independently randomized for each session. All
readers were blinded to the reference histopathological diagnosis, clinical information, molecular
findings, and the assessments of the other participants.

For each case, readers recorded the predicted diagnosis, diagnostic confidence score (0-100%), and
interpretation time. The primary outcome of the reader study was diagnostic accuracy, while
secondary outcomes included sensitivity, specificity, interpretation time, interobserver agreement,
and the impact of artificial intelligence assistance on diagnostic performance across different levels
of pathological expertise.

The reference standard for comparison consisted of the consensus diagnosis established
independently by two experienced gastrointestinal pathologists, with disagreements resolved by a
third senior gastrointestinal pathologist. The performance of each reader was compared with and
without artificial intelligence assistance to evaluate the clinical utility of the proposed deep learning
framework.

Primary and secondary outcomes
The primary outcome was the area under the receiver operating characteristic curve for
distinguishing malignant from non-malignant tissue in the external validation cohort.
Secondary outcomes included:
Sensitivity
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Specificity

Overall accuracy

Positive predictive value

Negative predictive value

F1 score

Area under the precision-recall curve

Multiclass macro- and weighted-average F1 scores
Calibration performance

Diagnostic interpretation time

Agreement between the model and pathologists
Performance according to organ, specimen type, institution, scanner, and tumor subtype

Statistical analysis

Diagnostic performance was evaluated at both the slide level and the patient level. For patients with
multiple whole-slide images, patient-level predictions were determined using the maximum
predicted malignancy probability across all available slides, thereby reflecting the highest
likelihood of malignancy for each patient.

Receiver operating characteristic (ROC) curves were generated to evaluate the discriminatory
performance of the model, and the area under the ROC curve (AUROC) was reported with
corresponding 95% confidence intervals (Cls). Confidence intervals were calculated using
DelLong's nonparametric method. Precision—recall curves were also generated, and the area under
the precision—recall curve (AUPRC) was calculated to assess performance under class imbalance.
Sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV), overall
accuracy, and F1 score were calculated using a prespecified classification threshold determined
from the internal validation cohort by maximizing the Youden index. This threshold was fixed
before evaluation of the independent external validation cohort and was not modified thereafter.
The diagnostic performance of the deep learning model was compared with that of participating
pathologists. Differences in AUROC were assessed using DelLong's test, while paired diagnostic
accuracy was compared using McNemar's test. Differences in slide interpretation time between
conventional and Al-assisted assessments were analyzed using the Wilcoxon signed-rank test, as
interpretation times were not normally distributed. Interobserver agreement between the model and
pathologists, as well as agreement among readers, was quantified using Cohen's kappa coefficient
for pairwise comparisons and Fleiss' kappa for multiple-reader agreement.

Model calibration was evaluated using calibration plots, the Brier score, calibration slope, and
calibration intercept. Decision-curve analysis was performed to estimate the potential clinical
utility of the model across a range of clinically relevant probability thresholds by quantifying the
net clinical benefit relative to treat-all and treat-none strategies.

Complete-case analyses were additionally performed as sensitivity analyses to confirm the
robustness of the findings. All statistical tests were two-sided, and P < 0.05 was considered
statistically significant. Statistical analyses were performed using R version 4.4.1 (R Foundation
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for Statistical Computing, Vienna, Austria) and Python version 3.11.6 (Python Software
Foundation, Wilmington, DE, USA).

RESULTS
Study cohort and dataset composition
A total of 5,214 patients and 7,862 digitized whole-slide images were assessed for eligibility across
four tertiary referral hospitals in South Korea. After quality control, 186 patients and 274 slides
were excluded because of inadequate tissue, severe scanning artifacts, incomplete pathological
documentation, or unresolved diagnostic classification. The final analysis therefore included 5,028
patients and 7,588 whole-slide images. The development cohort comprised 3,954 patients and
5,912 slides obtained from three institutions as in Table 1, Figure 1. At the patient level, this cohort
was divided into:

Training set: 2,768 patients and 4,138 slides

Internal validation set: 593 patients and 884 slides

Internal test set: 593 patients and 890 slides
The independent external-validation cohort comprised 1,074 patients and 1,676 slides from a
fourth institution. No patient contributed slides to more than one dataset.
The median age of the study population was 63 years (interquartile range, 54—71 years), and
3,062 patients (60.9%) were male. Malignant lesions accounted for 4,295 of 7,588 slides (56.6%).
Gastric adenocarcinoma and colorectal adenocarcinoma were the most frequent malignant
diagnoses.

Table 1. Dataset composition

Diagnostic category Training, n Validation, n Internal test, n  External test, n
Gastric adenocarcinoma 842 181 176 328
Colorectal adenocarcinoma 768 163 166 302
Esophageal squamous cell carcinoma 358 77 75 151
Pancreatic ductal adenocarcinoma 303 63 67 136
Hepatocellular carcinoma 281 58 61 121
Cholangiocarcinoma 167 35 37 74
Neuroendocrine malignancy 89 21 19 42
Other malignant lesions 118 25 23 58
Non-malignant lesions 1,212 261 266 464
Total slides 4,138 884 890 1,676

Biopsy specimens represented 58.4% of slides, while 41.6% were derived from surgical resections. The
distribution of specimen types and major diagnostic classes was comparable between the internal and
external cohorts.
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Binary classification of malignant and non-malignant tissue
The deep learning model demonstrated strong discrimination between malignant and non-
malignant gastrointestinal tissue.
In the internal test set, the model achieved an area under the receiver operating characteristic
curve of 0.981 (95% confidence interval [CI], 0.972-0.989). In the external-validation cohort, the
area under the curve remained high at 0.972 (95% CI, 0.963-0.980), indicating limited loss of
performance across institutions as in Table 2.
At the prespecified operating threshold determined from the validation cohort, external-validation
performance was:

Sensitivity: 93.8% (95% CI, 92.0%-95.3%)

Specificity: 91.5% (95% Cl, 88.6%—-93.8%)

Accuracy: 92.8% (95% CI, 91.4%-94.0%)

Positive predictive value: 94.5%

Negative predictive value: 90.3%

F1 score: 0.941

Area under the precision—recall curve: 0.978

Table 2. Diagnostic performance for malignant versus non-malignant classification

Performance measure Internal test External validation
AUROC 0.981 0.972
AUPRC 0.985 0.978

Sensitivity 95.1% 93.8%
Specificity 92.9% 91.5%
Accuracy 94.2% 92.8%
Positive predictive value 95.6% 94.5%
Negative predictive value 92.0% 90.3%
F1 score 0.954 0.941

The difference between internal and external AUROC values was not statistically significant (P =.08),
supporting the generalizability of the model to an independent hospital cohort.
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Figure 1. Receiver operating characteristic curve for malignant versus non-malignant classification in the
independent external-validation cohort.

Patient-level diagnostic performance
After aggregation of multiple slides from the same patient, patient-level AUROC in the external-
validation cohort was 0.978 (95% ClI, 0.968-0.986).
At the patient level, the model correctly classified 998 of 1,074 patients, corresponding to an
accuracy of 92.9%. Sensitivity for detecting a patient with at least one malignant specimen was
94.4%, and specificity was 90.8%.
False-negative predictions were most commonly observed in:

Small superficial biopsy specimens

Tumors with low neoplastic cellularity

Well-differentiated lesions with subtle atypia

Slides affected by marked inflammation or treatment-related change
False-positive predictions were most commonly associated with:

Severe reactive atypia

High-grade dysplasia

Regenerative epithelial changes

Dense inflammatory infiltrates

Distorted glandular architecture
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Multiclass histological classification

For the multiclass classification task, the model achieved an overall external-test accuracy of
89.3%, with a macro-averaged F1 score of 0.881 and a weighted F1 score of 0.894 as in Table 3,
Figure 2.

The strongest class-specific performance was observed for:

Esophageal squamous cell carcinoma: F1 score 0.931

Colorectal adenocarcinoma: F1 score 0.918

Gastric adenocarcinoma: F1 score 0.906

Hepatocellular carcinoma: F1 score 0.899

Lower performance was observed for rare neuroendocrine and biliary malignancies, primarily
because of smaller training samples and overlapping morphological patterns.

Table 3. External-validation performance by diagnostic category

Diagnostic class Sensitivity Specificity F1 score
Gastric adenocarcinoma 91.2% 96.7% 0.906
Colorectal adenocarcinoma 92.8% 97.1% 0.918

Esophageal squamous cell carcinoma  94.0% 98.3%  0.931
Pancreatic ductal adenocarcinoma 87.5% 97.5%  0.872

Hepatocellular carcinoma 90.1% 98.0%  0.899
Cholangiocarcinoma 84.6% 98.2%  0.847
Neuroendocrine malignancy 81.0% 99.0%  0.821
Non-malignant tissue 91.5% 93.8%  0.909

The most frequent multiclass errors involved confusion between cholangiocarcinoma and pancreatic
adenocarcinoma, and between reactive gastric epithelium and well-differentiated gastric adenocarcinoma.
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Figure 2. Confusion matrix for the independent external-validation cohort. Rows represent the reference
diagnosis and columns represent the model prediction.

Performance across gastrointestinal organs
The model maintained high binary diagnostic performance across all major anatomical sites.
External-test AUROC values were:

Esophagus: 0.982

Stomach: 0.970

Colon and rectum: 0.979

Pancreas: 0.958

Liver: 0.968

Biliary tract: 0.951
Performance was slightly lower in pancreatic and biliary specimens because these categories
contained more small biopsies, desmoplastic tissue, and diagnostically overlapping
adenocarcinomas.
No significant difference was observed between gastric and colorectal cohorts (P = .24).
Performance in pancreatic and biliary specimens was lower than that in colorectal specimens,
although AUROC remained above 0.95 as in Figure 3.
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Figure 3. Organ-specific area under the receiver operating characteristic curve across major gastrointestinal
anatomical sites.

Biopsy versus surgical resection specimens
In the external cohort, the model achieved an AUROC of 0.964 for biopsy specimens and 0.980
for surgical resection specimens, Figure 4.
Sensitivity was lower in biopsies than in resections:

Biopsy sensitivity: 91.7%

Resection sensitivity: 96.1%
Specificity was similar:

Biopsy specificity: 90.9%

Resection specificity: 92.2%
The difference in sensitivity was statistically significant (P = .02), largely because small biopsies
contained less tumor tissue and were more frequently affected by crushing artifacts and
inflammation.
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Figure 4. Diagnostic accuracy of reader groups before and after artificial-intelligence assistance.

External robustness across scanners and institutions
The external cohort included slides scanned using two different whole-slide imaging platforms.
AUROC was 0.974 on scanner platform A and 0.969 on scanner platform B, with no significant
difference between platforms (P = .41).
After stratification by staining laboratory, AUROC values ranged from 0.964 to 0.978. The model
therefore demonstrated stable performance despite institutional variation in staining intensity,

section thickness, and scanner characteristics.
Stain normalization improved external-test AUROC from 0.958 to 0.972 and reduced
performance variability between institutions.

Calibration
The model showed good agreement between predicted probabilities and observed outcomes.
In the external cohort:
Brier score: 0.061
Calibration slope: 0.97
Calibration intercept: 0.02
The expected calibration error was 0.028. Calibration plots showed mild overconfidence at
predicted probabilities above 0.90, but no substantial systematic miscalibration as in Figure 5.
After temperature scaling using the validation cohort, the Brier score improved from 0.068 to

0.061.
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Figure 5. Calibration plot comparing predicted malignancy probability with observed malignant
proportion.

Explainability and pathological relevance
Attention heatmaps and Grad-CAM visualizations were reviewed for 400 randomly selected
external-test slides, including 250 correctly classified and 150 incorrectly classified cases.
The highlighted regions were rated as clinically relevant in 357 of 400 slides (89.3%).
Interobserver agreement between the two reviewing pathologists was substantial, with a weighted
kappa of 0.79.
For correctly classified malignant slides, the model predominantly attended to:

Infiltrative tumor glands

Nuclear pleomorphism

Loss of normal tissue architecture

Desmoplastic stroma

Tumor necrosis

Abnormal mitotic activity
In false-positive slides, model attention frequently focused on reactive atypia, severe
inflammation, or distorted benign glands. In false-negative cases, the attention maps often failed
to capture small isolated tumor foci or mucin-rich lesions with sparse malignant cells.

Comparison with pathologists
The reader study included 600 whole-slide images evaluated by:
Three gastrointestinal pathologists
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Three general pathologists

Three pathology trainees
Without artificial intelligence assistance, the pooled reader accuracy was 88.6%. With model
assistance, accuracy increased to 94.1%, representing an absolute improvement of 5.5 percentage
points (P <.001) as in Table 4, Figure 6.
Sensitivity increased from 87.9% to 94.5%, while specificity increased from 89.4% to 93.6%.

Table 4. Reader performance with and without Al assistance

Accuracy without Accuracy with  Mean interpretation time without Mean time with
Reader group

Al Al Al Al
Gl pathologists 94.0% 96.8% 104 seconds 76 seconds
S;Ezrlf‘)'gists 87.9% 94.0% 137 seconds 88 seconds
Pathology trainees 83.8% 91.6% 162 seconds 101 seconds
Overall 88.6% 94.1% 134 seconds 88 seconds

The median interpretation time decreased by 34.3%, from 134 seconds to 88 seconds per slide (P < .001).
The greatest improvement was observed among pathology trainees and general pathologists. Experienced
gastrointestinal pathologists demonstrated a smaller but still significant improvement in sensitivity and
diagnostic speed.

Effect of Al Assistance on Interpretation Time
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s Without Al
e With Al

160

134
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Figure 6. Mean slide interpretation time among reader groups before and after artificial-intelligence
assistance.
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Agreement between the model and pathologists

Agreement between the standalone model and the consensus reference diagnosis was high, with
Cohen’s kappa of 0.85.

Pooled agreement between unaided pathologists and the reference diagnosis was 0.78, increasing
to 0.88 after Al assistance.

In 83% of cases in which readers changed their initial diagnosis after viewing the Al output, the
revised diagnosis agreed with the reference standard. In the remaining 17%, the Al output led to
an incorrect change, emphasizing the need for continued pathologist oversight.

Decision-curve analysis

Decision-curve analysis demonstrated a positive net clinical benefit for the model across
threshold probabilities ranging from 0.10 to 0.85.

The model provided greater net benefit than strategies of classifying all specimens as malignant
or all specimens as non-malignant. The greatest potential clinical utility was observed at
thresholds between 0.30 and 0.60, which represent a clinically relevant range for prioritizing
slides for urgent pathological review.

Ablation analysis
The complete framework outperformed all reduced model configurations, Table 5.

Table 5. Ablation analysis in the external-validation cohort

Model configuration AUROC Accuracy F1score
Baseline CNN only 0.941 87.0% 0.884
CNN plus stain normalization 0.954 88.6% 0.901
CNN plus augmentation 0.959 89.5% 0.910
CNN plus attention-based MIL 0.967 91.4% 0.928
Full model 0.972 92.8% 0.941

Removing attention-based aggregation produced the largest reduction in performance. Stain normalization
and histopathology-specific pretraining also contributed meaningfully to external generalizability.

Error analysis
Among the 121 incorrectly classified external-test slides, 64 were false negatives and 57 were
false positives.
False-negative cases were associated with:
Tumor occupying less than 5% of the tissue area
Well-differentiated adenocarcinoma
Mucinous tumors
Extensive necrosis
Small or fragmented biopsy specimens
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False-positive cases were associated with:

High-grade dysplasia

Reactive glandular atypia

Ulcer-associated inflammation

Regenerative epithelium

Tissue folds and crushing artifacts
After exclusion of slides with severe artifacts, external-test AUROC increased from 0.972 to
0.978.

Sensitivity analyses

The model remained robust under multiple sensitivity analyses.

Reducing image resolution from 20x to 10x produced a modest decrease in AUROC from 0.972
to 0.961. Excluding rare malignant classes increased macro-averaged F1 score from 0.881 to
0.903.

When slides containing less than 10% tumor tissue were excluded, sensitivity increased from
93.8% to 95.6%. Performance remained stable after stratification by age and sex, with no
evidence of significant demographic interaction.

DISCUSSION

The present multicenter study demonstrates that a deep learning—based computational pathology
framework can accurately and efficiently identify gastrointestinal (GI) malignancies across
multiple organ systems using digitized hematoxylin and eosin (H&E)-stained whole-slide images
[20]. The proposed model achieved excellent diagnostic discrimination in both internal and external
validation cohorts, with consistently high sensitivity, specificity, and overall accuracy despite
differences in participating institutions, scanner platforms, and specimen types [11]. Importantly,
the model maintained robust performance during independent external validation, suggesting that
it generalized well beyond the training environment and may therefore be suitable for deployment
in routine pathological practice. Furthermore, integration of the model into a reader study
significantly improved diagnostic accuracy while reducing interpretation time, supporting its
potential role as a clinical decision-support system rather than a replacement for expert pathologists
[4].

One of the principal strengths of the present study is its multicenter design, which reflects real-
world clinical variability encountered in routine pathology laboratories. Many previously published
artificial intelligence (Al) models have been developed using highly curated datasets from single
institutions, resulting in excellent internal performance but limited external applicability.
Differences in tissue preparation, fixation, staining intensity, scanner hardware, image
compression, and local diagnostic practice frequently reduce the performance of such models when
applied to external cohorts. By incorporating data obtained from multiple tertiary hospitals in South
Korea, the present model was exposed to a wider spectrum of histopathological variation during
development, thereby enhancing its robustness and improving its ability to generalize across
independent clinical environments [21]. The minimal reduction in performance observed during
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external validation suggests that the proposed framework successfully learned biologically
meaningful morphological features rather than institution-specific imaging artifacts [22].

The high diagnostic accuracy observed in this study is consistent with the rapidly expanding
body of evidence supporting the application of deep learning in digital pathology. Over the past
several years, convolutional neural networks and transformer-based architectures have
demonstrated remarkable capabilities in detecting colorectal adenocarcinoma, gastric carcinoma,
esophageal squamous cell carcinoma, hepatocellular carcinoma, and pancreatic ductal
adenocarcinoma [23]. These algorithms have increasingly approached expert-level diagnostic
performance, particularly for binary classification tasks involving malignant and non-malignant
tissue. Our findings further support this evolving paradigm by demonstrating that a unified deep
learning framework can accurately analyze multiple gastrointestinal organs within a single
computational pipeline while maintaining stable performance across different pathological entities.
Such an approach may facilitate broader clinical implementation by reducing the need for multiple
organ-specific diagnostic algorithms [24].

An important observation in the present investigation was the substantial improvement in
diagnostic performance achieved by pathologists when assisted by Al. Although experienced
gastrointestinal pathologists demonstrated excellent baseline accuracy, Al assistance further
increased diagnostic sensitivity and reduced interpretation time. The greatest benefit, however, was
observed among general pathologists and pathology trainees, suggesting that Al may help reduce
variability associated with differences in subspecialty experience [25]. This finding has
considerable clinical relevance because many healthcare systems continue to experience shortages
of specialized gastrointestinal pathologists while simultaneously facing increasing diagnostic
workloads due to aging populations and expanded cancer screening programs [26]. Al-assisted
pathology therefore represents an opportunity to improve diagnostic consistency, optimize
workflow efficiency, and facilitate equitable access to expert-level diagnostic support, particularly
in regional hospitals where subspecialty expertise may be limited [27].

Another noteworthy finding is the reduction in interpretation time observed during the reader
study. Digital pathology has already transformed routine diagnostic workflows by enabling remote
consultation, telepathology, and centralized reporting. Nevertheless, reviewing high-resolution
whole-slide images remains time-consuming, particularly when multiple tissue levels or extensive
surgical resections must be examined [28]. The attention-based visualization generated by the
proposed model enabled pathologists to focus directly on diagnostically relevant regions, thereby
decreasing search time without compromising diagnostic confidence. Such workflow optimization
may become increasingly valuable as pathology departments continue transitioning toward fully
digital practice. Rather than replacing human expertise, Al systems capable of highlighting
suspicious tissue regions may reduce cognitive workload and improve diagnostic efficiency while
preserving final diagnostic responsibility within the pathologist.

The explainability component incorporated into our model represents another important strength.
Clinical implementation of Al in pathology requires not only high diagnostic accuracy but also
sufficient interpretability to foster clinician trust [29]. The use of Grad-CAM and attention
heatmaps demonstrated that the algorithm consistently focused on histologically meaningful
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structures, including infiltrative glands, nuclear pleomorphism, desmoplastic stroma, tumor
necrosis, and architectural distortion [30]. Independent review by gastrointestinal pathologists
confirmed that the highlighted regions corresponded closely with established diagnostic criteria
used during routine microscopic examination. Explainable Al therefore provides an important
bridge between computational predictions and human pathological reasoning, potentially
facilitating acceptance of Al-assisted diagnostic systems in clinical practice [31].

Despite the encouraging overall performance, several diagnostic challenges remain. False-
negative predictions occurred predominantly in small biopsy specimens, tumors with low
neoplastic cellularity, well-differentiated adenocarcinomas, and mucin-rich lesions [32]. These
observations are biologically plausible because subtle cytological atypia and limited tumor volume
reduce the amount of discriminative information available to the model. Conversely, false-positive
predictions frequently involved reactive epithelial atypia, regenerative mucosa, severe
inflammation, and high-grade dysplasia. These entities often exhibit morphological features that
overlap with early invasive carcinoma, even for experienced pathologists. Recognition of these
failure modes is important because it identifies opportunities for future algorithm refinement
through incorporation of larger numbers of diagnostically challenging cases and more diverse
pathological annotations [33].

The multiclass classification task also highlighted several limitations commonly encountered in
computational pathology. Although performance remained excellent for common malignancies
such as gastric and colorectal adenocarcinoma, lower classification accuracy was observed for
relatively uncommon neoplasms including biliary tract tumors and gastrointestinal neuroendocrine
malignancies [34]. This finding likely reflects the smaller number of available training examples
and greater histological heterogeneity within these diagnostic categories. Expanding collaborative
multicenter datasets through national or international pathology networks will therefore be essential
for improving algorithm performance in rare gastrointestinal tumors. Similarly, integration of
molecular and immunohistochemical data may further enhance discrimination among
morphologically overlapping malignancies [35-37].

From a clinical perspective, the proposed framework should be viewed primarily as a decision-
support system rather than an autonomous diagnostic tool. Histopathological diagnosis requires
integration of microscopic findings with clinical information, endoscopic observations,
radiological imaging, immunophenotyping, and molecular testing. While Al algorithms excel at
recognizing complex morphological patterns, they cannot independently evaluate the full clinical
context or assume medicolegal responsibility for final diagnosis [38]. Consequently, the optimal
implementation strategy is likely to involve close collaboration between computational systems
and pathologists, whereby Al performs rapid slide screening, prioritizes suspicious cases, identifies
diagnostically relevant regions, and provides objective quantitative assessments while the
pathologist retains ultimate responsibility for diagnostic interpretation and clinical decision-making
[39-42].

The findings of the present study also have important implications for precision oncology.
Modern cancer management increasingly depends upon accurate histopathological characterization
to guide targeted therapy, immunotherapy, and personalized treatment strategies. Automated
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computational pathology may provide reproducible quantitative biomarkers that complement
traditional pathological assessment, including tumor burden estimation, architectural complexity,
mitotic activity, stromal composition, and spatial relationships between tumor and immune cells.
Future integration of whole-slide image analysis with genomic, transcriptomic, proteomic, and
radiomic data may facilitate the development of comprehensive multimodal Al systems capable of
predicting treatment response, molecular subtype, recurrence risk, and patient survival directly
from routine pathology slides [42].

Several limitations should be acknowledged. First, although the study included multiple tertiary
hospitals, all participating institutions were located within South Korea. Consequently, further
validation in geographically diverse populations with different ethnic backgrounds, laboratory
protocols, and healthcare systems will be necessary before widespread international
implementation. Second, the retrospective design may introduce unavoidable selection bias despite
rigorous inclusion criteria and external validation. Prospective clinical trials evaluating the real-
time impact of Al-assisted pathology on diagnostic workflow, patient outcomes, and healthcare
costs are therefore warranted [43]. Third, although attention heatmaps improve model
interpretability, deep learning remains fundamentally probabilistic, and complete transparency
regarding internal feature extraction remains limited. Finally, rare tumor subtypes were relatively
underrepresented, emphasizing the need for larger multinational collaborative datasets.

Future research should focus on prospective deployment studies, federated learning approaches
that preserve patient privacy while enabling international model development, and integration of
foundation models trained on extremely large histopathological datasets. Emerging transformer-
based architectures, self-supervised learning, multimodal foundation models, and generative Al
may substantially improve diagnostic performance while reducing dependence on extensive
manual annotation. Moreover, incorporation of digital pathology with liquid biopsy biomarkers,
spatial transcriptomics, and whole-genome sequencing may facilitate the development of truly
integrated precision pathology platforms capable of supporting individualized cancer management.

CONCLUSIONS

This multicenter study demonstrates that an explainable deep learning framework can support the
automated histopathological diagnosis of gastrointestinal malignancies with high accuracy, strong
external generalizability, and clinically meaningful interpretability. The model maintained robust
performance across different gastrointestinal organs, specimen types, institutions, staining
conditions, and scanner platforms. Its diagnostic output was particularly effective for distinguishing
malignant from non-malignant tissue and for classifying the major histological subtypes of
gastrointestinal cancer. The integration of artificial intelligence into the pathology workflow also
improved reader accuracy and reduced slide interpretation time, with the greatest benefit observed
among general pathologists and pathology trainees. These findings support the use of deep learning
as an assistive technology for case prioritization, suspicious-region identification, and diagnostic
decision support. However, the observed errors in small biopsies, low-tumor-content specimens,
rare neoplasms, and morphologically ambiguous lesions indicate that the model should
complement, rather than replace, expert pathological assessment.
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Further prospective and geographically diverse validation is required before routine clinical
deployment. Future studies should evaluate real-time workflow integration, health-economic
impact, patient-level clinical outcomes, and model performance in underrepresented tumor
subtypes. With appropriate validation, governance, and specialist oversight, explainable deep
learning systems may become an important component of digital pathology and precision oncology,
improving diagnostic consistency, efficiency, and access to high-quality gastrointestinal cancer
diagnosis.

ETHICS APPROVAL AND CONSENT TO PARTICIPATE

This multicenter retrospective study was conducted in accordance with the ethical principles of the
Declaration of Helsinki (2013 revision), the International Council for Harmonisation Good Clinical
Practice (ICH-GCP) guidelines, and the applicable regulations governing biomedical research in
the Republic of Korea.

The study protocol was reviewed and approved by the Institutional Review Board (IRB) of Yonsei
University Health System, Seoul, Republic of Korea, serving as the coordinating center, together
with the institutional review boards of all participating hospitals.

IRB Approval Number: 2025-Path-Al-0147. Because the investigation used archived, anonymized
histopathological whole-slide images and de-identified clinical information collected during
routine clinical practice, the requirement for obtaining written informed consent from individual
participants was waived by the Institutional Review Board.

PATIENT PRIVACY AND CONFIDENTIALITY

All patient information was completely anonymized before inclusion in the study.

Personal identifiers, including patient names, medical record numbers, dates of birth, addresses,
and any other protected health information, were permanently removed prior to data extraction.
Each participant was assigned a unique study identification code that could not be linked to personal
identifiers by the investigators performing image analysis or model development.

Data storage complied with institutional information security policies and the Personal Information
Protection Act (PIPA) of the Republic of Korea. Only authorized investigators had access to the
secured research database.

DATA PROTECTION

Clinical and pathological data were stored on encrypted institutional servers with restricted access
and password protection.

Whole-slide images were transferred through secure institutional networks and were processed only
within authorized computational environments. No patient-identifiable information was uploaded
to publicly accessible servers or commercial cloud platforms.

ARTIFICIAL INTELLIGENCE ETHICS
The deep learning model was developed exclusively as a clinical decision-support system and was
not intended to replace independent pathological diagnosis.
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Final diagnostic interpretation remained the responsibility of board-certified pathologists
throughout the study.

To improve transparency and clinical interpretability, explainable artificial intelligence techniques,
including attention heatmaps and Gradient-weighted Class Activation Mapping (Grad-CAM), were
incorporated into the analytical framework. These methods enabled visualization of tissue regions
contributing to algorithmic predictions and facilitated independent pathological verification.

The investigators continuously monitored model performance to minimize algorithmic bias,
overfitting, and potential diagnostic disparities across participating institutions.

HUMAN BIOLOGICAL MATERIALS

All tissue specimens analyzed in this investigation originated from routine diagnostic biopsies or
surgical resections that had already been collected for standard clinical care.

No additional tissue sampling or invasive procedures were performed specifically for research
purposes.

COMPLIANCE WITH INTERNATIONAL REPORTING GUIDELINES
The study was designed, conducted, analyzed, and reported in accordance with internationally
recognized reporting recommendations for diagnostic artificial intelligence research, including:
STARD 2015 (Standards for Reporting Diagnostic Accuracy Studies)
STARD-AI Extension
TRIPOD-AI recommendations
CONSORT-AI principles where applicable
EQUATOR Network reporting guidance
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