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A B S T R A C T
The rapid advancement of vision-language models (VLMs) has accelerated progress in computational
pathology; however, whole-slide image (WSI)-based pathology report generation remains limited by
the scarcity of large-scale WSI–report datasets and the complexity of mapping spatially distributed
visual patterns to structured clinical text. To address this, we introduce a clinically curated Pan-Asia
WSI–report dataset of approximately 10,500 pairs from five institutions and establish the REG 2025
benchmark through a MICCAI challenge for systematic evaluation of multimodal models. We analyze
submitted methods spanning pretrained VLMs, multiple-instance learning frameworks, hierarchical
expert models, retrieval-augmented generation, and cross-modal Transformers. Rather than indicating
that VLM use alone was sufficient for superior performance, the results suggest that top-performing
methods benefited from structured report representations, hierarchical diagnostic decomposition, and
effective multimodal grounding. We identify key limitations, including instability in quantitative
attribute estimation (e.g., numeric hallucination) and a tendency toward diagnostic overspecification,
with some errors resembling known diagnostic pitfalls in routine pathology. These findings establish
REG 2025 as a benchmark for evaluating WSI-based structured report generation and vision-language
understanding in computational pathology, providing insights for the design of clinically grounded
multimodal pathology models.
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1. Introduction
Pathology report generation from whole-slide images

(WSIs) remains a fundamentally challenging problem in
computational pathology, despite recent advances in ar-
tificial intelligence [59, 23, 44]. Unlike conventional vi-
sion–language tasks, this problem requires translating giga-
pixel-scale images, characterized by spatially distributed and
weakly localized visual patterns, into clinically meaningful
textual reports that summarize global tissue characteris-
tics and diagnostic conclusions [40, 68, 67]. Such reports
are inherently abstract, often reflecting integrated clinical
reasoning rather than direct visual descriptions [48, 60].
This introduces a substantial spatial–semantic gap between
image and text modalities, further compounded by weak
and indirect alignment, where slide-level supervision pro-
vides no explicit correspondence between local regions and
textual components [82, 20, 22]. In addition, the extreme
scale and sparsity of WSIs, where diagnostically relevant
regions occupy only a small fraction of the image, make
reliable feature aggregation particularly difficult [4, 68]. The
problem is further complicated by the one-to-many nature
of report generation, as multiple clinically valid descriptions
may exist for a single case, and by the variability in reporting
styles across pathologists and institutions [28, 5, 51, 53].
Together, these characteristics distinguish pathology report
generation from conventional multimodal learning problems
and highlight the need for specialized modeling strategies
and standardized data resources.

To address these challenges, a wide range of artificial
intelligence–based approaches have been developed in com-
putational pathology following the digitization of WSIs [59,
23, 44]. Early methods primarily relied on convolutional
neural network (CNN)–based patch-level analysis [19, 24,
84, 39, 61, 8], which were later extended to multiple-instance
learning (MIL) frameworks [44, 33, 26, 55, 11, 47, 7, 27]
to enable slide-level inference without requiring exhaustive
annotations. More recently, foundation models trained on
large-scale datasets have been introduced to learn general-
purpose representations that can be transferred across down-
stream tasks [71, 12, 43, 75, 66, 20]. Building upon these ad-
vances, recent studies have further explored vision–language
models (VLMs) for pathology report generation, aiming
to bridge visual and textual modalities in a unified frame-
work [37, 13, 10, 42, 62, 79]. Despite these efforts, exist-
ing approaches remain limited in effectively addressing the
intrinsic challenges of pathology report generation, particu-
larly in terms of weak alignment, abstract semantic reason-
ing, and the lack of standardized paired datasets.

⋆Dataset is available at https://reg2025.grand-challenge.org/reg2025/
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This discrepancy becomes more evident when compared
to the rapid progress observed in radiology report genera-
tion [69, 57], where large-scale paired image–report datasets
and more explicit global image–text alignment have enabled
substantial advances. In contrast, advancements in pathol-
ogy report generation remain comparatively limited [22,
25]. These limitations are primarily driven by the intrinsic
characteristics of WSIs. Unlike radiology images, WSIs are
gigapixel in scale and require patch-based processing, which
disrupts global spatial coherence [4]. Moreover, pathology
reports summarize complex spatial patterns that are not di-
rectly localized, leading to weak image–text alignment [82,
20, 22].

In addition, pathology reports are predominantly semi-
structured free text [56, 54], and in practice, standardized
reporting protocols such as CAP synoptic guidelines are not
consistently adopted across institutions [16, 18]. This issue
is particularly pronounced in settings with limited digital
pathology infrastructure or incomplete adoption of synoptic
reporting systems [58, 65], where diagnostic findings are
often documented in narrative form without consistently
structured diagnostic fields or explicit final diagnoses. Even
when formal guidelines exist, reporting practices frequently
vary across pathologists, institutions, and countries in terms
of terminology, report structure, and diagnostic granular-
ity [64]. For example, breast pathology reporting practices
vary considerably across institutions, with some centers
adopting CAP synoptic templates [15], whereas others con-
tinue to rely on institution-specific narrative reporting styles.
Such heterogeneity introduces significant supervision noise
between gigapixel WSIs and text, thereby limiting reliable
multimodal learning, weakening image–text alignment, and
complicating quantitative evaluation [34, 63].

Publicly available WSI benchmarks, including CAME-
LYON [39], PANDA [6], and SurGen [49], have substan-
tially advanced computational pathology research in tasks
such as classification, segmentation, and survival prediction.
However, pathology image–text benchmarks for WSI-based
report generation remain extremely limited, with represen-
tative examples including TCGA [73], HISTAI [50], and
HANCOCK [21]. In TCGA, pathology reports are typically
provided as manually written PDF documents, requiring ex-
tensive preprocessing and parsing to extract usable text [29,
9, 30], while the reports themselves remain highly heteroge-
neous in structure, terminology, and linguistic style across
institutions, weakening the supervision signal between WSIs
and text. HISTAI, although designed for large-scale pre-
training, primarily focuses on representation learning rather
than standardized report generation, and its reports remain
largely unstructured despite text cleaning procedures [41,
32]. HANCOCK [21] is further constrained by its focus on a
specific cancer type, limiting both data diversity and cross-
organ generalization. Collectively, these limitations hinder
reliable quantitative evaluation and clinically grounded mul-
timodal learning [35, 36], highlighting the lack of large-
scale, clinically standardized, and multi-institutional WSI–
report benchmarks for pathology report generation.
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Figure 1: REG 2025 challenge workflow. (a) Multi-institutional WSI–report pairs were collected using three scanner platforms.
(b) The data were curated through organ- and diagnosis-level categorization and anonymization. (c) The curated dataset was
distributed to participants, and the generated reports were collected and evaluated as part of the challenge.

To address these limitations, we introduce a high-quality,
clinically curated WSI–report dataset constructed in accor-
dance with the College of American Pathologists (CAP)1
guidelines, which define the core elements of complete
pathology reporting and provide a synoptic framework for
reducing inter-institutional variability [58]. The proposed
dataset comprises approximately 10,500 paired WSI–report
samples collected from five institutions across South Korea,
India, Japan, Turkey, and Germany, representing the first
large-scale Pan-Asia–centric multi-institutional dataset for
pathology report generation, to the best of our knowledge.

Building upon this dataset, we further establish a large-
scale benchmark through the REport Generation in Pathol-
ogy using Pan-Asia Giga-pixel WSIs 2025 (REG 2025)
Challenge at the Medical Image Computing and Computer
Assisted Intervention2 conference, enabling systematic eval-
uation of multimodal models under realistic clinical set-
tings. A total of 389 participants from 40 countries took
part in the challenge, among which 24 teams successfully
submitted their final models. The submitted approaches span
diverse paradigms, including pretrained VLM-based meth-
ods [37, 13, 10, 42, 62, 79], pathology-specific MIL frame-
works [44, 26, 55, 11], and cross-modal Transformer archi-
tectures [71, 20], reflecting the current landscape of compu-
tational pathology.

1https://www.cap.org/
2https://conferences.miccai.org/2025/

Beyond dataset construction and benchmarking, we pro-
vide a comprehensive empirical analysis of the REG 2025
Challenge, offering insights into the fundamental charac-
teristics of pathology report generation. Specifically, our
analysis reveals that:

1. Models leveraging pretrained VLM backbones with
effective multimodal fusion consistently achieve su-
perior performance across report generation quality
metrics.

2. Models trained on Pan-Asia data exhibit strong gen-
eralization to independent European cohorts, suggest-
ing the potential to mitigate Western-centric bias in
existing pathology datasets.

3. Clinical precision, linguistic coherence, and com-
pleteness of pathological reasoning are strongly cor-
related with overall model performance.

4. Conventional approaches remain limited in capturing
the structured nature of pathology reports, highlight-
ing the importance of structured learning for pathol-
ogy report generation.

These findings establish REG 2025 as the first bench-
mark for jointly evaluating report generation and vision-
language understanding in computational pathology, while
providing practical insights for the development of future
multimodal pathology models.
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Table 1
Representative diagnostic categories across seven organs. The pathology dataset included in the challenge were curated and
organized according to the following diagnostic categories.

Organ Diagnostic Categories

Stomach Adenocarcinoma; Tubular adenoma (low/high-grade dysplasia); Extranodal marginal zone B cell
lymphoma (MALT type); Chronic (active) gastritis; Others

Prostate Acinar adenocarcinoma; Normal; Others

Lung Adenocarcinoma; Squamous cell carcinoma; Small cell carcinoma; Chronic granulomatous inflammation;
No evidence of malignancy or granuloma; Others

Colorectum Adenocarcinoma; Tubular adenoma (low/high-grade dysplasia); Hyperplastic polyp; Serrated lesion;
Chronic nonspecific inflammation; Others

Cervix
Low-grade squamous intraepithelial lesion (LSIL); High-grade squamous intraepithelial lesion (HSIL);
Invasive squamous cell carcinoma; Endocervical adenocarcinoma in situ (AIS), HPV-associated; Chronic
nonspecific cervicitis; Others

Bladder Invasive urothelial carcinoma; Non-invasive papillary urothelial carcinoma; Urothelial carcinoma in situ;
No tumor present

Breast Invasive ductal carcinoma; Invasive lobular carcinoma; Ductal carcinoma in situ (DCIS); Fibroepithelial
tumor; Papillary neoplasm; Others

Table 2
Number of cases by organ across training, Phase 1, and Phase
2 datasets. Each dataset was stratified to maintain a consistent
distribution across organs and institutions.

Organs Number of cases by organ

Train Phase 1 Phase 2

Breast 1916 112 112
Cervix 621 37 37
Colorectum 944 328 298
Lung 898 50 50
Prostate 1770 331 361
Stomach 1477 87 87
Bladder 868 55 55

Total 8494 1000 1000

2. Materials and Methods
2.1. Dataset Description and Preprocessing

Pipeline
WSIs and their corresponding pathology reports were

collected from five institutions: Korea University Anam
Hospital (Korea), Kameda Medical Center (Japan), All India
Institute of Medical Sciences (India), Memorial Healthcare
Group Istanbul (Türkiye) and University Hospital Cologne
(Germany) (Fig. 1-(a)). WSIs were digitized using institution-
specific scanners: Aperio AT2 at Korea University Medical
Center and Memorial Healthcare Group; Philips IntelliSite
Pathology Solution at Kameda Medical Center; and Hama-
matsu NanoZoomer at All India Institute of Medical Sci-
ences and University Hospital Cologne.

The dataset spans seven organs-breast, bladder, cervix,
colorectum, lung, prostate, and stomach- and each WSI

was paired with its corresponding pathology report (Fig. 1-
(b)). As the original reports differed substantially across
institutions in structure, terminology, level of descriptive de-
tail, and language, we generated standardized ground-truth
pathology reports using a unified template with consistent
structure and terminology (Fig. S1-(a)). Initial screening
was performed by four pathology trainees and subsequently
reviewed by three board-certified pathologists. Each curated
ground-truth report included the organ, procedure, histo-
logic type and, when applicable, histologic grade, while
excluding information not directly observable from patho-
logical images, such as anatomical location or diagnoses
based on clinical context.

Histologic terminology was standardized according to
the 5th edition of the World Health Organization (WHO)
Classification of Tumours; for example, the term "invasive
ductal carcinoma" was redesignated as "invasive carcinoma
of no special type". For malignant tumor cases, selected
organ-specific elements were additionally included in the
pathology report with reference to the corresponding CAP
Cancer Protocol. These included parameters such as the
Nottingham histologic score for breast carcinoma and Glea-
son grading for prostate needle biopsy specimens. The CAP
Cancer Protocol versions used in this study were invasive
carcinoma of breast v1.2.0.0, ductal carcinoma in situ of
breast v1.0.1.0, urinary bladder v4.2.0.0 and prostate gland
needle biopsy v1.1.0.0 (Fig. S1-(c)). For stomach biopsy
specimens, the terminology for low-grade dysplasia differed
across institutions and was unified as “tubular adenoma with
low-grade dysplasia” through consensus meetings.

Inclusion and exclusion criteria were applied in two
stages: technical WSI quality screening followed by expert
review of diagnostic certainty. First, cases were excluded on
technical grounds if the slide contained insufficient tissue
for pathologic assessment, if the lesional focus was too

Yumi Lee, Harim Oh et al.: Preprint submitted to Elsevier Page 4 of 33



REG2025

limited for reliable interpretation, or if there was out-of-
focus scanning, poor staining, excessive cautery artifact, or
other technical deficiencies. Second, cases that were techni-
cally acceptable but diagnostically equivocal were excluded
after expert review. This latter step was intended to reduce
label noise arising from unavoidable interobserver vari-
ability in borderline lesions (e.g. stomach biopsy between
well-differentiated adenocarcinoma vs. high-grade dyspla-
sia). Together, these steps ensured that the final dataset
comprised cases that were both technically adequate and
diagnostically reliable, resulting in a curated cohort 15.4%
smaller than the initial collection.

All curated datasets were anonymized and the pyramid
level corresponding to 20× magnification was extracted and
exported as TIFF files. During anonymization, associated
images (“label”, “macro”, and “thumbnail”) were removed
from Aperio-scanned files (Fig. S1-(b)). For WSIs contain-
ing multiple specimens on a single image, each image was
manually cropped into separate image regions, ensuring
that each cropped slide image corresponded to its respec-
tive pathology diagnosis. Anonymized filenames followed
the format PIT_{institution ID}_{slide number}_{split

number}.tiff, where the split number was used for manually
cropped images containing multiple specimens.

In total, the final dataset consists of 10,494 WSI–report
pairs, representing a broad spectrum of diagnostic categories
across seven organs, including malignant entities (e.g., ade-
nocarcinoma, squamous cell carcinoma), premalignant le-
sions (e.g., tubular adenoma with low-grade dysplasia), be-
nign conditions, and non-neoplastic tissues (Table 1). This
composition reflects the diagnostic spectrum encountered in
routine pathology practice and provides a clinically relevant
setting for model development.

This study was approved by the Institutional Review
Boards (IRB) of Korea University Medical Center (No.
K2024-2640-001) and Kameda Medical Center (No. 22-
094), the Ethics Committee of Memorial Healthcare Group
Istanbul (decision no. 28.03.2025/001), and the Ethics Com-
mittee of the University of Cologne (ethics votes 25-1057
and 20-1583). Data transfer and external use were addi-
tionally reviewed and approved by the KUMC Data Re-
view Board (No. D2024-074-CR). For datasets provided
by the All India Institute of Medical Sciences, separate
IRB approval at the contributing institution was not re-
quired because the data were fully anonymized and con-
tained no patient-identifiable information. The REG2025
dataset was released under the CC BY-NC-SA 4.0 license
for non-commercial research and benchmarking purposes.
2.2. Challenge Design and Workflow

The challenge was hosted on the Grand Challenge3 plat-
form (Fig. 1-(c)). Participants were provided with approx-
imately 8,500 preprocessed WSI–report paired samples as
the training dataset, and the competition was conducted
in two stages: Test Phase 1 and Test Phase 2 (Table 2).
The dataset was partitioned at the patient level to prevent

3https://grand-challenge.org/

data leakage. The training data were distributed through
the remote server, and participants were given two months
after the dataset release to develop and train their models.
In each test phase, participants received 1,000 WSI-only
samples, for which they were required to generate corre-
sponding pathology reports within a three-week submission
period. The evaluation procedure for the generated reports is
described in Section 2.3.

Each team was allowed two submissions per phase, and
all submitted reports were evaluated within a Docker-based
environment to ensure consistency and reproducibility. The
leaderboard displayed only the weighted Ranking Score–
aggregated from the four evaluation metrics–to prevent par-
ticipants from fine-tuning their models toward specific met-
rics. The leaderboard was updated in real time via GitHub4,
allowing participants to monitor their relative performance
throughout the competition.

The primary distinction between Test Phase 1 and Test
Phase 2 was the inclusion of European data. Phase 1 con-
sisted of 1,000 Pan-Asia samples collected from the same
four hospitals as the training set, whereas Phase 2 included
500 Pan-Asia samples and an additional 500 European sam-
ples obtained from a German medical center. This design
aimed to evaluate whether the models developed by partic-
ipants could maintain robust performance across different
ethnic and institutional domains. The final ranking score was
computed as a weighted sum of the two phases:

Final Score = (0.2×Phase 1 Score)+(0.8×Phase 2 Score)
2.3. Evaluation Metrics

Traditional natural language processing (NLP) metrics
were not designed to evaluate clinically structured pathology
reports, where subtle differences in wording can alter diag-
nostic meaning. To address this limitation, we developed a
clinically grounded composite evaluation framework in the
REG 2024 Challenge5, which was conducted as a domestic
pilot study with limited scale and served as a preliminary val-
idation of the proposed framework. Rather than relying on
a single metric, the evaluation employed a composite score
that integrates multiple complementary evaluation metrics
designed to reflect the structured and diagnostically relevant
properties of pathology reports.

The ranking score was defined as follows:
Ranking score = 0.15 × (ROUGE + BLEU)+

0.4 × KEY score + 0.3 × EMB score
where the KEY score represents the Jaccard similarity be-
tween sets of clinically relevant keywords extracted from
reports, and the EMB score measures the cosine similarity
between sentence embeddings derived from a biomedical
domain-specialized language model [2]. The detailed im-
plementation is available at https://github.com/hrb0/reg/.

As the participating models were trained on curated
pathology reports and aimed to reproduce established di-
agnostic expressions, we evaluated surface-level textual

4https://github.com/hrb0/reg/tree/main/leaderboard
5https://github.com/PathfinderLab/REG
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Table 3
Overall performance comparison of participating teams in the REG 2025 Challenge. Phase-specific scores represent the weighted
sum of ROUGE, BLEU, KEY, and EMB metrics. Teams are ranked according to the final score (— denotes no submission for
the corresponding phase.).

Rank Team Phase 1 Phase 2 Final Rank Team Phase 1 Phase 2 Final

1 ICGI 0.8098 0.8472 0.8397 13 TokenStreamers 0.7248 0.5773 0.6068
2 ICL_PathReport 0.7352 0.8415 0.8202 14 NUST-SEECS 0.5144 0.6121 0.5926
3 IMAGINE Lab 0.6258 0.8494 0.8047 15 Clinical_Omics_Institute 0.5531 0.5984 0.5894
4 ADCT 0.7704 0.8040 0.7973 16 JX_REG 0.5073 0.5309 0.5262
5 IUCompPath 0.7906 0.7899 0.7900 17 DSG 0.4385 0.4286 0.4306
6 TrustPath 0.6565 0.8127 0.7815 18 sk — 0.5277 0.4221
7 TeamTiger@REG2025 0.7777 0.7763 0.7766 19 virasoft 0.1691 0.4590 0.4010
8 MedInsight-ViseurAI 0.5326 0.8093 0.7539 20 Shubham47 0.4402 0.3849 0.3960
9 PathoMozhi 0.4611 0.7960 0.7290 21 DiceMed_labs — 0.3577 0.2861
10 MTS_REG_2025 0.6046 0.7584 0.7276 22 UTWL — 0.3110 0.2488
11 NW-TIA — 0.8282 0.6626 23 May_REG 0.5245 — 0.1049
12 REG_Path 0.6907 0.6510 0.6589 24 IMI_REG 0.5027 — 0.1005

overlap between generated and ground truth reports using
ROUGE-L [38] and BLEU-4 [52], two conventional word-
level similarity metrics. However, simple lexical overlap
alone cannot adequately capture clinical equivalence in
pathology reporting. For example, semantically equivalent
statements such as “core-needle biopsy” and “sono-guided
core biopsy” convey identical diagnostic conclusions de-
spite differences in wording.

Moreover, keyword-based matching alone may fail to
distinguish clinically critical negations, such as “the spec-
imen includes muscle proper” versus “the specimen does
not include muscle proper”. To address these limitations,
the evaluation framework integrates both keyword-level as-
sessment of essential diagnostic elements and a semantic
similarity component that captures the overall meaning of
the report. In the REG 2024 Challenge, this ranking score
demonstrated a high level of concordance with expert-based
mean opinion scores. Rankings derived from the composite
score aligned most closely with pathologists’ subjective as-
sessments of overall report quality and diagnostic adequacy,
supporting its use as a practical and clinically meaningful
surrogate metric for large-scale benchmarking of pathology
report generation models.

3. Results
The challenge attracted a total of 389 participants from

40 countries. In Phase 1, submissions were received from 20
teams, comprising 8 individual and 12 group teams, while
Phase 2 included 22 teams, consisting of 9 individual and
13 group teams.
3.1. Quantitative Evaluation Results

The ranking scores of all teams for each phase are
summarized in Table 3. In Phase 1, the highest score was
achieved by the ICGI team with a score of 0.8098, while the
overall average reached 0.5915. In Phase 2, the IMAGINE
Lab team obtained the highest score of 0.8494, with an
average score of 0.6523, indicating a clear performance

Figure 2: Score distribution of participating teams across
Phase 1, Phase 2, and the German subset of Phase 2. Similar
score distribution patterns are observed for ROUGE, BLEU,
KEY, and EMB metrics in both phases. (R: ROUGE, B: BLEU,
K: KEY score, E: EMB score)

improvement compared to Phase 1. These results suggest
that models trained on the Pan-Asia dataset maintained
strong performance when evaluated on European cohorts,
indicating the potential for cross-regional generalization.

Based on Final Score, the top three teams were ICGI,
ICL_PathReport, and IMAGINE Lab, all achieving final
scores above 0.8000, underscoring their outstanding perfor-
mance.

Furthermore, we compared the results according to four
evaluation metrics – ROUGE, BLEU, KEY, and EMB scores
– as presented in Table S1, S2. When the teams were ranked
in descending order of their overall Ranking Score, the KEY
and EMB metrics exhibited similar trends in both Phase 1,
Phase 2, and the German subset of Phase 2 (Fig. 2).

Interestingly, while distribution patterns were largely
consistent across Phase 1, Phase 2, and the German subset,
the German subset showed higher mean performance with
lower variance than the Pan-Asia subset. In contrast, the Pan-
Asia dataset exhibited lower overall performance and higher
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Figure 3: Category-wise performance analysis of participating models. (a) Organ-wise performance comparison for general cases
. (b) Performance comparison on 11 rare diagnostic cases. (c) Radar plot illustrating organ-wise performance across all cases. (d)
Score distribution across contributing institutions.

inter-team variability, suggesting broader institutional and
demographic heterogeneity. Although relative team rankings
were largely preserved across evaluation subsets, these find-
ings indicate that the Pan-Asia dataset may provide a more
demanding setting for evaluating model robustness under
diverse clinical conditions. Importantly, this interpretation
reflects differences in dataset composition and variability
rather than inherent differences in population-level difficulty.

Moreover, in Phase 2, we observed a sharp decline in
BLEU and KEY scores among teams whose Ranking Scores
fell below 0.7000. Notable cases include:
• In Phase 1, the IMAGINE Lab team showed an unusually

low BLEU score compared to its ROUGE performance.
• In Phase 1, the virasoft team presented abnormally low

EMB scores despite typically high values for most partic-
ipants.

• In Phase 2, the ICL_PathReport and PathoMozhi teams
achieved similar ROUGE scores but displayed substantial
differences in KEY scores.

• In Phase 2, the MedInsight-ViseurAI, ADCT, and IU-
CompPath teams showed comparable BLEU scores but
varied significantly in ROUGE values.

These case studies are further discussed in Section 3.2,
where we provide a detailed comparative analysis. Based on
these observations, we confirm that the Ranking Score em-
ployed in this challenge appropriately balanced penalization
and reward, effectively reflecting the overall quality of the
generated pathology reports.
3.2. Qualitative Analysis of Generated Reports

We performed a qualitative assessment to examine how
well the generated reports captured the diagnostic content
and contextual features of the corresponding WSIs and
ground-truth pathology reports. The representative WSIs
with generated pathology reports are shown in Supplemen-
tary Tables (Table S5 – S12).
3.2.1. Diagnostic Concordance: Attribute Fidelity and

Robustness
1) Comprehensive Diagnostic Accuracy with Attribute-

level Fidelity The models generated pathology reports
that showed a high level of diagnostic concordance with
the ground-truth (GT) while preserving clinically relevant
attribute-level pathologic parameters (Fig.3-(a)). In breast
core biopsy case, the ICGI team correctly generated the
main diagnosis as “Ductal carcinoma in situ (DCIS)” and
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Table 4
Quantitative attribute instability in generated pathology reports. The red annotation highlights small tumor area in a prostate
biopsy whole-slide image, corresponding to a ground-truth tumor volume of 5%. Although several teams correctly identified the
prostate origin, Gleason’s score and grade group, estimation of tumor burden was highly unstable and frequently inflated, with
generated tumor-volume values ranging from 10% to 90%. ( =organ, =procedure, =correct, =incorrect)

Whole Slide Image

Ground Truth ADCT (0.4056) ICGI (0.7316)

Prostate, biopsy;
Acinar adenocarcinoma,
Gleason’s score 8 (4+4),
grade group 4,
tumor volume: 5%

Prostate, biopsy;

No tumor present

Prostate, biopsy;

Acinar adenocarcinoma,

Gleason’s score 6 (3+3),

grade group 1,

tumor volume: 80%

ICL_PathReport (0.9751) IMAGINE_Lab (0.7317) IUCompPath (0.4056) MedInsight-ViseurAI (0.9749)

Prostate, biopsy;

Acinar adenocarcinoma,

Gleason’s score 8 (4+4),

grade group 4,

tumor volume: 15%

Prostate, biopsy;

Acinar adenocarcinoma,

Gleason’s score 10 (5+5),

grade group 5,

tumor volume: 70%

Prostate, biopsy;

No tumor present

Prostate, biopsy;

Acinar adenocarcinoma,

Gleason’s score 8 (4+4),

grade group 4,

tumor volume: 50%

REG_Path (0.4056) TeamTiger@REG2025 (0.9750) PathoMozhi (0.3866) NW-TIA (0.7316)

Prostate, biopsy;

No tumor present

Prostate, biopsy;

Acinar adenocarcinoma,

Gleason’s score 8 (4+4),

grade group 4,

tumor volume: 90%

Prostate, biopsy;

No tumor present

Prostate, biopsy;

Acinar adenocarcinoma,

Gleason’s score 10 (5+5),

grade group 5,

tumor volume: 10%

appropriately specified the DCIS type, nuclear grade, and
necrosis status in alignment with the GT report (Table S5).

Similarly, in prostate biopsies, the ICGI team’s generated
report- “Acinar adenocarcinoma, Gleason score 7 (3+4),
grade group 2 (Gleason pattern 4: 10%), tumor volume:
90%” - accurately captured the histologic pattern, Gleason
grading in a structured format consistent with routine pathol-
ogy reporting. Although tumor volume was overestimated
(90% vs 50% in reference), the hierarchy and organiza-
tion of the diagnostic elements closely mirrored real-world
pathology reporting practice (Table S6). Notably, similar
limitations in quantitative attribute estimation were also

observed across other participating teams, which will be
further discussed in Section 3.2.2.

2) Diagnostic Robustness Across Rare and Minor
Pathologic Categories The models also exhibited notable
diagnostic robustness in rare or minor diagnostic categories
represented by fewer than 10 cases in the full dataset
(Fig.3-(b)). Accurate generation was observed for entities
such as malignant lymphoma, metaplastic carcinoma of the
breast (ICGI team), and fundic gland polyp of the stomach
(MTS_REG team) (Table S7, S8, and S9).

Although gastric malignant melanoma was misclassified
in most models as chronic gastritis, the MTS_REG team
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Table 5
Quantitative comparison of top-performing teams and benchmark models across evaluation metrics. Comparison of the first-
place teams from Phase 1 and Phase 2 of the REG 2025 Challenge with existing publicly available benchmark models.

Model Phase 1 ROUGE BLEU KEY EMB Phase 2 ROUGE BLEU KEY EMB

ICGI 0.8098 0.8188 0.6372 0.7514 0.9696 0.8472 0.8564 0.6852 0.8080 0.9759
IMAGINE Lab 0.6258 0.7485 0.0895 0.5620 0.9177 0.8494 0.8572 0.6928 0.8094 0.9770
MI-Gen 0.6928 0.6870 0.4480 0.6003 0.9414 0.7055 0.6981 0.4562 0.6223 0.9447
HistGen 0.4576 0.5429 0.4182 0.3555 0.5708 0.4647 0.5500 0.4233 0.3664 0.5739

correctly generated “malignant melanoma,” suggesting pre-
served discriminatory capacity even in diagnostically un-
common settings.

3) High-fidelity Histomorphology-driven Phenotype
Recognition In selected challenging cases, the generated re-
ports appeared to be primarily anchored to histomorphologic
pattern recognition (i.e., what the tumor looks like on H&E).
Gastric malignant lymphoma was correctly generated by
most models; For PIT_01_08124_01, four models misclas-
sified the case as “adenocarcinoma, poorly differentiated”.
For PIT_01_09100_01, two models misclassified the case
as “small cell carcinoma” (Table S10). This error is con-
sistent with the well-recognized histomorphologic overlap
encountered in limited gastric biopsies and represents a
common diagnostic pitfall in routine practice, particularly
among less-experienced pathologists.

A particularly illustrative example was the uterine cervix
case with “Adenocarcinoma, favor colorectal primary”.
Most models generated “Adenocarcinoma, moderately dif-
ferentiated” of colon/rectum (Table S11). Although the
anatomic site in the generated text was incorrect, the output
captured a colorectal-type gland-forming phenotype consis-
tent with the suspected primary, underscoring the model’s
ability to encode and reproduce diagnostically relevant
morphologic features.
3.2.2. Diagnostic Discordance: Quantitative

Miscalibration and Overcalling
1) Quantitative Attribute Instability and Miscalibra-

tion Despite strong pattern recognition, the models demon-
strated instability in quantitative attribute estimation, with
frequent inflation of numeric values consistent with numeric
hallucination. Tumor proportion was particularly prone to
overestimation. In the representative prostate biopsy case
in Table 4, ICL_PathReport, TeamTiger@REG2025, and
MedInsight-ViseurAI correctly identified acinar adenocarci-
noma, Gleason score, and grade group and achieved high
REG scores (0.9749-0.9751), but all overestimated tumor
volume (80% vs. 5% in GT report). Models that preserved
the correct diagnosis of acinar adenocarcinoma but misclas-
sified the Gleason score and grade group—IMAGINE_Lab,
ICGI, and NW-TIA—received intermediate scores (0.73x).
By contrast, models that failed to detect carcinoma and
instead reported “No tumor present”—ADCT, IUCompPath,
REG_Path, and PathoMozhi—received substantially lower
scores (0.3866–0.4056). Together, these findings show that

the REG score tracked the hierarchical severity of diagnostic
errors.

In breast biopsies, grading-related discordance was ob-
served in mitotic activity and tubule formation scores. For
tubule formation, scores were assigned as follows: <10% for
score 3, 10–75% for score 2, >75% for score 1 (Table S12).
These findings suggest limited capacity to translate visual
estimation onto rule-based grading frameworks required for
routine reporting.

2) Over-specification and Failure to Preserve Uncer-
tainty A recurring error was diagnostic commitment in set-
tings where diagnostic retention of a broader category would
have been more appropriate. Rather than preserving diag-
nostically meaningful uncertainty, the model frequently col-
lapsed diagnoses into definite labels. Fibroepithelial lesions
were frequently over-specified as fibroadenoma or phyllodes
tumor. Similarly, diagnoses such as “non-small cell carci-
noma, favor adenosquamous carcinoma” was collapsed into
definitive adenocarcinoma or squamous cell carcinoma.

In breast biopsies, atypical ductal hyperplasia (ADH)
was commonly overcalled as DCIS, indicating difficulty
preserving the conservative diagnostic threshold that pathol-
ogists apply at the ADH–DCIS boundary.
3.3. Benchmark Comparison with Existing

Approaches
We further compared the top-performing challenge sub-

missions with previously reported pathology report gener-
ation methods and general-purpose vision–language mod-
els [9, 22]. As shown in Table 5, publicly available bench-
mark models exhibited average performance drops of ap-
proximately 16.9% in Phase 1 and 30.4% in Phase 2 rel-
ative to the leading challenge submissions. Notably, many
baseline approaches primarily formulate report generation
as a direct sequence generation task from slide-level visual
features, without explicitly modeling the structured and hi-
erarchical nature of pathology reports.

In contrast, the highest-performing challenge methods
consistently incorporated mechanisms for structured clinical
representation, such as pathology-aware report organization,
multimodal grounding, or intermediate diagnostic reason-
ing, enabling more effective preservation of clinically rele-
vant information (Fig. 3-(c), (d)). These findings suggest that
pathology report generation extends beyond conventional
image captioning and instead requires structured multimodal
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Table 6
Category-wise summary of approaches and components. Overview of methods used by participating teams in the REG 2025
Challenge.

Team Report Processing WSI Preprocessing Model Architecture / Methods Foundation Models

ICGI Category-wise separation
and typo correction

Trident ABMIL-based tile integration + n-gram-
constrained Transformer decoder

H-Optimus-1

ICL_
PathReport

Redefined as a hierarchical
annotation tree

Trident PRISM slide encoder aggregation + Tree-of-
Experts (ToE)-based hierarchical report gen-
eration

Virchow

IMAGINE
Lab

GPT-generated concept
prompts for organ and
diagnosis categories

Trident MLP-based multimodal fusion + GPT-guided
cross-attention Transformer decoder

CONCH, TITAN, GPT

ADCT Codebook generation for
each cancer type

Organ-specific patch sizing ABMIL-based slide embedding + Flan-T5-
based structured report generation

CONCH, GigaPath,
UNI, Virchow,
HistoEncoder

IUCompPath HistGen-style tokenization CLAM LGH-based hierarchical encoding + Cross-
modal context Transformer decoder

UNI, H-Optimus-1

TeamTiger
@REG2025

WsiCaption-style tokeniza-
tion

Divided into non-
overlapping patches

MI-Gen Transformer architecture UNI

MedInsight-
ViseurAI

Sentence-BERT based
semantic similarity post-
processing

HSV-based patch selection ViT-based visual encoder + BioGPT-based
report generation decoder

UNI, BioGPT

PathoMozhi None Canny-filtered patch selec-
tion + STAMPv2 prepro-
cessing

Gated cross-attention Flamingo framework +
BioGPT for pathology report generation

CONCH, BioGPT

MTS_REG
_2025

Report normalization and
structured template recon-
struction

Prov-Gigapath preprocess-
ing pipeline

RAG-based pipeline + Qwen-3 8B report gen-
erator

Prov-Gigapath, Qwen-
3 8B

NW-TIA Auxiliary label generation Trident Embedding-driven BioBART framework with
Multi-task auxiliary heads

CONCH, TITAN, Bio-
BART

REG_Path Q-A pair generation Threshold-adaptive prepro-
cessing

Two-stage fine-tuned SlideChat (VQA + re-
port generation)

CONCH, SlideChat

reasoning capable of maintaining both hierarchical diag-
nostic relationships and clinically grounded concept consis-
tency.

4. Overview of Submitted Algorithms
For the final evaluation, we requested code and algorithm

descriptions from the top 13 teams that achieved a final score
of 0.6000 or higher, and conducted a detailed analysis of the
11 teams that responded. A summary of their algorithmic
frameworks is presented in Table 6. The submitted methods
commonly followed three main stages – Report Processing,
WSI Preprocessing, and Model Architecture – with most
teams demonstrating active utilization of foundation models.

In terms of text preprocessing, two key strategies were
consistently observed: normalization and hierarchical orga-
nization of the pathology reports. For WSI preprocessing
(Fig. 4-(a), many teams reused verified open frameworks
such as Trident [80], CLAM [44], and Prov-Gigapath [75],
reflecting a trend toward the reuse of standardized pipelines.
Regarding model architecture, the majority of methods
adopted ABMIL- or Transformer-based structures [26, 55,
11, 37], where approaches emphasizing contextual ground-
ing rather than simple feature aggregation tended to achieve
higher performance.

Accordingly, this paper provides a detailed comparative
analysis of the submitted methods, categorized into two
main perspectives: Preprocessing Strategies and Model Ar-
chitectures.
4.1. Preprocessing Strategies

Most teams employed standardized MIL-based frame-
works such as Trident [80] or CLAM [44], or adopted similar
mechanisms for WSI feature extraction. Several teams addi-
tionally incorporated strategies to account for organ-specific
variations or to select visually salient tiles for more infor-
mative representations. However, the overall WSI prepro-
cessing pipelines were largely consistent across participants,
showing no significant performance differences attributable
to preprocessing strategies alone.

In contrast, the report processing stage exhibited notable
differences across participants. In particular, the top three
teams–ICGI, ICL_PathReport, and IMAGINE Lab–which
consistently achieved high performance in both Phase 1
and Phase 2, employed strategies that partitioned report
information into distinct categories:
• ICGI: This team explicitly separated text sections using

tags such as <organ> and <diagnosis>, aligning each sec-
tion with the corresponding tile features extracted from
the Trident slide encoder. They further reduced redundant
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Figure 4: Overview of major computational paradigms for pathology report generation from WSIs. (a) Patch-level feature
extraction using CNN or transformer encoders (b) Slide-level feature aggregation for whole-slide representation (c) Organ- or
task-specific expert modules (d) Multi-modal fusion frameworks with vision–language models (VLMs) (e) Retrieval-augmented
generation leveraging similar historical cases (f) VQA-based diagnostic reasoning for structured report generation.

expressions by utilizing section-wise n-gram frequency
analysis.

• ICL_PathReport: Extending beyond simple section di-
vision, this team established hierarchical relationships
among report categories using a hierarchical annotation
tree. Each sentence was labeled by category, and the
relationships between labels were defined as tree nodes,
enabling the Tree-of-Experts (ToE) model to generate
text sequentially from the root to preserve category-wise
coherence.

• IMAGINE Lab: This team automatically generated con-
cept prompts for each report category using a GPT-based
model. The resulting prompts were used as guidance sig-
nals to enhance fluency and contextual coherence during
text generation.
These three teams, all of which leveraged category-

specific report structuring, achieved substantially higher text
quality than other participants, reaching average scores of
ROUGE 0.8572 and BLEU 0.6853 in Phase 2.

In addition, the NW-TIA team, which achieved the next
highest performance following the top three teams in Phase
2, generated auxiliary clinical labels using a GPT-based
text parser. These labels represented clinical categories
not explicitly mentioned in the original reports and were
used to guide the model in learning pathology-grounded
reasoning regions. Similar to the top three teams, these four
teams collectively treated pathology reports not as plain text
sequences but as structured semantic maps, resulting in a

markedly superior average KEY score of 0.7990 compared
with other participants. Furthermore, the ADCT team con-
structed cancer-type-specific codebooks to enable section-
specific report generation, while the MTS_REG_2025 team
employed a template-based reconstruction approach for
section-wise report synthesis.

In contrast, the remaining teams that tokenized the report
data without category-wise structuring exhibited a notice-
able decline in both BLEU and KEY scores. When com-
paring performance across different report processing strate-
gies, teams employing category-aware methods achieved
an average improvement of +0.09 in BLEU and +0.13 in
KEY between Phase 1 and Phase 2, whereas tokenization-
based approaches showed only marginal gains (ΔBLEU ≈
+0.01, ΔKEY ≈ +0.02). This performance gap further
widened in Phase 2, with differences of approximately 0.14
in BLEU and 0.18 in KEY between the two groups.

These findings suggest that explicit report structuring
leads to better cross-domain generalization and more stable
preservation of key clinical terms under distributional shifts,
underscoring the importance of developing structured report
representations for robust pathology report generation.
4.2. Model Architectures
4.2.1. ABMIL-Based Architectures

The ICGI and ADCT teams employed Attention-based
Multiple Instance Learning (ABMIL) [26] to generate slide-
level embeddings, which were then passed to Transformer-
or LLM-based text decoders in a conventional image-captioning
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pipeline for pathology report generation (Fig. 4-(b)). AB-
MIL effectively summarizes a WSI into a global representa-
tion by aggregating tile-level features, enabling downstream
text decoders to infer pathological context in a more stable
and coherent manner.

The ICGI team incorporated an n-gram constrained
Transformer decoder to suppress hallucinations commonly
observed in LLM-based report generation. This architectural
design demonstrated correct predictions in several rare
(long-tail) cases (Fig. 3-(b)). In addition, the generated
reports occasionally reflected subtle histomorphologic fea-
tures; for instance, the model explicitly mentioned micro-
calcifications measuring approximately 30 µm, indicating
its ability to generate reports with fine-grained pathological
detail.

The ADCT team introduced a cancer-type-specific code-
book to reinforce the prior knowledge required for Flan-
T5–based structured generation [17], and further integrated
cancer-specific knowledge distillation, resulting in more ef-
ficient and domain-aware text synthesis. These models also
exhibited strong organ anchoring characteristics. In typical
cases, this property contributed to producing stable and
internally consistent diagnostic outputs. However, in the
breast lymphoma case, ADCT generated “breast metaplastic
carcinoma” instead of lymphoma. In this instance, organ
anchoring itself was preserved, but the model struggled to
accurately capture the rare morphologic pattern.
4.2.2. Tree-of-Experts-Based Architectures

The ICL_PathReport team proposed a Tree-of-Experts
(ToE) framework that departs from the conventional re-
liance on a single slide-level embedding (Fig. 4-(c)). In-
stead, their method explicitly models the inherent hierar-
chical structure of pathology reports – organ → diagnosis
→ subtype – through hierarchical feature aggregation and
a category-specialized expert hierarchy. In this architecture,
each node in the tree corresponds to a category-specific
sub-expert, enabling the model to structurally disentangle
diverse pathological knowledge encoded in the report. This
design allows the model to separately learn organ-level se-
mantics, diagnosis-level decision boundaries, and subtype-
level fine-grained attributes, providing a clearer hierarchical
partitioning of the feature space compared with standard
MIL-based global embeddings. As a result, the approach
offers inherent advantages in ensuring slot-level information
disentanglement, making it better aligned with the structured
nature of pathology reporting. A detailed illustration of the
tree architecture is provided in Appendix A.2.

This architecture aligns well with the inherent hierarchi-
cal structure of pathology reporting, particularly for breast
and prostate specimens. It is especially effective at capturing
fine-grained diagnostic attributes (e.g., grade/score subcom-
ponents, and tumor extent) In the breast lymphoma case, the
model generated “prostate lymphoma,” even though prostate
lymphoma cases were relatively few in the dataset. This
pattern suggests that the model first committed to an incor-
rect organ-level routing decision (prostate) and subsequently

searched for the most morphologically compatible diagnosis
within that constrained branch. This behavior underscores a
trade-off: hierarchical decomposition enhances logical clar-
ity but reduces flexibility when upstream routing errors
occur.
4.2.3. Cross-Modality Transformer-Based

Architectures
The IMAGINE Lab, IUCompPath, and TeamTiger@REG2025

teams adopted multi-modal Transformer architectures that
introduce cross-attention modules between image tokens
extracted from the WSI encoder and textual tokens from
the report(Fig. 4-(d)). This design explicitly models the
interactions between visual and textual modalities, allowing
the model to learn fine-grained alignment between specific
regions in the WSI and corresponding categories or expres-
sions in the generated report. Compared with approaches
that simply feed a global WSI embedding into a text decoder,
these cross-modality frameworks offer substantially greater
flexibility in capturing region-text correspondences.

The IMAGINE Lab team generated organ- and diagnosis-
level concept prompts using a GPT-based model (as detailed
in Table S3.) and used them as additional guidance signals
during multi-modal fusion, thereby strengthening semantic
alignment between visual and textual representations.

The IUCompPath team introduced a Cross-modal Con-
text Module (CMC) [22] that contextually integrates image
and text tokens, jointly supporting hierarchical encoding and
cross-modal reasoning.

Meanwhile, the TeamTiger@REG2025 team preserved
patch-level spatial information through a Position-Aware
module, combining these spatially enriched image tokens
with text tokens via cross-attention to enhance spatially
grounded reasoning throughout the report generation pro-
cess.

The outputs of these models were largely driven by histo-
morphologic pattern. In some cases, the generated pathology
reports remained pathologically plausible despite incorrect
organ-of-origin assignment. Language quality varied widely
across these architectures, reflecting differences in the under-
lying language model and in how strictly report generation
was controlled.
4.2.4. Vision-Language Model-Based Architectures

The MedInsight-ViseurAI, PathoMozhi, and NW-TIA
teams adopted Vision-Language Model (VLM)-based ar-
chitectures, in which WSI features extracted from powerful
vision encoders were provided as input to biomedical foun-
dation models such as BioGPT [45] or BioBART [78] for
pathology report generation (Fig. 4-(d)). Because BioGPT
and BioBART models are pretrained extensively on biomed-
ical terminology and clinical narrative structures, they are
particularly well suited for medical domain text generation
tasks, including pathology reporting.

The MedInsight-ViseurAI and PathoMozhi teams em-
ployed BioGPT decoders to enhance the generation of
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domain-specific terminology in WSI-based medical caption-
ing.

The PathoMozhi team further incorporated a Flamingo-
style gated cross-attention mechanism [1] to refine vision-
language alignment.

Meanwhile, the NW-TIA team used a BioBART encoder-
decoder architecture augmented with multi-task auxiliary
heads to improve training stability and preserve the semantic
richness of WSI features throughout the generation process.
4.2.5. Retrieval-Augmented Generation (RAG)-Based

Architectures
The MTS_REG_2025 team proposed a Retrieval Aug-

mented Generation (RAG) framework in which WSI-derived
features were used to retrieve semantically similar pathology
reports, and both the retrieved documents and the input con-
text were provided to the Qwen3-8B [77] model to generate
the final report (Fig. 4-(e)). RAG-based approaches mitigate
hallucinations by incorporating explicit external knowledge,
offering improved semantic grounding–particularly for rare
subtypes or cases involving complex morphological pat-
terns.

To further enhance reliability, the team employed an
Adaptive Retrieval strategy that dynamically adjusts the
number of retrieved documents based on the similarity gap.
This mechanism prevents both redundant retrieval (which
introduces noise) and insufficient retrieval (which leads to
information loss), thereby contributing directly to improved
report consistency and semantic alignment.

These approaches achieved noticeably higher accuracy
on rare (long-tail) cases, but showed reduced robustness on
majority (high-prevalence) cases.
4.2.6. Visual Question Answering (VQA)-Based

Architectures
The REG_Path team proposed a two-stage framework

that departs from conventional end-to-end captioning pipelines
(Fig. 4-(f)). Instead of directly generating the entire re-
port, their method first performs slot-level querying of
the WSI using a SlideChat [13]-based VQA model, and
then composes the final report by assembling the predicted
answers into a predefined report template. By prompting the
VQA model to explicitly answer key pathological slots–such
as organ, histologic type, and invasiveness–this approach
ensures clearer concept grounding, reduces hallucinations,
and facilitates the generation of clinically meaningful ex-
pressions.

Furthermore, the REG_Path team adopted a two-stage
training strategy, consisting of VQA pretraining followed by
report fine-tuning. This progressive incorporation of slot-
level supervision signals enhanced both the accuracy and
consistency of the final reports.

5. Discussion
The quantitative evaluation results also clearly revealed

the limitations of conventional natural language generation
metrics for pathology report generation. In this challenge,

the overall ranking score was constructed by combining
ROUGE, BLEU, KEY, and EMB metrics, with the KEY
and EMB metrics demonstrating particularly strong con-
sistency with the final ranking. In contrast, ROUGE and
BLEU exhibited anomalously high or low values for certain
teams, indicating that these metrics do not always align with
clinical correctness. For example, some models achieved
high ROUGE scores despite failing to generate critical di-
agnostic terms accurately, while others obtained relatively
low BLEU scores but correctly preserved clinically impor-
tant diagnostic attributes, such as Gleason score, nuclear
grade, and necrosis status, as demonstrated in the qualitative
cases described in Section 3.2.1. These findings suggest
that lexical overlap-based metrics alone may not adequately
capture the clinical accuracy required for pathology report
generation.

This discrepancy between metric performance and clini-
cal correctness arises because pathology reports, unlike gen-
eral captioning tasks, require structured diagnostic reasoning
and precise representation of critical concepts rather than
superficial sentence similarity. Key diagnostic attributes–
such as Gleason score, tumor proportion, and histologic
subtype–play a decisive role in determining the clinical
interpretation of the report. However, conventional metrics
do not sufficiently evaluate concept-level correctness. While
the KEY score used in this study partially mitigates this
limitation, more precise evaluation will require the devel-
opment of pathology-specific metrics, such as ontology-
aware evaluation, slot-level accuracy metrics, or clinically
grounded concept consistency measures.

Furthermore, both qualitative and quantitative analyses
revealed recurring issues of numeric hallucination and diag-
nostic misclassification, reflecting fundamental limitations
of current VLM-based report generation frameworks. In
particular, for structured diagnostic attributes such as tu-
mor proportion, grading score, and subtype classification,
models tend to generate text based on semantic plausibility
rather than grounded evidence. This limitation stems from
the probabilistic next-token prediction nature of language
models. These findings indicate that multimodal alignment
alone is insufficient to address this issue and highlight the
need for architectures that incorporate explicit diagnostic
reasoning processes.

In this context, reasoning-augmented generation frame-
works represent a promising direction for pathology re-
port generation. Approaches such as slot-based intermediate
prediction [74, 76, 14], chain-of-thought style structured
generation [72, 70, 83, 81], and VQA-based diagnostic de-
composition [3, 31] enable models to perform complex
diagnostic reasoning in a stepwise and interpretable manner.
Notably, in this challenge, approaches incorporating VQA-
based frameworks demonstrated reduced hallucination and
improved slot-level concept grounding. This suggests that
structured, reasoning-based generation frameworks are more
suitable for pathology report generation than conventional
end-to-end captioning approaches.
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In addition, Retrieval-Augmented Generation (RAG)
and hierarchical expert-based architectures were found to
contribute to reducing hallucination and improving semantic
grounding. By leveraging external evidence or structured
expert knowledge rather than relying solely on internal
model representations, these approaches enhance diagnostic
reliability. This highlights that reasoning-aware multimodal
architectures and external knowledge integration should
be considered key design components in future pathology
foundation models.

Overall, the results of this challenge demonstrate that
pathology report generation is not merely an image-to-text
translation task, but rather a high-dimensional multimodal
reasoning problem involving structured diagnostic reason-
ing, quantitative attribute estimation, and uncertainty-aware
decision-making. Accordingly, future research should focus
on (1) developing clinically grounded evaluation metrics,
(2) designing reasoning-integrated generation frameworks,
and (3) incorporating structured pathology knowledge to
improve reliability and clinical applicability.

6. Conclusion
In this study, through the REG 2025 Challenge, we con-

structed and publicly released the first large-scale Pan-Asia
multi-institutional pathology dataset comprising approxi-
mately 10,500 WSI–report pairs. Based on this dataset, we
systematically analyzed and compared the models submitted
by participating teams for pathology report generation.

Analysis across diverse participant approaches demon-
strated that Vision–Language Model (VLM) based frame-
works can generate clinically coherent pathology reports
across a wide range of organs and pathological categories.
Furthermore, the models maintained stable performance on
an independent European cohort, highlighting their cross-
domain generalization capability. In particular, approaches
that leveraged structured representations of pathology re-
ports and multimodal grounding strategies achieved supe-
rior performance, underscoring the importance of structured
multimodal modeling in pathology report generation.

Importantly, the REG Challenge frames pathology re-
port generation not merely as an image captioning task, but
as a complex multimodal diagnostic understanding problem,
and provides a comprehensive benchmark for its systematic
evaluation. Through comparative analysis of diverse mod-
eling strategies, we identify multimodal alignment, struc-
tured report representation, and clinically meaningful fea-
ture integration as key factors influencing report generation
performance. As the first large-scale benchmark enabling
systematic evaluation of pathology report generation and
multimodal diagnostic reasoning, the REG Challenge pro-
vides an essential foundation for future foundation-level
computational pathology research.
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Table S1
REG 2025 Challenge (Phase 1): Quantitative performance comparison. Evaluation of participating teams across report generation
quality metrics.

Rank Team Phase 1 ROUGE BLEU KEY score EMB score

1 ICGI 0.8098 0.8188 0.6372 0.7514 0.9696
5 IUCompPath 0.7906 0.7954 0.6173 0.7262 0.9607
7 TeamTiger@REG2025 0.7777 0.7805 0.5784 0.7116 0.9642
4 ADCT 0.7704 0.7753 0.5570 0.7097 0.9554
2 ICL_PathReport 0.7352 0.7291 0.3644 0.7049 0.9640
13 TokenStreamers 0.7248 0.7211 0.4860 0.6468 0.9501
12 REG_Path 0.6907 0.6626 0.4458 0.6114 0.9331
6 TrustPath 0.6565 0.6415 0.4884 0.5842 0.8445
3 IMAGINE Lab 0.6258 0.7485 0.0895 0.5620 0.9177
10 MTS_REG_2025 0.6046 0.5749 0.3497 0.4802 0.9128
15 Clinical_Omics_Institute 0.5531 0.5109 0.2535 0.4275 0.8916
8 MedInsight-ViseurAI 0.5326 0.4754 0.2254 0.4092 0.8792
23 May_REG 0.5245 0.4679 0.2126 0.3924 0.8851
14 NUST-SEECS 0.5144 0.4810 0.2394 0.3555 0.8806
16 JX_REG 0.5073 0.4470 0.1929 0.3676 0.8810
24 IMI_REG 0.5027 0.5591 0.0377 0.3489 0.9122
9 PathoMozhi 0.4611 0.4877 0.1155 0.2868 0.8530
20 Shubham47 0.4402 0.3881 0.1453 0.2715 0.8387
17 DSG 0.4385 0.3617 0.1600 0.3108 0.7862
19 virasoft 0.1691 0.0660 0.0257 0.0453 0.4573

Table S2
REG 2025 Challenge (Phase 2): Quantitative performance comparison. Evaluation of participating teams across report generation
quality metrics.

Rank Team Phase 2 ROUGE BLEU KEY score EMB score

3 IMAGINE Lab 0.8494 0.8572 0.6928 0.8094 0.9770
1 ICGI 0.8472 0.8564 0.6852 0.8080 0.9759
2 ICL_PathReport 0.8415 0.8578 0.6780 0.7937 0.9788
11 NW-TIA 0.8282 0.8362 0.6467 0.7850 0.9726
6 TrustPath 0.8127 0.8258 0.6340 0.7597 0.9661
8 MedInsight-ViseurAI 0.8093 0.8159 0.6148 0.7604 0.9683
4 ADCT 0.8040 0.8037 0.6154 0.7507 0.9697
9 PathoMozhi 0.7960 0.8574 0.6821 0.6792 0.9781
5 IUCompPath 0.7899 0.7887 0.6141 0.7297 0.9585
7 TeamTiger@REG2025 0.7763 0.7790 0.5773 0.7119 0.9604
10 MTS_REG_2025 0.7584 0.7607 0.5436 0.6923 0.9528
12 REG_Path 0.6510 0.6223 0.3959 0.5572 0.9179
14 NUST-SEECS 0.6121 0.6439 0.4328 0.4403 0.9151
15 Clinical_Omics_Institute 0.5984 0.5583 0.3300 0.4921 0.8944
13 TokenStreamers 0.5773 0.5277 0.2863 0.4718 0.8882
16 JX_REG 0.5309 0.4709 0.2133 0.4089 0.8825
18 sk 0.5277 0.5371 0.1519 0.4015 0.8790
19 virasoft 0.4590 0.3906 0.1887 0.3039 0.8350
17 DSG 0.4286 0.3486 0.1412 0.3045 0.7780
20 Shubham47 0.3849 0.3283 0.1137 0.1692 0.8364
21 DiceMed_labs 0.3577 0.2731 0.0000 0.2003 0.7887
22 UTWL 0.3110 0.1772 0.0204 0.0894 0.8185

A. Contributions and Methods of Each Team
A.1. ICGI (Fig. S2-(a))

Contributions The ICGI team’s primary contributions
include the utilization of the H-optimus-1 foundation model
to extract tile-level embeddings and the multiple-instance

slide level embedding to predict the anatomical site and
the procedure that has been taken. Also, they implemented
a decoder for predicting slide descriptions, coupled with a
post-processing mechanism to refine the output text.

Method The pipeline begins by extracting tile-level fea-
tures using H-optimus-1, following color correction and
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tissue detection. They utilize an eight parallel attention heads
within the ABMIL backbone, which concatenate weighted
sums into a slide-level representation. This embedding is fed
into three task-specific heads: two linear classifiers for site
and procedure, and a Transformer decoder for text genera-
tion. During inference, an n-gram mask is derived from the
training corpus to filter out unobserved token sequences.
A.2. ICL_PathReport (Fig. S2-(b))

Contributions The ICL_PathReport team proposes a
Tree-of-Experts (ToE) framework that hierarchically pre-
dicts report components, including organs, procedures, and
histological types, through multiple lightweight MLP clas-
sifiers. To address the data scarcity challenge in deep diag-
nostic levels, they introduce a Noisy Feature Mixup strategy,
which enhances model generalization and prediction calibra-
tion.

Method The system employs the Trident framework
for patch extraction with Virchow for patch-level features,
which are then aggregated into slide-level embedding using
the PRISM Perceiver encoder. The ToE architecture em-
ploys a hierarchy of specialized MLP experts designed to
predict detailed diagnostic attributes. During training, the
team applies noise perturbation and weighted Mixup to the
slide features to augment the limited dataset available for
rare or complex diagnoses. The final structured report is
synthesized by navigating the ToE’s forward path, ensuring
that the generated output strictly adheres to the inherent
hierarchy of clinical pathology reports.

An example illustrating the hierarchical tree structure of
the pathology annotation format is shown below.
{

"id": "PIT_01_00002_01.tiff",

"organ": "Breast",

"procedure": "core-needle biopsy",

"sub_feature": [

{

"principal": "Invasive carcinoma of no special type",

"scores": "",

"sub_feature": [

{

"principal": "grade",

"scores": "I",

"sub_feature": []

},

{

"principal": "Tubule formation",

"scores": "2",

"sub_feature": []

},

{

"principal": "Nuclear grade",

"scores": "2",

"sub_feature": []

},

{

"principal": "Mitoses",

"scores": "1",

"sub_feature": []

}

]

}

]

}

A.3. IMAGINE Lab (Fig. S2-(c))
Contributions The IMAGINE Lab team proposes a

framework that emphasizes concept-level interpretability.
Their primary contribution is the integration of multi-
ple pathology foundation models (CONCH, TITAN, and
GECKO) to capture multi-scale domain information, rang-
ing from patch-level morphology to slide-level concepts.
Additionally, they implement a vision-concept contrastive
learning strategy to align visual features with predefined
clinical concepts, ensuring the model’s reasoning is grounded
in expert-defined pathology.

Method The architecture is inspired by WsiCaption,
employing Transformer-based encoder-decoder model with
a CNN-based position-aware module to extract informa-
tion. The pipeline begins by extracting embeddings from
frozen CONCH, TITAN, and GECKO encoders, which are
then projected into a common multimodal space via MLP
adapters and mixers. They utilize GECKO-derived concept
priors, where cosine similarity between visual and textual
embeddings is used to pretrain a Multiple Instance Learning
(MIL) aggregator. During inference, the team utilizes mul-
tiple iterations under perturbations and collates the results
using maximum agreement logic to ensure the stability and
clinical accuracy of the final report.
A.4. ADCT (Fig. S3-(d))

Contributions The ADCT team introduces a framework
for structured pathology report generation, emphasizing data
quality and organ-specific diagnostic standardization. Their
primary contribution is the development of comprehensive
pathology codebooks that map visual features to structured
clinical labels, such as tumor grade and invasion depth. They
also implement an edge-based filtering to ensure the high
quality of training patches.

Method The proposed method utilizes an attention-
based Multiple Instance Learning (ABMIL) framework for
slide-level representation. For all organs except prostate,
features are extracted using the CONCH encoder at 20×
magnification, while a domain-specific HistoEncoder is
employed at 10× for prostate-specific tasks. The architecture
incorporates two distinct reporting strategies: a structured
MIL-codebook matching approach for efficient outputs and
a full fine-tuning of the Flan-T5 model to translate predicted
labels into coherent reports.
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A.5. IUCompPath (Fig. S3-(e))
Contributions The IUCompPath team adpots the Hist-

Gen architecture, which employs a Local-Global Hierarchi-
cal (LGH) encoder and a Cross-modal Context (CMC) mod-
ule, and integrating the pre-trained UNI2 and H-Optimus-1
foundation model to extract slide-level features.

Method The pipeline starts with feature extraction via
UNI2 and H-Optimus-1. The features are processed through
the LGH encoder, which uses local and global Transformers
to integrate fine-grained patch details with broad slide-level
context. The CMC module facilitates interaction between
visual and textual embeddings to ensure multimodal align-
ment. The final report is produced by a 3-layer Transformer
decoder using beam search, based on the features from LGH
and CMC.
A.6. Team Tiger@REG2025 (Fig. S3-(f))

Contributions TeamTiger proposes a framework based
on the WsiCaption architecture, where they replaced the
feature extractor with the UNI2 foundation model. They
also demonstrated the feasibility of using general-purpose
pathology foundation models for generating reports on di-
verse Pan-Asia datasets.

Method The pipeline begins by extracting non-overlapping
patches from WSIs and generating patch-level embeddings
using the pretrained UNI2 model. These embeddings are
processed through a Transformer encoder equipped with
hierarchical Position-Aware Modules (PAMs) to capture
spatial context. The final report is produced by a Transformer
decoder.
A.7. MedInsight - ViseurAI (Fig. S3-(g))

Contributions The MedInsight-ViseurAI team proposed
a transformer-based pipeline for pathology report genera-
tion. They utilize the UNI encoder for WSI feature extraction
and implement a post-processing stage using Sentence-
BERT. This stage refines predictions based on their cosine
similarity to ground-truth reports to enhance accuracy.

Method The selected patches using a fine-tuned UNI
encoder are projected into memory vectors and fed into a 6-
layer Transformer decoder aligned with a BioGPT language
model. During the final inference stage, Sentence-BERT
compares the generated predictions against training data
reports to refine the results based on semantic similarity.
A.8. PathoMozhi (Fig. S3-(h))

Contributions The PathoMozhi team introduces a Flamingo-
style vision-language model tailored for pathology report
generation. Their primary contribution is the adaptation of
a gated cross-attention mechanism that enables a frozen
language model to effectively ingest contextual visual fea-
tures from WSIs. They also implement an multiple instance
learning (MIL) strategy that utilizes a bag of 128 sampled
patch embeddings per slide.

Method The framework utilizes a frozen BioGPT back-
bone, interfaced with a vision encoder through learnable
gated cross-attention layers after each of the 48 transformer

blocks. For visual input, patch-level features are first ex-
tracted using a CONCH encoder. However, instead of pro-
cessing the entire WSI, the model randomly samples a bag of
128 instances for each slide during training. These sampled
embeddings are then used as visual context tokens, where
the gated cross attention mechanism modulates the flow of
histological information into the language model.
A.9. MTS_REG_2025 (Fig. S4-(j))

Contributions The MTS REG 2025 team introduces a
Retrieval-Augmented Generation (RAG) approach to pro-
duce standardized pathology reports from WSIs. Their pri-
mary contributions include an adaptive retrieval mechanism
that dynamically adjusts the number of reference cases based
on similarity distances and a semantic similarity-based train-
ing strategy for the projection layer, which is trained via
contrastive learning.

Method The system utilizes a pretrained Prov-GigaPath
encoder to extract slide-level features, which are then trans-
formed into a normalized embedding space via a trained pro-
jection head. It uses a “dynamic k-retrieval” process, where
retrieval stops if the similarity gap between consecutive
cases exceeds a specific threshold, preventing the inclusion
of irrelevant data. These retrieved reports are fed into a QEN-
3 8B reasoning model, which synthesizes the final report
using a sequential majority-voting strategy to select organs,
procedures, and histologic types. This approach ensures that
the output strictly. adheres to established diagnostic con-
ventions through a structured ensemble of the most similar
historical cases.
A.10. NW-TIA (Fig. S3-(i))

Contributions The NW-TIA team proposes a multi-
task, embedding-driven pipeline that leverages WSI-level
embeddings for efficient pathology report generation with-
out the need for direct pixel-level supervision. A key con-
tribution is the introduction of auxiliary classification heads
for organ type, sample type, and findings, which regularize
the training process and enhance the clinical grounding of
the generated reports.

Method The framework utilizes a frozen BioBART
backbone conditioned on slide-level embeddings extracted
via CONCH and Titan encoder. This team utilizes a multi-
task learning strategy; while the decoder generates text,
specialized auxiliary MLP heads simultaneously predict
the organ, specimen type, and 75 distinct findings from
the shared WSI representation. These auxiliary tasks are
weighted and backpropagated to force the visual projector to
capture essential diagnostic features. During inference, the
auxiliary heads are removed, leaving a streamlined generator
informed by a clinically-enriched embedding space.
A.11. REG_Path (Fig. S4-(k))

Contributions The REG Path team proposes a threshold-
adaptive preprocessing mechanism that dynamically adjusts
segmentation thresholds based on individual slide statistical
distributions to ensure more accurate feature extraction.
They also introduce a two-stage fine-tuning framework to
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optimize the model for domain-specific grounding through
VQA and clinical coherence in full report generation.

Method Built upon the SlideChat backbone, the model
utilizes a pretrained CONCH encoder to extract patch-level
features from WSIs using adatpively tuned segmenation
thresholds. The training follows a two-stage pipeline: first,
a domain alignment phase using 4.2K WSI-VQA pairs to
establish visual-textual grounding, followed by an instruc-
tion tuning phase on 176K WSI-caption pairs for end-to-end
report generation.

B. Challenge Organization Details
In accordance with the BIAS (Biomedical Image Analy-

sis Challenges) statement [46] reporting guidelines, we pro-
vide additional details regarding the challenge organization
that were not fully described in the main manuscript.
B.1. Challenge Timeline

The challenge was conducted according to the following
timeline:
• Training data release: May 20, 2025
• Registration deadline: July 4, 2025
• Debug Phase opens: July 4, 2025
• Debug Phase deadline: July 10, 2025
• Test Phase 1 opens and Test Phase 1 data release: July 11,

2025
• Test Phase 1 deadline: August 1, 2025
• Test Phase 2 opens and Test Phase 2 data release: August

2, 2025
• Test Phase 2 deadline: August 23, 2025
• Announcement of winners: September 9, 2025
B.2. Participation Policy

Multiple registrations from the same participant or in-
stitution using different accounts were not permitted. This
policy was introduced to prevent participants from circum-
venting the submission limit of two submissions per phase.
To ensure fairness and avoid potential conflicts of interest,
members affiliated with the organizing institutions did not
participate in the challenge.
B.3. Pre-submission Evaluation

To balance fairness and accessibility, each participating
team was allowed a maximum of two submissions per phase.
Instead of providing unrestricted leaderboard access, the
official evaluation code was publicly released, allowing par-
ticipants to locally evaluate their methods prior to submis-
sion. The evaluation code is available at https://github.com/
hrb0/reg/tree/main/metric. Additionally, submissions that
did not follow the prescribed JSON format specifications
(e.g., missing case IDs or mismatched key names) were not
evaluated.

B.4. Award Policy
Awards and prize funding were provided to the top five

teams achieving the highest performance in the challenge.
To verify reproducibility, the selected teams were required
to submit their source code for independent validation by
the organizers. The submitted source code was used in-
ternally for reproducibility verification purposes only and
was not publicly released. Final awards were granted only
to teams that successfully passed the reproducibility ver-
ification process. Prize details were provided on the of-
ficial challenge website (https://reg2025.grand-challenge.
org/prizes/). The top five teams were additionally invited to
present their methods during the Satellite Day 2 session at
MICCAI 2025.
B.5. Data Usage and License Policy

The REG2025 dataset is released under CC BY-NC-
SA 4.0. The anonymized WSI–report dataset may be used,
reproduced, and shared for non-commercial research, edu-
cation, method development, benchmarking, and publica-
tion with appropriate attribution. Redistributed or adapted
materials must follow the same license. Commercial use,
re-identification attempts, and clinical use are prohibited,
and data use remains subject to Grand Challenge terms and
applicable ethics approvals. Dataset is available at https:

//reg2025.grand-challenge.org/reg2025/.

C. Expertise of Annotators
The annotation and review process involved pathologists

with diverse levels of clinical expertise, including three
pathologists with more than 20 years of experience, three
with 10–20 years of experience, two with 5–10 years of
experience, one with less than 5 years of experience, and
four non-board-certified pathology trainees.
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Table S3
IMAGINE Lab: Representative histopathological concepts for qualitative analysis. Organ-specific morphological patterns curated
by the IMAGINE Lab team to interpret model predictions across breast, lung, and prostate tissues.

Organ Concepts

Breast “Cribriform pattern”: Tumor glands forming rounded or sieve-like punched-out spaces (cribriform architecture)
“Papillary structures”: Epithelial fronds or projections supported by fibrovascular cores (papillary architecture)

Lung “Lepidic growth”: Tumor cells proliferating along intact alveolar walls (lepidic-predominant pattern)
“Keratin pearls”: Concentric laminated keratinous material within nests of squamous carcinoma cells

Prostate “Cribriform glands”: Tumor glands forming large rounded sheets with multiple perforated or punched-out lumina
“Poorly formed glands”: Small, irregular glandular spaces with scant luminal formation (Gleason pattern 4)

Figure S1: Overview of the dataset construction workflow. (a) Institution-specific free-text pathology reports are curated into
structured and standardized templates with unified terminology. (b) Multi-institutional WSI acquisition and preprocessing pipeline,
including de-identification, quality control, expert review, and exclusion of diagnostically equivocal cases. (c) Final dataset
preparation, including multi-specimen slide separation and diagnosis-balanced splitting, with each WSI paired to a curated
pathology report.

Table S4
REG2025 challenge organizers. The challenge consisted of the organizing committee and data providing teams. Detailed
information is available on the challenge website (https://reg2025.grand-challenge.org/organizers/).

Organizer Affiliation Country Organizer Affiliation Country
Yumi Lee Ewha Womans University Korea Sulen Sarioglu Memorial Healthcare Group Turkey
Harim Oh Korea University Anam Hospital Korea Serdar Balci Memorial Healthcare Group Turkey
Junya Fukuoka Kameda Medical Center Japan İlknur Türkmen Memorial Healthcare Group Turkey
Andrey Bychkov Kameda Medical Center Japan Yuri Tolkach University Hospital Cologne Germany
Jijgee Munkhdelger Kameda Medical Center Japan Christian Harder University Hospital Cologne Germany
Rajiv Kumar Kaushal Tata Memorial Hospital India Julian Westerdorf University Hospital Cologne Germany
Ayushi Sahay Tata Memorial Hospital India Jang-Hwan Choi Ewha Womans University Korea
Rajni Yadav AIIMS Delhi India Sangjeong Ahn Korea University Anam Hospital Korea
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Figure S2: Overview of model architectures from teams ICGI, ICL_PathReport, and IMAGINELab. ICGI utilizes an ABMIL
backbone with H-Optimus-1 for multi-task classification and report generation, while ICL_PathReport features a "Tree-of-
Experts" decoder for hierarchical diagnosis. IMAGINELab integrates CONCH and Titan encoders with MLP adapters and a
concept-guided Transformer decoder.
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Figure S3: Overview of the model architectures from teams ADCT, IUCompPath, TeamTiger@REG2025, MedInsight-ViseurAI,
PathoMozhi, and NW-TIA. ADCT utilizes a MIL-based processing pipeline with a FLAN-T5 encoder-decoder, while IUCompPath
employs a local-global hierarchical encoder with a cross-modal context module. TeamTiger@REG2025 incorporates a position-
aware module within a Transformer encoder-decoder, and MedInsight-ViseurAI implements patch selection via a memory vector
integrated with BioGPT. The PathoMozhi architecture features 48 interleaved gated cross-attention layers for continuous visual
feature injection into a BioGPT-Large backbone, and NW-TIA utilizes a prompt-based approach with auxiliary diagnostic heads
for organ and finding prediction through BioBART.
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Figure S4: Overview of architectures from teams MTS_REG_2025 and REG_Path. MTS_REG_2025 employs a contrastive
learning retrieval system with Prov-GigaPath and a dynamic 𝑘-retrieval mechanism for report synthesis via QWEN-3 8B.
REG_Path utilizes a two-stage pipeline for domain alignment and instruction tuning, leveraging the slideChat framework with
CONCH encoders for generative report production.

Yumi Lee, Harim Oh et al.: Preprint submitted to Elsevier Page 25 of 33



REG2025

Table S5
Attribute-level fidelity in a breast core biopsy. Among the participating teams, ICGI showed full concordance with the ground
truth by correctly generating the principal diagnosis of ductal carcinoma in situ (DCIS) and the key pathologic attributes, including
type, nuclear grade, necrosis status, and microcalcification. ( =organ, =procedure, =correct, =incorrect)

Whole Slide Image

Ground Truth ADCT (0.7115) ICGI (1.000)

Breast , sono-guided core biopsy;
1. Ductal carcinoma in situ
- Type: Solid
- Nuclear grade: Intermediate
- Necrosis: Absent
2. Microcalcification

Breast, core-needle biopsy;

1. Ductal carcinoma in situ

- Type: Cribriform

- Nuclear grade: Intermediate

- Necrosis: Present (Focal)

2. Microcalcification

Breast, sono-guided core biopsy;

1. Ductal carcinoma in situ

- Type: Solid

- Nuclear grade: Intermediate

- Necrosis: Absent

2. Microcalcification

ICL_PathReport (0.5778) IMAGINE_Lab (0.5493) IUCompPath (0.2639) MTS_REG_2025 (0.2566)

Breast, core-needle biopsy;

Ductal carcinoma in situ

- Type:

Cribriform, Micropapillary

- Nuclear grade: Low

- Necrosis: Present

breast, biopsy;

ductal carcinoma in situ

- type: cribriform

cribriform high

- necrosis:

present (comedo-type)

Lung, biopsy;

Non-small cell carcinoma,

favor adenocarcinoma

Lung, biopsy;

Adenocarcinoma

MedInsight-ViseurAI (0.6456) REG_Path (0.4237) TeamTiger@REG2025 (0.2566) PathoMozhi (0.5248)

Breast, sono-guided core biopsy;

Ductal carcinoma in situ

- Type: Solid

- Nuclear grade: High

- Necrosis:

Present (Comedo-type)

Breast, sono-guided core biopsy;

Papillary neoplasm

Lung, biopsy;

Adenocarcinoma

Structured Summary:

Organ - Breast, Diagnosis -

Ductal carcinoma in situ

- Type: Solid and cribriform

- Nuclear grade: Intermediate

- Necrosis: Present (Comedo-type)
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Table S6
Representative whole-slide image and generated reports for a prostate core biopsy. (A) The red annotation marks the tumor-
involved portion of the biopsied core, corresponding to an estimated tumor volume of 50% of the total core length. (B)
Blue indicates Gleason pattern 3 and orange indicates Gleason pattern 4. Pattern 3 is dominant and pattern 4 accounts for
30%, resulting in acinar adenocarcinoma, Gleason score 7 (3+4), grade group 2. Across teams, the generated reports were
generally concordant for Gleason pattern/score, whereas tumor volume was frequently misestimated (often overcalled as 80–95%).
( =correct, =incorrect)

Whole Slide Image

Ground Truth ADCT (0.9329) ICGI (0.9814)

Prostate, biopsy;
Acinar adenocarcinoma,
Gleason’s score 7 (3+4),
grade group 2 (Gleason pattern 4: 30%),
tumor volume: 50%

Prostate, biopsy;

Acinar adenocarcinoma,

Gleason’s score 7 (3+3),

grade group 2

(Gleason pattern 4: 30%),

tumor volume: 90%

Prostate, biopsy;

Acinar adenocarcinoma,

Gleason’s score 7 (3+4),

grade group 2

(Gleason pattern 4: 30%),

tumor volume: 90%

ICL_PathReport (0.6175) IMAGINE_Lab (0.7130) IUCompPath (0.7560) MTS_REG_2025 (0.2817)

Prostate, biopsy;

Acinar adenocarcinoma

Gleason’s score 7,

grade group 2,

tumor volume: 90%

prostate, biopsy;

acinar adenocarcinoma,

gleason’s score 7 (4+3),

grade group 3

(Gleason pattern 4: 80%),

tumor volume: 90%

Prostate, biopsy;

Acinar adenocarcinoma,

Gleason’s score 7 (4+3),

grade group 3

(Gleason pattern 4: 60%),

tumor volume: 90%

Breast, sono-guided core biopsy;

1. Invasive carcninoma of

no special type, grade II

(Tubule formation: 3,

Nuclear grade: 2, Mitoses: 1)

2. Microcalcification

MedInsight-ViseurAI (0.2877) REG_Path (0.7559) TeamTiger@REG2025 (0.9429) PathoMozhi (0.6891)

Lung, biopsy;

Chronic granulomatous

inflammation with necrosis

Prostate, biopsy;

Acinar adenocarcinoma,

Gleason’s score 7 (4+3),

grade group 3

(Gleason pattern 4: 70%),

tumor volume: 90%

Prostate, biopsy;

Acinar adenocarcinoma,

Gleason’s score 7 (3+4),

grade group 2

(Gleason pattern 4: 10%),

tumor volume: 90%

Structured Summary:

Organ - Prostate,

Diagnosis -

Acinar adenocarcinoma,

Gleason’s score 7 (3+4),

grade group 2

(Gleason pattern 4: 30%),

tumor volume: 95%

Yumi Lee, Harim Oh et al.: Preprint submitted to Elsevier Page 27 of 33



REG2025

Table S7
Representative case of correct identification of colonic malignant lymphoma across teams. The surface shows normal colonic
mucosa, while lymphoma cells infiltrate the underlying tissue. The red annotation delineates the area involved by lymphoma. Most
team-generated reports were concordant for both organ (colon) and diagnosis (malignant lymphoma), with occasional organ-label
mismatch (e.g., stomach) despite correct identification of lymphoma. ( =correct, =incorrect)

Whole Slide Image

Ground Truth ADCT (1.000) ICGI (1.000) ICL_PathReport (1.000)

Colon, colonoscopic biopsy;
Malignant lymphoma

Colon, colonoscopic biopsy;

Malignant lymphoma

Colon, colonoscopic biopsy;

Malignant lymphoma

Colon, colonoscopic biopsy;

Malignant lymphoma

IMAGINE_Lab (1.000) IUCompPath (1.000) MTS_REG_2025 (0.450) MedInsight-ViseurAI (1.000)

Colon, colonoscopic biopsy;

Malignant lymphoma

Colon, colonoscopic biopsy;

Malignant lymphoma

Stomach, endoscopic biopsy;

Malignant lymphoma

Colon, colonoscopic biopsy;

Malignant lymphoma

REG_Path (1.000) TeamTiger@REG2025 (1.000) PathoMozhi (1.000) NW-TIA (1.000)

Colon, colonoscopic biopsy;

Malignant lymphoma

Colon, colonoscopic biopsy;

Malignant lymphoma

Colon, colonoscopic biopsy;

Malignant lymphoma

Colon, colonoscopic biopsy;

Malignant lymphoma

Yumi Lee, Harim Oh et al.: Preprint submitted to Elsevier Page 28 of 33



REG2025

Table S8
Metaplastic carcinoma mimicking lung squamous cell carcinoma in generated reports. The red circles highlight squamous
differentiation, supporting the ground truth diagnosis of metaplastic carcinoma. ICGI correctly identified metaplastic carcinoma.
Some teams produced “invasive carcinoma of no special type”, which was categorized as indeterminate (organ correct but subtype
not specified). Several other teams generated lung squamous cell carcinoma by the squamous morphology—morphologically
plausible, yet contextually incorrect. ( =correct, =incorrect, =indeterminate)

Whole Slide Image

Ground Truth ADCT (0.3373) ICGI (1.000)

Breast, core-needle biopsy;
Metaplastic carcinoma

Breast, sono-guided

core biospy;

Invasive carcinoma of no

special type, grade II

(Tubule formation: 3,

Nuclear grade: 2,

Mitoses: 1)

Breast, core-needle biopsy;

Metaplastic carcinoma

ICL_PathReport (0.2980) IMAGINE_Lab (0.3071) IUCompPath (0.2845) MTS_REG_2025 (0.3207)

Lung, biopsy;

Non-small cell carcinoma,

not otherwise specified

lung, biopsy;

squamous cell carcinoma

Lung, biopsy;

Non-small cell carcinoma,

favor adenocarcinoma

Lung, biopsy;

Squamous cell carcinoma

MedInsight-ViseurAI (0.4090) REG_Path (0.3207) TeamTiger@REG2025 (0.2982) PathoMozhi (0.3000)

Breast, core-needle biopsy;

Invasive carcinoma of no

special type, grade II

(Tubule formation: 3,

Nuclear grade: 2,

Mitoses: 1)

Lung, biopsy;

Squamous cell carcinoma

Lung, biopsy;

Non-small cell carcinoma,

favor squamous cell carcinoma

Structured Summary:

Organ - Breast,

Diagnosis - Invasive carcinoma

of no special type, grade III

(Tubule formation: 3,

Nuclear grade: 3 and Mitoses: 2)
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Table S9
Rare benign entity-limited recognition across teams. The ground truth diagnosis is fundic gland polyp, a minor category of
benign polypoid lesion (only three cases were included in the training set). MTS_REG_2025 correctly generated “fundic gland
polyp”. In contrast, most other teams generated “chronic gastritis,” reflecting substitution of a common, nonspecific diagnosis
rather than recognizing the specific polyp entity. ( =correct, =incorrect)

Whole Slide Image

Ground Truth ADCT (0.4858) ICGI (0.5602) ICL_PathReport (0.5602)

Stomach, endoscopic biopsy;
Fundic gland polyp

Stomach, endoscopic biopsy;

Adenocarcinoma, poorly

differentiated with poorly

cohesive carcinoma component

Stomach, endoscopic biopsy;

Chronic gastritis

Stomach, endoscopic biopsy;

Chronic gastritis

IMAGINE_Lab (0.5602) IUCompPath (0.5602) MTS_REG_2025 (1.000) MedInsight-ViseurAI (0.5602)

Stomach, endoscopic biopsy;

Chronic gastritis

Stomach, endoscopic biopsy;

Chronic gastritis

Stomach, endoscopic biopsy;

Fundic gland polyp

Stomach, endoscopic biopsy;

Chronic gastritis

REG_Path (0.5602) TeamTiger@REG2025 (0.5602) PathoMozhi (0.5602) NW-TIA (0.5602)

Stomach, endoscopic biopsy;

Chronic gastritis

Stomach, endoscopic biopsy;

Chronic gastritis

Stomach, endoscopic biopsy;

Chronic gastritis with lymphoid

aggregates

Stomach, endoscopic biopsy;

Chronic gastritis
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Table S10
Stomach endoscopic biopsy: malignant lymphoma. Nine teams correctly generated malignant lymphoma. Two teams instead
generated “small cell carcinoma”. Given the phenotypic overlap on H&E, the model’s output is consistent with High-Fidelity
Histomorphology-Driven Phenotype Recognition. ( =correct, =incorrect)

Whole Slide Image

Ground Truth ADCT (0.5323) ICGI (1.000) ICL_PathReport (1.000)

Stomach, endoscopic biopsy;
Malignant lymphoma

Stomach, endoscopic biopsy;

No significant pathologic

findings

Stomach, endoscopic biopsy;

Malignant lymphoma

Stomach, endoscopic biopsy;

Malignant lymphoma

IMAGINE_Lab (1.000) IUCompPath (1.000) MTS_REG_2025 (0.5639) MedInsight-ViseurAI (1.000)

Stomach, endoscopic biopsy;

Malignant lymphoma

Stomach, endoscopic biopsy;

Malignant lymphoma

Stomach, endoscopic biopsy;

Small cell carcinoma

Stomach, endoscopic biopsy;

Malignant lymphoma

REG_Path (1.000) TeamTiger@REG2025 (1.000) PathoMozhi (0.5639) NW-TIA (1.000)

Stomach, endoscopic biopsy;

Malignant lymphoma

Stomach, endoscopic biopsy;

Malignant lymphoma

Stomach, endoscopic biopsy;

Small cell carcinoma

Stomach, endoscopic biopsy;

Malignant lymphoma
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Table S11
Preservation of colorectal-type gland-forming morphology despite incorrect site prediction. Notably, despite the site mismatch,
these outputs consistently captured a colorectal-type, gland-forming phenotype concordant with the suspected primary, illustrating
the models’ ability to encode and reproduce diagnostically relevant histomorphologic features. (Red annotation: colorectal-type
tumor portion, =correct, =incorrect, =indeterminate)

Whole Slide Image

Ground Truth ADCT (0.5330) ICGI (0.3817) ICL_PathReport (0.3817)

Uterine cervix, colposcopic biopsy;
Adenocarcinoma,
favor colorectal primary

Uterine cervix, colposcopic biopsy;

Endocervical adenocarcinoma,

HPV-associated, usual type

Rectum, colonoscopic biopsy;

Adenocarcinoma,

moderately differentiated

Rectum, colonoscopic biopsy;

Adenocarcinoma,

moderately differentiated

IMAGINE_Lab (0.3796) IUCompPath (0.3817) MTS_REG_2025 (0.2741) MedInsight-ViseurAI (0.3796)

Colon, colonoscopic biopsy;

Adenocarcinoma,

moderately differentiated

Rectum, colonoscopic biopsy;

Adenocarcinoma,

moderately differentiated

Lung, biopsy;

Squamous cell carcinoma

Colon, colonoscopic biopsy;

Adenocarcinoma,

moderately differentiated

REG_Path (0.3796) TeamTiger@REG2025 (0.3470) PathoMozhi (0.3796) NW-TIA (0.3796)

Colon, colonoscopic biopsy;

Adenocarcinoma,

moderately differentiated

Lung, biopsy;

Adenocarcinoma

Colon, colonoscopic biopsy;

Adenocarcinoma,

moderately differentiated

Colon, colonoscopic biopsy;

Adenocarcinoma,

moderately differentiated
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Table S12
Fine-grained histologic grading (Nottingham) reproduced in generated pathology reports. The Nottingham histologic grade
is determined by summing three component scores—tubule (gland) formation, nuclear pleomorphism (variation), and mitotic
count—each scored from 1 to 3 (total score 3–5 = Grade I, 6–7 = Grade II, 8–9 = Grade III). Tubule formation is graded based
on the proportion of glandular structures (<10% = score 3, 10–75% = score 2, >75% = score 1). In this case, the component
score were tubule formation=3 (glandular structure <10%), nuclear grade=3 (marked nuclear variation), and mitotic count = 2
(representative mitotic figures: red circle), yielding a total score of 8 (Grade III). ICGI and ICL_PathReport correctly reproduced
the diagnosis, the overall Nottingham grade, and the individual component scores. ( =correct, =incorrect)

Whole Slide Image

Ground Truth ADCT (0.8141) ICGI (1.000)

Breast, sono-guided core biopsy;
Invasive carcinoma of no special type, grade III
(Tubule formation: 3, Nuclear grade: 3, Mitoses: 2)

Breast, sono-guided core biopsy;

Invasive carcinoma of no

special type, grade I

(Tubule formation: 3,

Nuclear grade: 1,

Mitoses: 1)

Breast, sono-guided core biopsy;

Invasive carcinoma of no

special type, grade III

(Tubule formation: 3,

Nuclear grade: 3,

Mitoses: 2)

ICL_PathReport (1.000) IMAGINE_Lab (0.2525) IUCompPath (0.2627) MTS_REG_2025 (0.2667)

Breast, sono-guided core biopsy;

Invasive carcinoma of no

special type, grade III

(Tubule formation: 3,

Nuclear grade: 3,

Mitoses: 2)

lung, biopsy;

adenocarcinoma

Lung, biopsy;

Non-small cell carcinoma,

favor adenocarcinoma

Lung, biopsy;

Squamous cell carcinoma

MedInsight-ViseurAI (0.8148) REG_Path (0.2627) TeamTiger@REG2025 (0.2627) PathoMozhi (0.7060)

Breast, sono-guided core biopsy;

Invasive carcinoma of no

special type, grade II

(Tubule formation: 3,

Nuclear grade: 2,

Mitoses: 1)

Lung, biopsy;

Non-small cell carcinoma,

favor adenocarcinoma

Lung, biopsy;

Non-small cell carcinoma,

favor adenocarcinoma

Structured Summary:

Organ - Breast,

Diagnosis - Invasive carcinoma

of no special type, grade III

(Tubule formation: 3,

Nuclear grade: 3 and

Mitoses: 2)
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