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Multimodal artificial intelligence, albeit showing great potential in
computational pathology, remains limited to isolated patch-level
interpretation and often fails to analyze gigapixel-scale whole-slide images
(WSlIs) essential for clinical utility. Here we present SlideChat, a multimodal
generative artificial intelligence assistant for whole-slide computational
pathology across cancer types. SlideChat integrates patch-level and
slide-level pathology encoders with a pretrained large language model.
Using 274,233 multimodal instruction samples, SlideChat is trained to
learn the associations between WSIs and diagnostic reports and interpret
complex queriesin clinical practice. Evaluated on 8,836 closed-ended
questions, 129 open-ended questions and 3,149 WSl reports from five
cohorts spanning 31 cancer types, SlideChat outperformed leading
baselines by 19.1% in closed-ended accuracy and by 7.7% in report-generation
Metric for Evaluation of Translation with Explicit Ordering score and
received the highest expert ratings across five dimensions in open-ended
question answering, showing the potential to enhance diagnostic
workflows, medical education and clinical decision-making.

Computational pathology is pivotal in modern diagnostics by enabling
precise, quantitative analysis of digitized histopathological slides,
which are fundamental for cancer diagnosis, prognosis and treat-
ment planning' ™. Recently, this field has gained rapid momentum
with advances in visual foundation models®” and vision-language
models®™. These models learn generalizable representations from
large-scale data and perform effectively across diverse pathological
tasks'>". Incorporation of large language models (LLMs) into visual
systems has further driven the emergence of multimodal large lan-
guage models (MLLMs) for pathology' ¢, enabling human-artificial

intelligence (Al) interactions across clinical decision-making, medical
education and biomedical research.

Despite these advances, existing pathology MLLMs remain con-
strained by patch- or region-level analysis** ™, focusing on isolated
areas of the slide while lacking awareness of broader tissue context.
Such approaches are inadequate for real-world clinical pathology,
which demands slide-level and even patient-level analysis and inte-
gration of information across multiple regions, scales and contexts
inthe whole-slideimage (WSI), to support complete diagnostic work-
flows, including subtyping, differential diagnosis and pathology report
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generation. However, models capable of holistic, WSI-based interpreta-
tion are still largely unexplored, with several unresolved challenges.
First, despite the availability of large-scale WSI datasets with diagnos-
tic labels or raw reports, data suitable for training language-driven,
whole-slide MLLMs are scarce. Effective training data should include
natural language dialogues grounded in slide content and clinical
workflow decision points. Second, the gigapixel scale and complexity of
WSIs present computational and informational challenges'”'. Models
must efficiently handle whole-slide inputs while selectively integrating
features relevant to a given clinical query, which remains beyond the
reach of existing patch-level MLLMs.

In this Article, we present SlideChat, a vision-language assis-
tant designed for end-to-end WSI analysis and interpretation at the
slide level. To train SlideChat, we first construct Slidelnstruction, the
largest pathology WSl instruction-following dataset so far (Fig. 1a).
Curated from WSI-report pairs’ from The Cancer Genome Atlas
(TCGA) cohort®, Slidelnstruction comprises 274,233 instruction
samples covering 24 anatomies, 31 cancer types and diverse formats
(Fig. 1b). We then develop an effective MLLM-based architecture for
SlideChat (Fig. 1¢), integrating fine-grained patch-level histological
features, global slide-level context and clinical questions in natural
language, enablinginteractive, context-aware reasoning for WSl analy-
sis.SlideChat also exhibits question-guided interpretability, assigning
high attention weights only to question-relevant regions in the input
gigapixel-scale WSIs (Fig. 1c, right).

Toevaluate an MLLM’s capability on WSl analysis, we further intro-
duce SlideBench, an expert-validated benchmark encompassing 27
pathological tasks across 33 cancer types and five cohorts, covering
awide range of real-world pathological scenarios in clinical practice.
These tasks are in multiple question formats, including closed-ended
visual question answering (VQA), open-ended VQA and report gen-
eration, with both in-domain and out-of-domain cases. SlideChat
outperforms state-of-the-art MLLMs such as GPT-40%, MedDr?,
Quilt-LLaVA"” and LLaVA-Med®, improving the overall accuracy by
19.1% on closed-ended questions and delivering the highest proportion
of expert-preferred responses on open-ended questions with superior
accuracy, relevance, completeness and clinical applicability. Compared
with models specialized in report generation such as HistoGPT** and
PRISM?, SlideChat produces more coherent and higher-quality pathol-
ogy reports, with a 7.7% improvement in the Metric for Evaluation of
Translation with Explicit Ordering (METEOR) score. These results show
SlideChat’s effectiveness in facilitating the complete diagnostic pro-
cessfrominitial assessment to final reporting at the whole-slide level.

Results

Overview of SlideChat

SlideChat consists of four key designs: a patch-level vision encoder, a
slide-level vision encoder, aconnector and an LLM (Fig. 1c; Methods).
The workflow begins by tiling each WSl into non-overlapping patches,
eachencoded by the patch-level vision encoder®, distilling fine-grained
cellular and tissue semantics into patch-level tokens. These tokens are
then fed into a slide-level vision encoder?, a transformer model with
an efficient attention mechanism that captures dependencies across
tokens and models global histological context without prohibitive
computational cost. Following slide-level encoding, the connector
maps these visual tokens into the input space of the LLM%, ensuring
seamlessintegration of visual and textual data. Concurrently, SlideChat
processes natural language queries from the user (for example, ‘What
isthe type of tumorintheimage?’), converts theminto textual tokens
andintegrates them with visual tokens from WSls, providing accurate
and contextually relevant diagnostic responses.

Using the Slidelnstruction dataset (Fig. 1a,b; Methods), SlideChat
is trained in two stages®: cross-domain alignment and visual instruction
learning. The first stage aligns visual features with the language space,
enabling the LLM to interpret visual tokens. In this stage, SlideChat is

trained on 8,583 WSI-caption pairs, with the patch-level encoder and
LLM frozen, updating only the slide-level encoder and connector.
The second stage unlocks a domain-specific instruction following
across diverse pathology tasks, such as describing the extent of tumor
invasion or assessing the degree of cellular differentiation. This is
achieved by further tuning the slide-level encoder, connector and LLM
on 265,650 WSI question-answer (QA) pairs (Supplementary Tables 1
and 2). Examples of training data are shownin Extended DataFig.1a,b.

We evaluate SlideChat on the proposed SlideBench benchmark
(Supplementary Table 3) across three question formats: closed-ended
VQA, open-ended VQA and pathology report generation. These eval-
uations assess in-domain and out-of-domain diagnostic accuracy,
nuanced reasoning and capacity for coherent and end-to-end clinical
reporting. Together, SlideBench shows SlideChat’s ability to deliver
accurate, interpretable and clinically meaningful slide-level analysis,
enabling integration of global context, which is inherently limited in
existing patch-based MLLMs.

Evaluation on closed-ended question answering

We evaluated the foundational capability of SlideChat in pathology
understanding using closed-ended questions via SlideBench-Closed,
amultiple-choice VQA benchmark curated from five cohorts: TCGA%,
Early Breast Cancer Core-Needle Biopsy WSI (BCNB)?, Clinical Prot-
eomic Tumor Analysis Consortium (CPTAC)*°, HISTAI' and an in-house
Multi-Organ Pathology (MOP) dataset. TCGA questions assessin-domain
performance (Supplementary Table 4), while BCNB, CPTAC, HISTAl and
MOP evaluate out-of-domain generalization (Supplementary Tables 5
and 6). For each cohort, we used an LLM-assisted pipeline to extract
and revise multiple-choice QA pairs from source pathology reports
and clinical notes, which were then reviewed and verified by three
board-certified pathologists (Fig. 2a;Methods).

Forthe TCGA cohort, cases cover 13 pathology tasks across 31 cancer
typesinthree functional groups: ‘microscopy’ (for example, histopatho-
logical changes, tissue architecture), ‘diagnosis’ (for example, disease
classification, staging) and ‘clinical’ (for example, treatment guidance,
biomarker analysis). The BCNB cohort, originally designed for WSI-based
classification tasks, was reformulated into multiple-choice questions on
the perception and comprehension of estrogenreceptor (ER) statuses,
progesterone receptor (PR) statuses, human epidermal growth factor
receptor 2 (HER2) statuses and tumor subtypes. The CPTAC cohort
included cases for tumor subtype classification: uterine corpus endo-
metrial carcinoma (UCEC), lung squamous cell carcinoma (LSCC), lung
adenocarcinoma (LUAD) and cutaneous melanoma (CM). The HISTAI
cohort focused on disease classification for breast, skin and colorectal
tissues, distinguishing malignant from benign and other non-malignant
conditions. The MOP cohort covered malignant-versus-benign disease
classificationacross 11 routine diagnostic organs, representing abroad
and diverse set of routine diagnostic cases.

Because existing MLLMs cannot directly process gigapixel slides,
we compared SlideChat with four representative patch-level base-
line models: GPT-40?, a strong general-purpose vision-language
model; MedDr**and LLaVA-Med?, two generalist medical MLLMs; and
Quilt-LLaVA®, a pathology-focused MLLM. To adapt these MLLMs to the
slide-level task, we applied clustering to all non-background patchesin
eachWSland selected 30 representative patches. These patches were
individually fed into each MLLM, giving the final answer determined
by majority voting across patch-level predictions.

Across 13 tasks in SlideBench-Closed (TCGA) (Fig. 2b), SlideChat
significantly outperformed baseline models with an overallaccuracy of
74.12% (P < 0.0001). In terms of absolute performance gains, SlideChat
outperformed GPT-40 by +18.44%, MedDr by +25.15%, LLaVA-Med by
+44.35% and Quilt-LLaVA by +48.50%, with all comparisons reaching
statistical significance (P < 0.0001). These gains were particularly nota-
blein tasks requiring fine-grained morphological understanding, for
example, tissue architecture (SlideChat 83.60% versus next best 61.41%,
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Fig.1|Overview of the SlideInstruction dataset and SlideChat architecture.
a, Bar chart of 8,583 WSIs paired with pathology reports used to curate the
Slidelnstruction dataset, grouped by 24 anatomical sites toillustrate dataset
composition. b, Representative question formats drawn from the 274,233
samples in the Slidelnstruction dataset, including pathological report
generation, binary judgment, multiple-choice questions, short-form VQA,
long-form VQA and multiturn conversation. ¢, SlideChat architecture with
question-guided interpretability. AWSlis tiled and encoded at both patch and
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slide levels, projected into the input space of the language model and integrated
witha clinical query for multimodal slide-level understanding, responding to a
broad range of queries in clinical workflows. Heat maps are computed based on
question-to-image attention in SlideChat, revealing that clinical queries guide
the model to attend to relevant image regions. This indicates that SlideChat
acquires animplicit spatial understanding of WSI content, which supports
transparency and interpretability in clinical applications.

+22.19) and histopathological changes (85.91% versus 53.34%, +32.57).
SlideChat also excelled inintegrative diagnostic tasks such as disease
classification (78.12% versus 54.33%, +23.79) and staging (62.45% versus
57.53%,+4.92).For clinical tasks, SlideChat maintained clear advantage
in biomarker analysis (73.84% versus 59.05%, +14.79) and prognostic
assessment (69.46% versus 61.40%, +8.06). These results highlight the
importance of modeling whole-slide context, which patch-level MLLMs
often fail to capture. Moreover, across the microscopy, diagnosis and
clinical groups, SlideChat achieved the highest accuracy in the majority
of cancer types. Per-cancer performance comparisons are provided in
Supplementary Tables 7-9.

These advantages also extend to out-of-domain cohorts (Fig. 2c).
OnBCNB, SlideChat achieved an average accuracy of 75.41% in molecu-
lar status prediction tasks (thatis, ER, PRand HER2), outperforming the
bestbaseline by +7.46. For tumor type classification, SlideChat achieved
89.42% (versus next best 56.04%, +33.38). On CPTAC, SlideChat led all
four subtypingtasks: CM (48.67% versus 41.81%, +6.86), LSCC (68.05%
versus49.99%,+18.07), UCEC (48.20% versus 36.37%, +11.82) and LUAD
(41.78% versus 37.00%, +4.775). On HISTAI, SlideChat achieved 79.53%,
73.58% and 69.53% for breast, skin and colorectal tissue disease clas-
sification, respectively, surpassing all baseline models. On the more
challenging MOP cohort, SlideChat delivered consistent gains across
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the lung tumor?

A. Large cell carcinoma
C. Squamous cell carcinoma

Question: Based on the histological features observed, what is the diagnosis for

B. Moderately differentiated adenocarcinoma
D. Small cell carcinoma

Question: Based on the image, which nuclear feature predominates in this

moderately differentiated infiltrating ductal carcinoma?

A. Vesicular nuclei with small nucleoli
C. Hyperchromatic nuclei with prominent nucleoli

B. Multilobed nuclei
D. Signet-ring cells

I| SlideChat: B. Moderately differentiated adenocarcinoma

| I| SlideChat: C. Hyperchromatic nuclei with prominent nucleoli

Fig.2|Evaluation of SlideChat on closed-ended questions. a, Pipeline for

benchmark curation. Across multiple

cohorts, candidate multiple-choice

questions (MCQs) and answers were generated by LLMs using WSIs and
associated annotations. These were then verified by board-certified pathologists
to create the final SlideBench-Closed benchmark. Performance was compared
across SlideChat and four MLLMs. b, In-domain evaluation on the TCGA cohort
(n=3,176 samples). SlideChat consistently outperformed the baselines on 13
different pathological tasks. Data are presented as mean values + s.d. across
1,000 bootstrap replicates. For the overall comparison, statistical significance
between SlideChat and the best-performing baseline was assessed using two-
sided Wilcoxon signed-rank tests with Benjamini-Hochberg FDR correction;

P=2.28 x107*, ¢, Out-of-domain generalization evaluation on closed-ended
questions. SlideChat achieved significantly higher overall accuracies on external
cohorts, including BCNB (n=4,232 samples, P=1.26 x 107°), CPTAC (n =240
samples, P=2.02 x 107%), HISTAI (n = 769 samples, P= 6.8 x 10°°) and MOP (n = 419
samples, P=1.24 x10™*) cohorts. Data are presented as mean values +s.d.

across 1,000 bootstrap replicates. d, Question-guided interpretability analysis.
Two case studies showed that SlideChat attended to diagnostically salient
regions when inferring the correct answer, highlighting invasive glandsin lung
adenocarcinoma and nuclear atypia in breast ductal carcinoma. These maps
represent the spatial weighting of features during inference. ROI, region of

inte

rest.
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categories and reached an overall accuracy of 76.63% (versus 60.23%
for GPT-40and 50.71% for MedDr). Despite the heterogeneity of tissue
types and staining protocols, SlideChat maintained robustness and
generalization when applied to these unselected, real-world WSIs
(Supplementary Table10). Our analysis also reveals that adapting exist-
ing patch-level models to WSl input via downsampling or multipatch
aggregation compromises either cellular detail or global context and
thatanativeslide-level model like SlideChat addresses this key trade-off
in WSl analysis by better preserving both (Extended Data Fig. 2).

To further assess modelinterpretability, we visualized SlideChat’s
attention heat maps over WSIs when addressing specific queries
(Fig.2d; Methods). We showed two cases illustrating complementary
reasoning pathways: one requiring diagnosis from observed features
andthe otherrequiring feature identification given a known diagnosis.
In the first case, SlideChat correctly inferred ‘moderately differenti-
ated adenocarcinoma’,focusing on theirregular glandular structures
and cytologicatypia. Inthe second case, SlideChat attended to tumor
nests and identified ‘hyperchromatic nuclei with prominent nucle-
oli’ as the defining feature for moderately differentiated infiltrating
ductal carcinoma. In these examples, SlideChat not only arrived at
the correct answers but also did so by attending to diagnostically
meaningful regions of interest, underscoring the value of transparent,
pathology-aligned whole-slide modeling.

Although attention heat maps reflect token weighting rather
than strict causality, our further qualitative analysis shows that Slide-
Chat’s attentionis not astatic map, showing context-aware reasoning.
For the same WSI, SlideChat adaptively shifts its focus with queries
(Extended DataFig. 3a-f). For example, in the breast carcinoma case,
when asked about the ‘architectural pattern’ (Extended Data Fig. 3d),
SlideChat focuses broadly on theirregular glandular formations. How-
ever, when the question shifts to ‘changes in the surrounding stroma’
(Extended DataFig. 3e), the heat map re-centers on the dense fibrous
regions separating the tumor glands.

Evaluation on open-ended question answering

Building on the closed-ended evaluation, we next examined
SlideChat’s capacity to handle more nuanced, complex diagnos-
tic scenarios through open-ended questions. To support this,
we developed SlideBench-Open, a benchmark comprising 129
pathologist-curated questions requiring detailed free-text inter-
pretations that reflect real-world decision-making and require deep
pathological understanding.

For each question, SlideChat and baseline models generated
free-form textual responses, independently scored by a panel of three
experienced pathologists (Fig. 3a). To adapt baseline MLLMs to the
whole-slide level, we extracted 30 representative patches per WSI,
fed themindividually into each patch-level MLLM and synthesized the
outputs into a single textual answer using GPT-4 (ref. 32). Evaluation
was performed across five criteria (Supplementary Table 11): accuracy
(factual correctness), relevance (alignment with the question), com-
pleteness (coverage of key diagnostic information), output clarity
(readability and structured presentation) and applicability (potential
to support clinical decision-making), scored on afive-point scale from
‘insufficient’ (1) to ‘excellent’ (5). Model identities were blinded to the
pathologists to reduce bias.

SlideChat showed consistent advantages across all criteria (Fig. 3b
and Supplementary Table 12), with the highest proportion of top scores
(‘excellent’, rated 5). Asapositive controlinthe blinded evaluation, refer-
ence answers scored 4.68, assessed by the same panel of pathologists
under identical criteria. SlideChat achieved an average score of 4.26,
approaching the reference (4.68) closely and outperforming GPT-40
(3.75), Quilt-LLaVA (3.55), LLaVA-Med (3.44) and MedDr (3.19). Spe-
cifically, SlideChat excelled in accuracy, relevance, output clarity and
applicability, surpassing the strongest baseline, GPT-40. Interms of com-
pleteness, SlideChat achieved notably greater number of ‘strong’ and

‘excellent’ ratings (300) than the GPT-40 (268). Theseresults are further
supported by average expertscores (Extended DataFig. 4a), where Slide-
Chatexceeded 4.0 onmost criteria, while other models remained below
this threshold. Interexpert analysis (Fig. 3c) showed moderate-to-good
consistency (intraclass correlation coefficient) among the pathologists,
withaquadratic-weighted Fleiss’ kappa of 0.747. Furthermore, the pair-
wise quadratic-weighted Cohen’s kappa values (expert 1 versus expert
2,0.638; expert1versusexpert3,0.604; expert 2 versus expert 3, 0.623)
fell predominantly in the range of ‘substantial agreement’™®, validating
the consistency and robustness of the scoring protocol.

Two representative cases illustrate SlideChat’s performance
(Fig. 3d). In the first case of structural analysis in tumor-infiltrated
tissues, SlideChat accurately described disrupted adipose and fibrous
tissues, desmoplastic stroma, focal necrosis and relevant cellular fea-
tures. Baseline models, however, offered less precise or incomplete
responses. Forinstance, GPT-4o provided abroader description men-
tioning infiltrationinto fibroadipose tissue without noting the specific
stromal or cellular details; MedDr described general disorganization
without mentioning stromal or necrotic components; Quilt-LLaVA also
missed cellular details; and LLaVA-Med inaccurately described minimal
alteration. Inthe second case of cancer detection, SlideChat correctly
identified clear cell renal cell carcinoma (CCRCC) with cellular features,
while baseline models like MedDr denied any evidence of malignancy.
Theseresults highlighted SlideChat’s ability to deliver accurate, com-
prehensive, clear and clinically relevant responses to open-ended
pathology questions, underlining its potential for effective integration
into diagnostic and clinical decision-making workflows. These obser-
vationsare further supported by representative case comparisonand
question-guided attention visualizations (Extended Data Fig. 4b,c).

Evaluation onreport generation

Extending beyond question answering, we further evaluated Slide-
Chat’s ability to generate comprehensive pathology reports from
WSIs, directly assisting in routine diagnostic documentation. To this
end, we prepared 3,149 high-quality reference reports from the TCGA,
CPTAC, HISTAI and MOP cohorts (Supplementary Tables 6 and 13).
Reference reports fromthe TCGA and HISTAI cohorts were constructed
by extracting and standardizing diagnostically relevant content from
their public annotations. CPTAC reports were authored in collabora-
tion with experienced pathologists, ensuring detailed microscopic
observations and diagnostic clarity. MOP reports were derived from
routine clinical documentation.

We compared SlideChat against two open-source pathology
report-generation models, HistoGPT?* and PRISM*, using the following
metrics: METEOR*, Recall-Oriented Understudy for Gisting Evaluation
(ROUGE)*, Bilingual Evaluation Understudy (BLEU)*® and GPT score.
GPT score assesses semantic similarity between generated and refer-
encereportsonascale from O to1using GPT-4, with higher scoresindi-
cating greater similarity and clinical relevance. As each metric captures
adifferent aspect of report quality, all four should be jointly considered
when evaluating these generative models, especially GPT score, which
more directly reflects factual diagnosis accuracy in pathology narra-
tives. Across the in-domain TCGA and out-of-domain CPTAC, HISTAI
and MOP cohorts, SlideChat consistently outperformed baselines in
METEOR, ROUGE and GPT score (Fig. 4a and Supplementary Table 14).
SlideChat achieved superior METEOR scores across diverse cancer
types (Fig. 4b and Supplementary Table 15), especially for cancers
requiring intricate morphological descriptions. Consistentimprove-
ments in ROUGE, BLEU and GPT score (Supplementary Tables 16-18)
furtherindicated SlideChat’simproved phrasing, content coverage and
accuracy. We further report the results on two skin-specific datasets
(TCGA-SKCM and HISTAI-Skin), enabling adirect comparison with the
dermatology-specialized model HistoGPT (Fig. 4c).

Toassess clinical utility, we conducted a prospective reader study
involving two junior and two senior pathologists, with less than and
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Question: What pathological changes indicating disease processes are noted in
the pancreatic tissue?

Reference answer: Chronic pancreatitis with variable ductal dilatation and low- to
high-grade intraepithelial neoplasia and confirmed ductal adenocarcinoma.

Question: Is there a presence of renal cancer in the histological examination of the
left kidney specimen?

Reference answer: Yes, clear cell renal cell carcinoma is present.

SlideChat: The pancreatic tissue shows signs of chronic pancreatitis, characterized
by fibrosis and inflammation, alongside the presence of a well-differentiated
ductal adenocarcinoma indicating malignant transformation.

SlideChat: The histological evaluation of the left kidney specimen shows renal cell
carcinoma, conventional (clear cell) type, with characteristic clear cytoplasm,
distinct cell borders and irregular nuclei.

GPT-40: The tissue shows fibrosis, chronic inflammation and focal epithelial atypia,

raising concern for neoplastic change, but without definitive evidence of malignancy.

GPT-40 : The tissue shows changes that could be consistent with clear cell renal
cell carcinoma, including cytoplasmic clearing and nuclear atypia.

MedDr: The pathological change noted in the pancreatic tissue is primarily fibrosis,
with one instance of focal fibrosis.

MedDr : No, there is no evidence of renal cancer on histological examination.

Quilt-LLaVA: The pancreatic tissue shows fibrosis, lymphoplasmacytic inflammation,
acinar atrophy and ductal changes, suggestive of chronic pancreatitis.

Quilt-LLaVA: Some patch-level responses suggest renal cancer, while others
indicate a normal renal architecture with no clear evidence of malignancy.

LLaVA-Med: The pancreatic tissue shows mild fibrosis, inflammation, ductal
changes and epithelial atypia, without clear evidence of malignancy.

LLaVA-Med: The histological section shows presence of renal cancer.

Fig.3|Evaluation of SlideChat on open-ended questions. a, Overview of
SlideBench-Open evaluation protocol (n =129 samples). Responses from the
MLLMs were anonymized, shuffled and independently rated by three expert
pathologists on afive-point scale across five criteria: accuracy, relevance,
completeness, output clarity and clinical applicability. b, Distribution of scores
for each model across five criteria. SlideChat delivered the most ‘excellent’
(score 5) responses and the fewest ‘insufficient’ (score1) responses. ¢, ICC(2,1)
(intraclass correlation coefficient, two-way random effects, single rater)

confirms the interpathologist agreement on the scoring. d, Representative

case examples for qualitative performance comparison. Clinically correct
details are highlighted in cyan, inaccurate findings are marked in magenta, and
reference answers are highlighted in gray. SlideChat provided detailed and
clinically grounded answers closely matching expert references, while other
models frequently produced incomplete, ambiguous or less accurate responses.
Illustration of pathologists in panel a created in BioRender; Chen, Y. https://
biorender.com/fhfegvb (2026).

morethan5 years of experience, respectively. The study used a paired
design across 36 WSIs from five representative cancer types (breast,
colorectal, lung, prostate and esophageal), comparing diagnostic

workflows with and without SlideChat assistance. First, SlideChat
consistently improved the overall quality of diagnostic summaries
(Fig. 4d). GPT scores of pathologist-written summaries increased for
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bothjunior (from5.94-6.33t0 6.33-7.06) and senior pathologists (from
5.67-6.67t0 6.39-7.56).Second, we performed structured evaluation
by extracting key diagnostic entities from written summaries and
comparing themwith reference annotations. Thisrevealed increased
entity-level correctness under model guidance (Fig. 4¢e), confirming
that SlideChat aids inidentifying clinically meaningful morphological
features. Third, SlideChatimproved workflow efficiency, in particular
among less experienced readers. Junior pathologists reduced aver-
age review time by approximately 18% (from 307.28 to 248.83 s per
slide) without compromising rigor (Fig. 4f). Finally, SlideChat acted
asastandardizing force and enhanced interreader consistency. Model
guidance raised the median interreader agreement from 0.72 to 0.82
(Fig.4g). Theseresults show SlideChat’s potential to enhance diagnos-
tic fidelity, efficiency and consensus in routine practice.

In arepresentative case (Fig. 4h), SlideChat accurately captured
key pathological features, including tumor classification, margin sta-
tus, invasion patterns and contextual changes. By contrast, HistoGPT,
which was developed for dermatopathology, exhibited limited gener-
alizability and frequently generated inaccurate responses for non-skin
cancers, despite plausibly high BLEU scores on CPTAC. PRISM produced
overly brief and underinformative reports, omitting critical diagnos-
tic details. These comparisons underscored SlideChat’s strength in
synthesizing visual information into coherent and detailed reports,
showingits potential for general-purpose pathology report generation.

Demonstration on diverse use cases

To illustrate SlideChat’s potential in real-world practice, we con-
structed multiturn dialogues that emulate the sequential steps of
clinical slide interpretation, including visual assessment, diagnostic
classification, prognostic evaluation and therapeutic planning. These
cases (Fig. 5) showcased how SlideChat generates coherent, clinically
grounded responses at each step. Ina cervical biopsy (Fig. 5a), Slide-
Chat began by summarizing the overall tissue architecture, identify-
ingirregular epithelial nests with desmoplastic stroma, along with
atypical mitoses and keratinization, capturing key morphological
features required for initiating diagnostic consideration. Next, ina
liver resection case (Fig. 5b), SlideChat correctly diagnosed hepatocel-
lular carcinoma and supported its conclusion by describing classical
histological patterns such as thickened trabeculae, pseudo-acinar
formations and centrally located nuclei with prominent nucleoli.
In alung cancer case (Fig. 5¢), SlideChat translated morphological
findings into prognostic assessment, noting the absence of vascular

invasion and inferring aless aggressive phenotype. Inan adrenal tumor
case (Fig.5d), SlideChat integrated morphologic and clinical context,
recognized the localized pheochromocytoma and recommended
complete laparoscopic adrenalectomy for treatment. Additionally,
SlideChat outlined key perioperative strategies to mitigate cardiovas-
cularrisks. Together, these cases highlighted SlideChat’s end-to-end
interpretative workflow, underscoring its promise as an assistant in
routine pathology practice.

Beyond qualitative cases, we evaluated SlideChat in multiturn
conversations along three key dimensions: contextual accuracy gain,
cross-turn inconsistency and self-contradictory hallucinations. We
constructed a ‘microscopic-diagnosis—clinical’ multiturn test set
with 66 conversations and 346 questions from SlideBench-Closed
(TCGA), using a hybrid query format: 173 questions were main-
tained as closed-ended questions for accuracy benchmarking,
while the rest were converted into open-ended queries to evaluate
generation quality. SlideChat leveraged conversational context to
improve accuracy from 72.83% (single-turn) to 74.57% (multiturn)
(Extended Data Fig. 5a). It maintained logical consistency across turns
in83.27% of cases (Extended DataFig. 5b), and 87.87% of responses were
free fromself-contradictory hallucinations (Extended DataFig. 5c). The
remaining errors mainly reflected difficulties in tracking fine-grained
attributes, such as tumor-node-metastasis staging, over extended
conversational contexts (Extended Data Fig. 5d), as well as in han-
dling complex descriptive tasks involving mutually exclusive patho-
logical features (Extended Data Fig. 5e). These findings show effective
context-awarereasoning whileindicating areas for futureimprovement
inlong-context consistency.

Discussion

The emergence of MLLMs, exemplified by generalist Al models like
ChatGPT? and its successors, has fundamentally transformed how
humans interact with Al across scientific domains. These models use
naturallanguage as a unified interface for both receiving flexible user
instructions and generating outputs of varying complexity across
diverse analytical tasks. In the pathology domain, this technological
advance unlocks transformative potential from medical education and
scientific discoveryto clinical decision support. While recent pathology
foundation models (for example, CONCH?, PathAlign*, TITAN*” and
CHIEF") have advanced visual representation learning for downstream
tasks, they lack the capability for direct natural language interaction.
Emerging MLLMs (for example, PathChat'* and Quilt-LLaVA®) enable

Fig.4|Evaluation of SlideChat on report generation. a, Quantitative
comparison of SlideChat against pathology report-generation models (HistoGPT
and PRISM) using METEOR, ROUGE, BLEU and GPT score. SlideChat consistently
achieved higher scores across the TCGA (n =1,547 samples), CPTAC (n =38
samples), HISTAI (n =1,145 samples) and MOP (n = 419 samples) cohorts. For

GPT score, Pvalues from two-sided Wilcoxon signed-rank tests with Benjamini-
Hochberg FDR correction were TCGA, P=3.86 x 10™°%; CPTAC, P= 0.0118; HISTAI,
P=1.36 x10"%;and MOP, P=4.14 x 10~*. b, Report-generation comparison of
different models using METEOR scores across diverse cancer types. Each axis
represents a cancer type and isindependently normalized to the performance
range for visualization. SKCM, skin cutaneous melanoma; GBM, glioblastoma
multiforme; HNSC, head and neck squamous cell carcinoma; KICH, kidney
chromophobe; KIRC, kidney renal clear cell carcinoma; KIRP, kidney renal
papillary cell carcinoma; LGG, brain lower grade glioma; LIHC, liver hepatocellular
carcinoma; LUSC, lung squamous cell carcinoma; MESO, mesothelioma; OV,
ovarian serous cystadenocarcinoma; PAAD, pancreatic adenocarcinoma; PCPG,
pheochromocytomaand paraganglioma; PRAD, prostate adenocarcinoma; READ,
rectum adenocarcinoma; SARC, sarcoma; STAD, stomach adenocarcinoma;
TGCT, testicular germ cell tumors; THCA, thyroid carcinoma; THYM, thymoma;
UCS, uterine carcinosarcoma; ACC, adrenocortical carcinoma; BLCA, bladder
urothelial carcinoma; CESC, cervical squamous cell carcinoma and endocervical
adenocarcinoma; CHOL, cholangiocarcinoma; COAD, colon adenocarcinoma;
DLBC, lymphoid neoplasm diffuse large B-cell ymphoma; ESCA, esophageal

carcinoma. ¢, Report-generation comparison between SlideChat and HistoGPT
onskin-related datasets. Evaluation was performed on the TCGA-SKCM (n = 88
samples) and HISTAI-Skin (n =300 samples) datasets. For GPT score, Pvalues
from two-sided Wilcoxon signed-rank tests were TCGA, P=5.23 x10™*, and HISTAI,
P=0.0039.Datainaand c are presented as mean values + s.d. across 1,000
bootstrap replicates. d-g, Four pathologists reviewed 18 cases with and without
SlideChat-generated diagnostic reports ina prospective reader study. Each color
ind-frepresents adifferentindividual. d, Diagnostic summaries written with
SlideChat guidance achieved higher GPT scores across both junior and senior
pathologists compared to unguided review. Statistical significance was assessed
using two-sided Mann-Whitney Utest; P=0.0002. The same test appliestoe-g. e,
The match accuracy of diagnostic entities extracted from clinician-written reports
also improved significantly when clinicians had access to SlideChat-generated
drafts (P=0.006).f, Junior pathologists demonstrated increased efficiency
under SlideChat guidance (P=0.005). g, Interreader agreementimproved from
amedian of 0.72 to 0.82 with SlideChat assistance, indicating more consistent
diagnosticinterpretation among pathologists. Box plots show the median center
line, first and third quartile box limits and minimum-to-maximum whiskers, with
18 independent measurements per group (P = 0.045). h, Representative examples
comparing reports generated by SlideChat, HistoGPT and PRISM. Correct details
are highlighted in cyan, inaccurate findings are marked in magenta, and reference
answers are highlighted in gray. SlideChat better captured key morphological and
diagnostic features.
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multimodal dialogue but remain restricted to patch-levelinputs, requir-
ing manual selection of regions of interest.

In this work, we provide a preliminary demonstration of the Al
assistant for whole-slide pathology analysis, showing that MLLM can
now adapt at the gigapixel scale and complexity required for clinical
practice. We present what is, to our knowledge, the most compre-
hensive evaluation of multimodal Al capabilities for computational
pathology, comparing SlideChat against both leading general-purpose
and specialized biomedical models across an unprecedented range
of pathological tasks. Our evaluation encompasses diverse clinical
scenarios, from diagnostic classification to comprehensive pathol-
ogy report generation, validated through expert pathologist review

and assessed using multiple question formats to ensure broad clini-
cal relevance and robustness. Across these evaluations, SlideChat
showed superior performance over existing state-of-the-art solutions,
achieving improvements in diagnostic accuracy and providing more
clinically pertinent and comprehensive responses. Furthermore, its
ability to engage in multiturn diagnostic dialogues with traceable deci-
sion process shown by question-guided attention heat maps further
underscores its potential to reliably support complex workflows in
clinical pathology with transparent Al assistance.

As MLLMs become increasingly integrated into digital pathol-
ogy workflows, the broader impacts of awhole-slide conversational
assistant like SlideChat may be substantial. For clinical practice, it
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Human

Describe the overall tissue architec-
ture you observe in this cervical
biopsy.

SlideChat

Irregular nests and tongue-like
projections of invasive squamous
carcinoma steadily infiltrate a dense,
desmoplastic stroma.

Human

Do the tumor cells show any atypical
mitoses or keratinization?

SlideChat

Yes. Numerous easily identifiable atypical mitoses
are present, and scattered tumor areas show clear
individual-cell keratinization with accompanying
dyskeratotic cells.

Human

How would you classify the
tumor in this liver resection
specimen?

SlideChat

The tumor in this liver resection specimen would
be classified as HCC, the most common primary
malignant neoplasm arising from hepatocytes.

Human

Which histological features
support HCC?

SlideChat

Tumor cells form thick, several-cell-wide
trabeculae and occasional pseudo-acinar
structures; they show abundant eosinophilic
cytoplasm and centrally placed nuclei with
conspicuous nucleoli—classic features
supporting HCC.

Fig. 5| Exploring use cases of SlideChat. a-d, These cases showcase SlideChat’s
ability to follow core pathology workflows, progressing from morphological
assessment and diagnostic classification to prognostic evaluation and clinical
recommendation. a, SlideChat analyzes a cervical biopsy and accurately identifies
invasive squamous carcinoma with ulceration, describing both architectural and
cytologic features such as atypical mitoses and keratinization. b, When presented
withaliver resection specimen, SlideChat correctly classifies the tumor as

Human

Do you observe any histologic
evidence of vascular invasion
in this section?

SlideChat

No. The tumor shows infiltrative
growth, but the vessel's surface appears

uninvolved.
Human
How do these features affect the
assessment of tumor aggressiveness
and prognosis?
SlideChat

The absence of these invasive features
indicates a less aggressive tumor phenotype.
This finding is typically associated with a better
clinical prognosis.

Human

What treatment is recommended for an
adrenal-confined pheochromocytoma
with negative margins in this case?

SlideChat

Complete surgical removal via adrenalectomy is the
standard of care. Because the tumor is limited to the
adrenal gland and margins are free of disease,
laparoscopic adrenalectomy is usually preferred.

Human

What perioperative management is
important to minimize cardiovascular
complications in this patient?

SlideChat

Adequate o-adrenergic blockade (for example, phenoxybenzamine
or doxazosin) for 7-14 days before surgery is essential to

control hypertension. After a-blockade, cautious B-blockade

may be added to manage tachycardia. Intraoperative
blood-pressure monitoring and liberal intravenous hydration

are also recommended.

hepatocellular carcinoma (HCC) and highlights histological hallmarks including
trabecular architecture, eosinophilic cytoplasm and prominent nucleoli. c,
SlideChat recognizes the absence of vascular invasionin a lung cancer case and
appropriately links these features to a less aggressive tumor phenotype and
better prognosis. d, For an adrenal-confined pheochromocytoma, SlideChat
recommends standard laparoscopic adrenalectomy and details perioperative
management strategies to reduce cardiovascular risk.

represents a step toward an interactive ‘co-pilot™ for pathologists,
accelerating diagnostic workflows, reducing interobserver variabil-
ity, aiding in the formulation of second opinions and standardizing
the quality of pathology reports. Its question-answering capabili-
ties could provide rapid verification for WSI features or classifica-
tions. For education, SlideChat offers adynamic learning tool where
trainees can explore slides interactively, ask specific questions and
receive instant, context-rich feedback that adapts to their learning
needs. For research, it opens new possibilities for large-scale auto-
mated annotation of histopathology archives, hypothesis generation

from morphological patterns and the accelerated discovery of new
pathological markers.

Despite these advances, several limitations remain. SlideChat’s
performanceisinherently influenced by the diversity and representa-
tiveness of its training data. Potential biases in SlideInstruction, such as
institution-specific diagnostic practices or population demographics,
may limit universal generalizability across different clinical settings
and patient populations. While current results are promising, further
prospective validation in clinical settings is needed to fully establish
trust and safety for patient care. Moreover, mitigating hallucinations
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in generative Al systems, where model outputs may appear plausible
butare factually incorrect, remains a priority for future refinement.

Looking forward, several directions can further enhance the util-
ity of SlideChat. A primary direction is enabling multislide reasoning,
which would allow comprehensive analysis of multiple WSIs from a
single case, facilitating crucial applications such as differentiating
between primary tumor and metastatic lesions and tracking treatment
responses over time by comparing pre-and posttreatment specimens.
Furthermore, incorporating reinforcement learning from pathologist
feedback® will align model outputs more closely with clinical expertise,
bolstering clinical trust and accuracy. This can be complemented by
integrating up-to-date knowledge from clinical guidelines and insti-
tutional protocols via retrieval-augmented generation®, ensuring
its outputs remain current and aligned with best practices. Finally,
enhancing SlideChat with tool-using capabilities to invoke specialized
Al models will broaden its application, such as enabling precise cell
counting, segmentation or object localization in quantitative pathol-
ogy. These advancements will steer the evolution of SlideChat from
aslide-level assistant toward a comprehensive, case-level partner in
pathology diagnostics and patient care.

Methods

Ethics statement

Allresearch complied with relevant ethical regulations. The use of the
retrospective MOP cohort data was approved by the Medical Ethics
Committee of Eastern Hepatobiliary Surgery Hospital, Naval Medical
University (approval number EHBHKY2025-K042-P001). The require-
ment for informed consent for the MOP cohort was waived by the
Medical Ethics Committee of Eastern Hepatobiliary Surgery Hospital
because the cohort comprised retrospectively collected de-identified
data. The remaining datasets (TCGA, CPTAC, BCNB and HISTAI) are
publicly available and were used in accordance with their access and
usage policies. Sexand gender information were not collected or used
in model training or evaluation; therefore, no sex- or gender-based
analyses were performed.

Curation of SlideInstruction

To develop SlideChat, we curated Slidelnstruction, a large-scale
instruction-following dataset derived from WSI-report associationsin
the TCGA” cohort. These include (1) one report linked to multiple WSIs
and (2) one-to-one WSI-report pairs. For the former, we retained all
WSIstointroduce controlled label noise, improving robustness under
real-world variability. For the latter, 80% were randomly selected for
Slidelnstruction and 20% reserved for benchmarkingin SlideBench. In
total, 8,583 WSIs with reports were included. Raw reports were cleaned
using GPT-4 to remove noise, administrative metadataand redundancy,
producing concise, diagnostically focused text to construct WSI-cap-
tion and instruction data in Slidelnstruction.

For WSI-caption data, we leveraged GPT-4 to distill each cleaned
reportintoaconcise, clear and clinically informative paragraph captur-
ingkey findings. These summaries provide high-quality slide-level tex-
tual representations for training SlideChat (Extended Data Fig. 1a). For
instruction data, GPT-4 generated diverse QA pairs per WSIto emulate
clinical workflows, grouped into ‘microscopy’, ‘diagnosis’ and ‘clinical’
(Extended DataFig.1b). The microscopy group covers histopathological
changes, cytomorphology, tissue architecture and tumor character-
istics, emphasizing morphological recognition. The diagnosis group
includes disease detection, classification, grading, differential diagnosis
and staging, requiring integrative reasoning. The clinical group com-
prises biomarker analysis, prognostic assessment, treatment guidance
andrisk factors, linking image features to clinical decisions.

Before full-scale curation, we conducted a human-in-the-loop
validation. First, we prompted GPT-4 to generate an initial batch of
approximately 5,000 instruction pairs, which were then audited by
board-certified pathologists, revealing a 36% rejection rate owing to

insufficient visualdependency orincorrect task categorization. We then
iteratively refined prompts by incorporating subcategory definitions
(Supplementary Table 1) and enforcing visual understanding, reducing
the rejection rate to less than 5% and ensuring that the final prompts
(Extended DataFig. 6) yielded clinically relevantinstructions for full-scale
data curation. Toenhance topical diversity and reduce redundancy, multi-
ple QA pairs were generated per WSI, followed by semantic deduplication
using Sentence-BERT*’ embeddings witha cosine similarity threshold of
0.7. Consequently, Slidelnstruction contains 8,583 WSI-caption pairs
and 265,650 instruction-following samples, totaling 274,233 training
instances and providing rich supervision for SlideChat training.

Curation of SlideBench

To evaluate SlideChat, we curated SlideBench, an expert-reviewed
benchmark involving five cohorts, comprising SlideBench-Closed,
SlideBench-Open and SlideBench-Report. Data from the TCGA cohort
were drawn from the held-out 20% split, ensuring no overlap with
Slidelnstruction. Annotation and validation were performed by three
board-certified pathologists (with 3, 6 and 8 years of experience). We
provide the prompts for curating Slidelnstruction and SlideBench via
LLMin Extended DataFig. 6.

SlideBench-Closed comprises 8,836 expert-reviewed
multiple-choice questions from five cohorts to assess the closed-ended
VQA. For TCGA, GPT-4 generated candidate questions, options and
answers across 13 task categories. To ensure visual dependency, we
applied LLM-based filtering*, excluding questions answerable by at
least three of four text-only LLMs (that is, GPT-4, InternLM2-Chat-7B*,
Qwen-7B-Chat* and DeepSeek-7B-Chat**) withoutimages. The remain-
ing pairs were independently reviewed by pathologists. Examples of
accepted and rejected items are shown in Extended Data Fig. 7. Each
QA pair was verified to require visual inspection, ensure clinical clarity
and correct task categorization; invalid items were revised or removed.
Thisyielded 3,176 TCGA QA pairs.

The remaining cohorts were incorporated to test out-of-domain
generalization. For BCNB, 4,232 QA pairs were derived from four estab-
lished classification tasks: ER status, PR status, HER2 status and tumor
subtype classification. CPTACincluded 240 QA pairs on subtypeiden-
tificationacross four cancer types: UCEC, LSCC, LUAD and CM. HISTAI
contributed 769 QA pairs across breast, skin and colorectum, tasked
with diagnosing distinct diseases. MOP provided 419 QA pairs derived
fromroutine diagnostic cases in11 organ systems, testing the ability to
differentiate between malignant and benign organ-specific conditions.

SlideBench-Open was built from the TCGA cohort for open-ended
VQA evaluation. Specifically, we first generated candidate questions
fromreports using GPT-4. Each candidate was reviewed by the patholo-
gist panel to ensure that the question was clinically relevant, clearly
wordedand groundedintheslide. Irrelevant or ambiguous questions
were discarded or revised for clarity. The final set contains 129 ques-
tions spanning the same 13 task categories, grouped into broader
domains of microscopy, diagnosis and clinical decision-making.

SlideBench-Report evaluates free-text report generation. It
includes 3,149 reports from TCGA (n=1,547), CPTAC (n =38), HISTAI
(n=1,145) and MOP (n = 419). TCGAreports were cleaned to retain diag-
nostic content. CPTAC reports were newly authored by pathologists
based on WSIreview. HISTAl reports were constructed fromstructured
metadata, while MOP reports were derived from de-identified clinical
records. These reports reflect expert-level diagnostic language, with
emphasis on morphological specificity, terminological accuracy and
clinical coherence, thus providing high-quality targets for evaluation
inreal-world settings.

SlideChat model architecture

SlideChat adopts a hierarchical vision-language architecture with
four modules: (1) a patch-level vision encoder, (2) a slide-level vision
encoder, (3) aconnector and (4) an LLM.
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The patch-level vision encoder is initialized from CONCH?,
a ViT-B/16 (ref. 45) model pretrained on large-scale pathology
image-text pairs using a CoCa-style loss*°. Given a WSI, we tile it into
non-overlapping 224 x 224 patches, X = [x;,...,x,,], where Mis the total
number of patches, typically ranging within [10*, 10°]. Each patch is
mapped by the patch-level encoder E,,,.., to an embedding with dimen-
siond,;; =768

Pi = Epacch (X;) € R%s, Q

yielding along sequence of patch-level tokens P = [py, ..., py] € RMxdvis,
Epaenis frozen throughout the training. To capture global context with-
out prohibitive computational cost, we follow LongNet* to implement
ourslide-level vision encoder Eg;4., which consists of two transformer
layers with dilated global attention. Token sequence Pis projected to
form the queries, keys and values; partitioned into segments; and
processed in parallel via dilated attention. Outputs are concatenated

to produce slide-level tokens with near-linear complexity:

S = Egige(P) € RM*his, (2)

with S =[s,,...,s,]. Please refer to LongNet? for details. After the
slide-level processing, we use alightweight connector E,,, (that is, two
multilayer perceptrons with Gaussian Error Linear Unit activation®’)
to map each slide-level visual token s; to language space, producing a
language-aligned visual token:

Vi =Econn(S) € Rang 3)

forming a visual token sequence V = [v, ..., vy| € RM*dns  The LLM is
Qwen2.5-7B-Instruct*® with hidden dimension di,,, = 4,096.

During inference, visual tokens V are concatenated with textual
tokens Tto formthe input multimodal token sequence for LLM, where
T=[t,....t;] € Rbxdue contains L tokens embedded from the user
instruction via byte-pair encoding tokenization*. The decoder-only
LLM autoregressively generates response tokens, with cross-modal
fusion handled natively in its transformer layers.

SlideChat model training

SlideChat is trained in two stages: cross-domain alignment and
visual instruction learning. The first stage aligns WSI-derived visual
tokens with the LLM input space via a WSI-captioning task, enabling
interpretation of slide-level representations, while the second stage
focuses on visual question-answering task and enables accurate
responses to domain-specific WSI queries. Both stages share a uni-
fied maximum-likelihood objective. Let f,,cxpone aNd freaq denote the LLM
backbone and head, 8the trainable parametersin a specific stage and
Ythe full token sequence:

Y= t, sty Vi, Vs Ap, e, |- 4)

instruction tokens visual tokens response tokens

Then, the training objective is given by:

£(0)=- Z log pg (Ve | Vi:k-1) » %)
kex

Po (yk’ l, Yl:k—l) = softmax(fhead(hy)), (6)

hk =fbackbone(y1:k—1)’ @)

where % is aset of textual tokenindices, and h,denotes the LLM hidden
states at the kth step. The full response token sequence, after byte-pair
encoding de-tokenization, reconstructs the final human-readable
response.

In the first stage, we use 8,583 WSI-caption pairsin Slidelnstruc-
tion, where the user queries asummary of the WSI. Only the slide-level
encoder and connector are updated. This stage runs for 3 epochs on
eight A100 GPUs (80 GB) with abatch size of 1 per GPU, taking approxi-
mately 3 h, using AdamW?° optimizer with a learning rate of 1 x 107
and no weight decay. In the second stage, the slide-level encoder, the
connector and the LLM are jointly optimized using 265,650 QA pairsin
Slidelnstruction. This stage runs for 1 epoch with the same batch size
and optimizer, using a learning rate of 2 x 107 and no weight decay.
Total training time is approximately 24 h on the same hardware setup
(Supplementary Table 19).

Evaluation of closed-ended VQA

We evaluated closed-ended VQA on SlideBench-Closed. Four strong
MLLM baselines were included for comparison: GPT-40%, MedDr?,
Quilt-LLaVA" and LLaVA-Med?. As these models cannot directly pro-
cess gigapixel WSIs, we adapted themusing anindependent patch vot-
ing strategy. Specifically, for each WSI, we applied K-means clustering
totissue patches and selected 30 representatives. Each patch-question
pair was processed independently, producing 30 predictions, which
were aggregated via majority voting into aslide-level answer. SlideChat
outperformed these patch-level models (Extended Data Fig. 8a). We
also evaluated two alternative adaptation strategies for patch-level
baseline models: slide thumbnail input (resizing a WSI to a 512 x 512
thumbnail; Extended Data Fig. 8b) and joint multipatch input (feeding
multiple patchesjointly into the model; Extended Data Fig. 8c). Across
allsettings, patch-level models underperformed compared with Slide-
Chat, which directly processes full WSIs and achieves higher accuracy.
We further assessed the robustness of the patch voting strategy via
sensitivity analysis over different patch numbers (10, 20, 30, 40) and
selection methods (Extended Data Fig. 8d). Performance remained
stable across patch counts, and K-means clustering-based selection
consistently outperformed random sampling.

During evaluation, model outputs were matched to reference
answers. For free-text responses, GPT-4 was used as an adjudicator to
assess semantic consistency, ensuring fair comparisonacross formats.
We also conducted five independent runs using different sampling
seeds for SlideBench-Closed. The mean and 95% confidence inter-
vals across runs are summarized in Supplementary Tables 20-24 and
Extended Data Fig. 8e. The consistently narrow intervals show Slide-
Chat’s stable predictions.

Evaluation of open-ended VQA

We evaluated SlideChat’s free-form diagnostic response on
SlideBench-Open. For patch-level baselines (GPT-40, MedDr,
Quilt-LLaVA and LLaVA-Med), we follow the aforementioned independ-
ent patch voting strategy to adapt them to WSlinput. By contrast, Slide-
Chat jointly encodes the entire slide and question, allowing for more
whole-slide-informed and coherent outputs (Extended Data Fig.4b). All
responses were anonymized, randomized and thenevaluated by three
board-certified pathologists independent of dataset construction.
Each response was independently scored across five criteria (that is,
accuracy, relevance, completeness, clarity and clinical applicability) on
afive-pointscale ranging from1(insufficient) to 5 (excellent). Criteria
aredefinedin Supplementary Table1l, and interexpert agreement was
quantified to ensure reliability.

Evaluation of pathology report generation

We used SlideBench-Report to evaluate SlideChat’s capability to gener-
atediagnostic reports. SlideChat was compared against HistoGPT* and
PRISM*, two specialized report-generation models. Allmodels received
identical WSIsand generated slide-level reports (Extended DataFig. 9).
Evaluation used standard natural language processing metrics, includ-
ing BLEU*®, ROUGE-L* and METEOR?*. These metrics measure n-gram
overlap but may not capture semantic quality. We further used GPT-4
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as ajudge to assess accuracy, completeness, clinical relevance and
professional language, providing a more comprehensive evaluation.
We additionally evaluated SlideChat over fiveindependent runs using
distinct sampling seeds for SlideBench-Report. Mean performance and
95% confidenceintervalsarereportedin Supplementary Tables 25-28.

Ablation studies

Ablation studies on SlideBench-Closed (Extended Data Fig. 10a) vali-
date key components. We first evaluated the necessity of slide-level
encoder; removing it resulted in convergence failure during stage 1.
Whenwe tested an alternative variant without slide-level encoder using
only stage 2 (row 1in Extended Data Fig. 10a), the accuracy dropped
significantly across the TCGA, BCNB and CPTAC cohorts compared with
our default version (row 3), confirming the critical role of slide-level
encoder in modeling gigapixel-scale context. We then assessed the
training efficacy by comparing our two-stage strategy against joint
single-stage training. The results showed that the two-stage approach
(row 3) consistently outperformed the single-stage counterpart (row
2), showing that progressive alignment is critical for bridging visual
and language modalities.

Computational efficiency

We report the computational resources required for SlideChat infer-
ence by measuring GPU memory and end-to-end runtime across
different patch-token counts (Extended Data Fig. 10b,c). Both scale
approximately linearly with input size. For WSIs with up to 20,000
patches, inference completes in 10 s using less than 20 GB memory,
showing SlideChat’s practical feasibility on standard hardware.

Analysis of potential performance bias

Weimplemented a class-balanced sampling strategy during SlideChat
training to mitigate cancer type imbalance. To further examine whether
such imbalance induces systematic performance bias, we analyzed
the correlation between training sample size and accuracy across 31
cancer types in SlideBench-Closed. No significant correlation was
observed (Spearman p = 0.035, P= 0.824) (Extended Data Fig.10d), sug-
gesting that SlideChat does not systematically favor high-prevalence
cancer types.

Question-guided interpretability

To better understand how SlideChat uses visual information when
answering specific clinical queries, we designed a question-guided
interpretability method based on token-level attention analysis. Spe-
cifically, we identify WSI-derived visual tokens and aggregate their
attention weights across all attention heads and layers in the LLM.
Averaging these yields a single attention score per token, quantify-
ing its contribution to the generated response. These scores are then
mapped back to their spatial locations on the WSI, producing a heat
map thathighlights whichregions SlideChat attended to most strongly
inthe context of the given question (Extended Data Figs.3 and 4c). This
provides intuitive insight into SlideChat’s decision process and visual
evidence supporting its responses.

Beyond attention maps, we conducted a patch-level perturba-
tion experiment to validate SlideChat’s dependence on meaning-
ful visual evidence. For each WSI, we corrupted patches with the top
25% and bottom 25% attention scores using Gaussian noise, respec-
tively, and test SlideChat’s output. We observed that the former led
toasignificantly sharper performance decline compared to the latter
(Extended Data Fig.10e), confirming that SlideChat relies oninforma-
tive visual regions when generating responses.

Comparison with representational foundation models

We distinguish SlideChat from current pathology foundation models
such as CONCH?®, TITANY, CHIEF'® and Prov-GigaPath®. These models
function as visual encoders that require task-specific fine-tuning (for

example, training separate classifiers) to perform diagnostic tasks.
By contrast, SlideChat is an interactive MLLM that interprets WSIs
through natural language, addressing queries without task-specific
adaptation. We compared SlideChat against these models on four
BCNB classification tasks (Extended Data Fig. 10f). Foundation mod-
els were fine-tuned using fivefold cross-validation, while SlideChat
was evaluated in a zero-shot conversational setting yet achieved
comparable performance.

Analysis of the clinical fidelity of SlideInstruction data

To assess the clinical fidelity and potential bias in our Slidelnstruc-
tion dataset, we curated two clinician-authored datasets for com-
parative benchmarking: Slidelnstruction+ and Slidelnstruction++.
Slidelnstruction+ comprises 436 QA pairs manually authored by four
board-certified pathologists across 11 tumor typesin TCGA, capturing
real-world reasoning patterns. Slidelnstruction++scales thisto 10,386
QA pairs by extracting ten high-frequency diagnostic categories (for
example, morphology, subtyping and staging) from Slidelnstruction+
and using clinician-written seed exemplars to guide LLM-based data
curation, followed by manual review by experts to ensure factual accu-
racy and alignment with standard diagnostic criteria.

We compared SlideChat variants trained on these datasets against
the default model trained on the original SlideInstruction dataset
(Extended DataFig.10g). Across the SlideBench-Closed cohorts, adding
clinician-authored instructions or clinician-verified synthetic expan-
sions yielded consistent but modest improvements. This suggests that
the original Slidelnstruction dataset captures sufficient clinical signals
for developing strong pathology models without the prohibitive cost
of large-scale manual curation.

Statistics and reproducibility

Thisstudy was primarily based on retrospective and publicly available
datasets; no randomization of patients, specimens or slide-level data
pairswas performed. Randomization was applied only in the prospec-
tive reader study, in which the order of cases was randomized and the
assisted and unassisted reading conditions were counterbalanced
across readers. Blinding was used only in expert evaluation experi-
ments: pathologists were blinded to modelidentity in the open-ended
QA evaluation and the reader study. For dataset curation, model devel-
opmentand automated benchmark evaluation, blinding was not appli-
cable or was not performed. No additional post hoc exclusions were
applied when benchmarking. We filtered out tiles with low tissue occu-
pancy as background during model development. Data distribution was
assumed to be normal, but this was not formally tested. No statistical
methods were used to predetermine sample sizes, but our sample sizes
were similar to those reported in previous publications®'***,

We estimate 95% confidence intervals using non-parametric
bootstrapping® with 1,000 replicates and assess performance differ-
ences between models using a two-sided Wilcoxon signed-rank test>?,
reporting the corresponding Pvalues for statistical significance. Unless
stated otherwise, we applied the Benjamini-Hochberg procedure to
adjust Pvalues for the false discovery rate (FDR) to control for multiple
comparisons. Specifically, corrections were applied across task-level
comparisons for the SlideBench-Closed and across organ-level com-
parisons for the SlideBench-Report benchmark.

Computing hardware and software

Allexperiments wereimplemented using Python (v3.10.15) and PyTorch
(v2.4.0) with CUDA12.1support. The experiments are fully reproducible
using the open-source libraries listed below. WSI preprocessing was
performed using OpenSlide (v3.4.1) and openslide-python (v1.4.1), with
eachslidetiled into non-overlapping 224 x 224 patches at x20 magni-
fication. Our model was developed based on the Xtuner framework
(https://github.com/InternLM/xtuner). Training was conducted on
eight NVIDIA A100 GPUs, and inference was carried out using a single
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NVIDIA A100 GPU. To accelerate training, we used Flash Attention
(v2.5.8) and DeepSpeed (v0.16.1). For baseline comparison, we used
Faiss (v1.8.0) to perform K-means clustering for selecting representa-
tive patches. Pandas (v2.2.3) was used to perform random sampling
during the non-parametric bootstrapping procedure (1,000 itera-
tions) to estimate 95% confidence intervals for all reported metrics.
Visualization of model outputs and evaluation results was performed
using matplotlib (v3.9.3) and seaborn (v0.13.2).

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The TCGA and CPTAC datasets, including whole-slide images and
associated labels, are publicly available through the NIH Genomic
Data Commons (https://portal.gdc.cancer.gov) and the Proteomic
Data Commons (https://proteomic.datacommons.cancer.gov),
respectively. The extracted TCGA pathology reports are available at
https://github.com/tatonetti-lab/tcga-path-reports. The BCNB data-
set, including whole-slide images and diagnostic labels, is available
at https://bcnb.grand-challenge.org/. The HISTAI dataset, including
metadata and whole-slide images, is available at https://github.com/
HistAl/HISTAL The SlideChat training and evaluationbenchmark data
arereleased at https://huggingface.co/datasets/General-Medical-Al/
SlideChat. The MOP cohort was collected under aretrospective study
approved by the Eastern Hepatobiliary Surgery Hospital (approval
number EHBHKY2025-K042-P001). The MOP cohortis subject to con-
trolled access owing to patient privacy obligations and institutional
datagovernance requirements. Requests for access may be submitted
tothe corresponding author withabrief research planand are subject
toinstitutional approval and completion of a data use agreement. We
aim to respond to all data access requests in 4 weeks. Data usage is
restricted to non-commercial academic research purposes. Source
dataare provided with this paper.

Code availability

The source code for model training and inference is publicly avail-
able at https://github.com/uni-medical/SlideChat. The model
weights are available at https://huggingface.co/General-Medical-Al/
SlideChat_Weight.
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/Q: Deliver a compact explanation of the pivotal findings in pathology as\

revealed by the whole slide image.

A: The pathological examination reveals a poorly differentiated
transitional cell carcinoma of the bladder with significant lipoid cell
component, extending through the bladder wall to involve the
perivesical fat. The tumor exhibits areas of necrosis, significant
perineural invasion, and potential lymphovascular invasion, with a
sparse lymphocytic infiltrate at the tumor-host interface. The overlying
epithelium is largely denuded where present. The overall pathological
staging of this malignancy is pT3b pNO pMx, indicating tumor extension
beyond the bladder without nodal involvement and an indeterminate
\distant metastatic status. J

4 N
Q: Create a summary that conveys the key pathological findings
effectively from the whole slide image.

A: The pathological findings reveal a diagnosis of mucinous adenocarci-
noma, low grade and moderately differentiated, located in the cecum.
The tumor forms a fungating, ulcerative mass with an infiltrating border,
invading through the muscularis propria. No lymphovascular, extramural
venous, or perineural invasion is observed. A marked peritumoral
lymphoid response, including a Crohn-like infiltrate, is noted, along with
residual adenoma. The tumor stage, according to the AJCC Classifica-
tion (6th edition), is staged as T3 NX MX.

N w4

Y

A\

“2mm

Tissue Architecture and Arr

Q: Describe the spatial organization of the liver tissue tumor section seen in
the slide.

A: The liver tissue displays a nodular architecture with the hepatocellular
carcinoma presenting a lobulated and circumscribed nodule. The nodule
exhibits focal necrosis and is surrounded by gray-white fibrous septa.

Cytomorphological Characteristics

Q: What are the key nuclear features of cells?

A: Nuclear features in prostate adenocarcinoma include enlarged nuclei,
prominent nucleoli, and occasionally hyperchromatic chromatin, reflecting
atypical proliferative activity.

Disease Detection
Q: Are there any signs of neoplasia in the adrenal gland?

A: No, the adrenal gland shows no evidence of neoplasia and no
significant pathologic changes.

Disease Classification

Q: What histological type of thyroid carcinoma was identified in the pathology
image?

A: The histological type of thyroid carcinoma identified is papillary carcinoma,
follicular variant, with focal trabecular growth and oncocytic change.

Grading

Q: What grade is assigned to the adenocarcinoma in the anterior basilar
right lower lobe?

A: The adenocarcinoma in the anterior basilar right lower lobe is assigned a
Grade 1, indicating it is well differentiated.

2:m
Prognostic Assessment
Q: Given the pathological features described, what is the likely 5-year
survival rate for this patient?
A: Patient with stage pT1 renal cell carcinoma has a favorable prognosis,
— with reported 5-year survival rates typically over 90%, due to the tumor being
2mm

small and confined to the kidney with no local or distant spread.

Risk Factors

Q: What is the primary environmental risk factor for this patient?

A: Ultraviolet (UV) radiation exposure is the primary environmental risk factor
for melanoma. It originates mainly from sunlight, as well as from artificial
sources like tanning beds and lamps. UV radiation can cause direct DNA
damage in skin cells, leading to mutations that may result in the development
of melanoma.

Extended Data Fig. 1| Examples of the SlideInstruction dataset. a, Examples
of WSI-caption pairs. Raw diagnostic reports are parsed to extract concise
summaries that highlight key pathological descriptions, forming instruction-
style captions for WSI-language alignment during the first training stage of

(" Q: Create a detailed description that summarizes the essential patho[ogD

cal findings from the whole slide image.

A: The pathological evaluation of the resected left brain mass revealed a
diagnosis of Glioblastoma Multiforme (WHO Grade IV), a highly
malignant primary brain tumor. The specimens, encompassing ovoid and
multiple pieces of soft tissue, were processed for both frozen section and
permanent section analysis. The tumor displayed characteristic features
of glioblastoma, with high-grade malignancy as WHO classification.
Margin status and lymph node involvement were not applicable or
addressed in this intracranial lesion assessment. No other notable
pathological alterations were observed in the submitted tissue sections.

N J

/Q: Formulate a clear exposition discussing the core pathological\

discoveries visible in the whole slide image.

A: The histopathological examination reveals an invasive squamous
keratinized carcinoma (Carcinoma planoepitheliale keratodes invasivum
laryngis) of the larynx, diagnosed as G2. The tumor is located primarily in
the subglottal region with infiltration into the glottis. Importantly,
microscopic analysis indicates that the tumor involves the anterior
commissure and shows neoplastic proliferation at the front incision line,
accompanied by a high degree of epithelium paraepidermoidale
dysplasia. The tumor staging is pT4a, suggesting a more advanced local
invasion. These findings collectively signify a locally advanced, but
resected, invasive squamous keratinized carcinoma with front marginal

\mvolvement and regional metastatic spread. )

Tumor Characteristics

Q: Describe the primary tumor characteristics noted in this endometrium and
their significance.

A: The primary tumor in the endometrium is described as a poorly
differentiated adenocarcinoma of the endometrioid type, FIGO Grade 3, which
indicates 51 to 100% solid growth pattern. This indicates an aggressive tumor
with high-grade histological features.

Histopathological Changes

Q: Describe the histopathological changes seen in the liver tissue
surrounding the hepatocellular carcinoma nodule.

A: The liver tissue exhibits bridging fibrosis, which is ndicative of advanced
hepatic fibrosis where fibrous septa bridge portal tracts and central veins,
reflecting chronic liver damage often associated with cirrhosis.

Staging

Q: Discuss the pathologic TNM staging of the prostate carcinoma identified
during the radical prostatectomy.

A: The pathologic TNM staging for the identified prostate carcinoma is pT2c
NO Mx. This indicates that the tumor is organ-confined without extracapsular
extension (pT2c), there is no regional lymph node metastasis (N0), and the
presence of distant is cannot be d (Mx).

Differential Diagnosis

Q: Why is oncocytoma ruled out as a differential diagnosis in this case?
A: Oncocytoma is ruled out due to the presence of invasion through the
renal capsule and perinephric tissue, which is a characteristic of malignant
rather than benign tumors like oncocytoma. Additionally, the cellular
morphology of chromophobe renal cell carcinoma differs from oncocytoma
due to less granular cytoplasm and more pronounced cell borders.

Biomarker Analysis
Q: Which biomarker can help determine the prognosis?
A: PD-L1 expression is an important biomarker that can help determine the
prognosis of malignant melanoma. It plays a significant role in the cancer's
ability to evade the immune response. High levels of PD-L1 expression on
tumor cells often indicate a more aggressive form of melanoma, which can
lead to poorer outcomes.

Treatment Guidance

Q: What is one treatment approach for lung metastases in this patient?

A: Systemic chemotherapy is a common and effective treatment approach
for lung metastases, especially in cases of adenocarcinoma. Given the
extensive involvement of lymph nodes and prominent lymphatic permeation
observed, chemotherapy can help in targeting metastatic cancer cells that
have spread beyond the primary tumor site.

SlideChat. b, Examples of instruction-style question-answer pairs, generated
from raw pathology reports across multiple groups to guide the model toward
understanding and responding to complex pathology instructions.
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4 N
Q: What is the AJCC 2002 Pathologic Stage ¢
of the invasive urothelial carcinoma of the B> SlideChat C.pT3
bladder as observed in the provided whole | e mmmmmmmmm -
slide image? _> GPT-40 B pili2

A.pT1 B.pT2 C.pT3 D.pT4

— MedDr — B pT2
— Quilt-LLaVA <A pT1
Representative pa’(ches_> LLaVA-Med -

B GPT-40 — B. pT2
e MedDr - B pT2

' —> Quilt-LLaVA <fApTI
Slide thumbnail D

I

,_
-
<
>
=
g

(>

Q: Analyze the provided histological image

showing the cellular architecture within the -3 SlideChat — A. Invasive Ductal Carcinoma Q
ducts. Wh’?t isitheimostprobablc A @ ==z T i e e e, e T e T =
diaghgs e ’ GPT-40 « a Invasnve Ductal Carcinoma Q

A. Invasive Ductal Carcinoma
B. Lobular Carcinoma

C. In Situ Ductal Carcinoma
D. In Situ Fibroadenoma

MedDr B, Lobular Carcinoma (%]
Quilt-LLaVA <Al Invasive Ductal Carcinoma | (@

LLaVA Med ~ESHBRCHEHORNII ©

— GPT-40 = A Invasive Ductal Carcinoma Q
D MedDr ¢ |, situ Ductal Carcinoma @
—  Quilt-LLaVA ~{&linSitu Ductai Carainema | €

Stde thumbrall  ———> L avA-Med ~<{BliSHuBRaEE ©

\_ J
(Q: What is the arrangement of the tumor mass ) > SlideChat B. Tumor forms a localized mass in the superior Q
observed in the superior endometrium on the anterior and partly posterior endometrium.
histological secton? ..} | M- eeeEEeEeeMEEMsssmE-esssmm-mmm—m--=a.
A. Tumor is diffusely spread throughout the GPT-40 A. Tumor is diffusely spread throughout the e
endometrium with poorly defined margins. _> endometrium with poorly defined margins.
B. Tumor forms a localized mass in the superior
anterior and partly posterior endometrium. : ) MedDr A. Tumor is diffusely spread throughout the e

C. Tumor shows scattered nests of cells endometrium with poorly defined margins.

throughout the myometrium. . _> .
D. Tumor invades fully through the endometrium > Quilt-LLaVA ~ C. Tumor shows scattered nests of cells e

and heavily infiltrates myometrium. throughoutthe myometrium.
Representative patches >

GPT-40 ~ B. Tumor forms a localized mass in the superior Q

_> anterior and partly posterior endometrium.
e MedDr  A. Tumor is diffusely spread throughout the
endometrium with poorly defined margins. e
; ’ WA i : e Quilt-LLaVA = C. Tumor shows scattered nests of cells | e
; ) i Slide thumbnail > | throughout the myometrium.
L ; LLaVA-Med
. y R o
Extended Data Fig. 2| Comparison between SlideChat and patch-level patch-level models failed to correctly identify the invasive stage (pT3), likely due
models on complex examples. Patch-level models can struggle with high-level to their inability to integrate spatial context across the entire slide. In contrast,
reasoning tasks such as pathologic staging, tumor subtyping, and describing SlideChat correctly analyzed the global architecture to provide the accurate
global tumor arrangement. For instance, ina challenging bladder cancer case, stage.
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WSl Question-to-Image Heatmap

Question-to-Image Heatmap ROI

Question: Based on the cytological features visible in the histological image, which

Question: According to the histopathological features visible in the image, which
nuclear characteristic best supports a diagnosis of adenocarcinoma? architectural pattern is most evident in this breast carcinoma?
A. Hyperchromatic nuclei with irregular contours
B. Small, round nuclei with uniform chromatin

C. Eccentrically located nuclei with pale, finely dispersed chromatin

A. Sheets of tumor cells with minimal stromal response
D. Multinucleated giant tumor cells

B. Irregular glandular formations embedded within fibrous stroma

C. Well-formed papillary fronds with fibrovascular cores
D. Non-invasive proliferation confined to pre-existing lobules
I ( SlideChat: A. Hyperchromatic nuclei with irregular contours ) I [ SlideChat: B. Irregular glandular formations embedded within fibrous stroma )
b ) e
WSl Question-to-Image Heatmap ROI WSl

Question-to-Image Heatmap ROI

Question: Based on the architectural pattern observed in the invasive tumor Question: Based on the histopathological image provided, which change in the
component of the histological image, which tissue arrangement is most evident? surrounding stroma can be identified around the invasive ductal carcinoma cells?
A. Predominantly solid sheets lacking glandular differentiation A. Aggregates of epithelioid histiocytes forming granulomas

B. Irregularly formed glands infiltrating the surrounding stroma

C. Diffuse stromal fibrosis without identifiable tumor structures

B. Dense fibrous stromal reaction separating infiltrating tumor glands
D. Parallel alignment of uniform tumor cells

C. Areas of adipocyte necrosis with chronic inflammatory infiltrates
D. Sheets of lipid-laden macrophages within the tumor stroma
I [ SlideChat: B. Irregularly formed glands infiltrating the surrounding stroma ) I ( SlideChat: B. Dense fibrous stromal reaction separating infiltrating tumor glands )
c ! f
WSl Question-to-Image Heatmap ROI WSl

Question-to-Image Heatmap

ROI

Question: Considering the degree of gland formation and cytological atypia visible Question: Based on the image, which pattern best describes how the tumor cells
in the image, which histological grade best applies to this adenocarcinoma? are spatially arranged within the invasive component?

A. Poorly differentiated (G3) A. Diffusely infiltrating single tumor cells

B. Moderately differentiated (G2) B. Cohesive sheets and nests of tumor cells embedded in fibrous stroma

C. Well differentiated (G1) C. Linear “single-file” infiltration of tumor cells between stromal elements

D. Undifferentiated (G4) D. Circular arrangements of tumor cells forming rosette-like structures

I [ SlideChat: B. Moderately differentiated (G2)

] I [ SlideChat: B. Cohesive sheets and nests of tumor cells embedded in fibrous stroma
Extended DataFig. 3 | Question-guided attention heatmaps based on prompt queries cytology or differentiation. d-f, In a breast carcinoma case, the
different queries, demonstrating how SlideChat reallocates focus based on model distinctly attends to fibrous stroma versus tumor nests when the inquiry
the specific diagnostic question. a-c, In an adenocarcinoma case, attention shifts from stromal reaction to cellular arrangement.
shifts from nuclear details to glandular architecture depending on whether the
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a
m SlideChat GPT-40 MedDr Quilt-LLavA B LLaVA-Med
Overall Microscopy Diagnosis Clinical
5 5 5 l 5
| | | | | |
4 4 4 4
l | il | , , ! il |
03 03 03 1 03
3 3 3 ‘ 8
200 Dy Do @2
1 1 1 ; 1
0 ‘ 0 - 0
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( GPT-40: The differential diagnoses for the malignant neoplasm from the biopsy of the right h
arm, based on spindle-cell morphology, include:
1. Sarcomas: - Undifferentiated pleomorphic sarcoma - Leiomyosarcoma - Synovial
sarcoma - Fibrosarcoma - Malignant peripheral nerve sheath tumor (MPNST) - Dermatofi-
brosarcoma protuberans (DFSP) - Angiosarcoma - Rhabdomyosarcoma - Liposarcoma
2. Melanoma: - Spindle cell variant - Desmoplastic melanoma
3. Carcinomas: - Sarcomatoid carcinoma - Metastatic carcinoma (including squamous cell
carcinoma)
4. Other considerations: - Atypical fiboroxanthoma (AFX) - Lymphoma - Metastatic disease -
Desmoplastic malignant melanoma
Further diagnosis requires immunohistochemistry, molecular studies, and clinical correlation

Question: What differential diagnosis should be
considered for the malignant neoplasm described
in the biopsy of the right arm before final diagnosis
was made?

Reference answer:
metastatic carcinoma

Malignant melanoma or

\to narrow down these possibilities and establish a definitive diagnosis. )
- T —— " —n SR
T SlideChat: The differential diagnosis for the malignant neoplasm described in the biopsy . ’ . : . . : i
of the right arm initially includes several possibilities. The primary considerations are xeh‘:Z;h-r;ilﬂzf:;zrgﬁgﬂﬁg2‘?}':;2[‘;'gzlrlegafg;g;;"ﬂg?:;;zgiﬂisigm;h:ntz"orzz'az;tr:ea
sarcoma and melanoma. Sarcoma is a broad category that encompasses various types of 9 - 59 ’ § y

connective tissue tumors, which can occur in the skin, and melanoma is a type of skin
cancer that arises from melanocytes. Both conditions can present as pigmented lesions,
which aligns with the description of the lesion being pigmented and ulcerated.

4 N\
Quilt-LLaVA: The differential diagnosis for a malignant neoplasm in the biopsy of the right
arm can be broad, including possibilities such as soft tissue sarcomas, lymphomas,
metastatic tumors from other primary sites, or, less commonly, skin cancers like melanoma,

However, the differential diagnosis process would typically involve considering other
potential diagnoses that could present similarly. For instance, other types of skin tumors
such as squamous cell carcinoma, neuroendocrine tumors, or even certain lymphomas
could be considered, depending on the clinical context and additional histological features.

The pathology image further supports the diagnosis of melanoma with the description of
the tumor's characteristics, such as its pigmented nature, ulceration, and the presence of
satellite nodules. The Breslow's depth of 5 mm and the Clark's level IV also provide
important diagnostic information, indicating a more advanced lesion. The absence of
venous invasion and uninvolved margins are additional factors that help refine the
diagnosis and rule out other potential conditions.

basal cell carcinoma, or squamous cell carcinoma. Determining the exact type of malignancy
would depend on further investigation, requiring specific cellular and architectural features
from the biopsy, histological examination, and possible immunohistochemical or molecular
testing. This testing helps to identify distinguishing characteristics such as cell morphology,
L staining patterns, or genetic markers, which are necessary for a definitive diagnosis. )

( LLaVA-Med:The differential diagnosis for the malignant neoplasm described in the biopsy of\
the right arm should include sarcoma, lymphoma, metastatic carcinoma, metastatic
melanoma, and leukemia. It's important to consider these possibilities to determine the most
\. likely cause and guide further diagnostic tests and treatment options. P,

h fQuestion: Is the tumor well, moderately, or poor[y\

Question: What is the pathological stage (pTNM) of the
tumor according to the AJCC classification?

G

Question: What histological features can be
observed in this lung tissue?
J

differentiated? What features support this classifica-

jon?
\non. )

SlideChat: The pathological stage of the tumor is pT2, pN1,
pMx according to the AJCC classification. This staging
indicates that the primary tumor is classified as T2, which
means it is greater than 2 cm but not more than 5 cm in its
greatest dimension. The N1 classification indicates that there
is metastasis in 1 to 3 axillary lymph nodesThe Mx

(SIideChat: It reveals a dense nodular focus of invasive\

epithelial cells forming irregular acinar and glandular
structures, characteristic of a moderately to poorly
differentiated adenocarcinoma. The tumor is surrounded
by emphysematous lung parenchyma with expanded air

(SlideChat: The tumor is classified as moderate[y\
differentiated, supported by the presence of glandular
structures with moderate cellular atypia and some
preservation of glandular architecture.

designation means that the presence of distant metastasis spaces.

cannot be assessed.

G AN J/

integrating key pathological features to support a refined melanoma diagnosis.
GPT-40 produced a broad but weakly prioritized differential, MedDr gave a brief
butaligned response, whereas Quilt-LLaVA and LLaVA-Med returned generic
answers with limited case-specific reasoning. ¢, Question-guided attention
heatmaps. Representative examples showing how SlideChat integrates question
context and visual evidence for open-ended reasoning on WSs.

Extended Data Fig. 4 | Pathologist evaluation and qualitative comparison

of open-ended question answering. a, Pathologist evaluation on SlideBench-
Open (N =129 samples). Models were assessed on five criteria across four groups
of'tasks. SlideChat outperforms all baselines across most dimensions. Data

are presented as mean values + s.d. b, A case from SlideBench-Open assessing
responses to a differential diagnosis question for amalignant neoplasm.
SlideChat generated the most diagnostically accurate and case-specific answer,
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a Contextual accuracy gain

Extended Data Fig. 5| Evaluation of SlideChat in multiturn conversational

74.57%
72.83%

Single-turn Multi-turn

Case study: cross-turn inconsistency (TNM Staging)

Turn 2 (Diagnostic Phase):
Based on the features, the tumor is invasive ductal carcinoma,
categorized as pT2NO (node-negative).

Logicz

Turn 4 (Prognostic Phase):
The prognosis is guarded. Due to the presence of a metastatic
focus in the lymph node ...

settings. a, Comparison of diagnostic accuracy between single-turn and

multiturninteractions. b, Assessment of cross-turn consistency. ¢, Evaluation of
self-contradictory hallucinations. d, A representative case study of cross-turn
inconsistency, where the model initially identifies a node-negative tumor but

b Cross-turn consistency

Consistent

83.27% 16.73%

Inconsistent

C Self-contradictory hallucinations

Valid

87.87% 12.13%

Hallucination

Case study: Self-contradictory hallucinations

Microscopic examination reveals tumor nests that are largely
confined to the epithelium with no evidence of stromal
infiltration, however, there is definite vascular invasion noted in
the penphery suggesting aggressive behavior ...

later contradicts this finding during prognostic assessment. e, Arepresentative
case study of self-contradictory hallucination, illustrating a response that
simultaneously claims the tumor is confined to the epithelium while reporting

vascular invasion.
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[Report Clean]

Prompt: This is the content from the pathology report. Please remove some redundant irrelevant information from the original report, such as technical details of pathology
department procedures, Symbols unrelated to the pathological report, specimen handling and processing information, redundant administrative or legal statements, and some
repeated information. Show me the cleaned report content.

[Summarized Report Generation] — Slidelnstruction & SlideBench-Report

Prompt: Based on the above pathological report content, generate a detailed paragraph that summarizes the essential pathological findings. The paragraph should include key
information such as the diagnosis, tumor characteristics, margin status, lymph node involvement, and other relevant pathological findings. The summary should not mention the
source being a report and should exclude any specific sizes or measurements. The paragraph should be written in a clear and cohesive manner, covering all important points
without unnecessary details.

[Question-Answers from Report] — Slidelnstruction & SlideBench-Closed & SlideBench-Open
System Prompt: You are an Al assistant proficient in digital pathology.

General Prompt: You will receive a pathology report for a whole slide image (WSI). Based on the content of the provided pathological report and the specified narrow task category,
your goal is to propose high-quality question-answer pairs (including multiple-choice questions and open-ended questions) that strictly require visual analysis of the image to
answer, following the rules below. When generating questions, indicate their broad category and narrow category. Every question must be answerable strictly by observing the
visual content of the image. Design medical questions very carefully and only ask questions when you are sure of the answer. Answers should be specific and avoid ambiguity. For
multiple-choice questions: (1) Set “question type” to “close-ended”; (2) Provide four options (A, B, C, and D); (3) Ensure that only one option is correct and the other three are
plausible but incorrect; (4) Include at least one "hard negative”, an option that is incorrect but very similar to the correct one, to increase the difficulty level. For open-ended
questions: (1) Set “question type” to “open-ended”; (2) Propose questions with contents different from the multiple-choice questions; (3) Leave the “options” list empty. For
formatting: (1) Do not mention/refer to the text report as the source. Phrase question-answer pairs as if looking directly at the WSI. (2) Return a valid JSON object for each question:
{“question type”: xxx, “question”: xxx, “options”: [], “answer”: xxx, “broad category”: xxx, “narrow category”: xxx}.

Objective Prompt: <Definition of Broad Category and its corresponding Narrow Categories. >

Prompt: System Prompt + General Prompt + Objective Prompt

[Question-Answers from Label] — SlideBench-Closed

Prompt: You will receive the classification result for a whole slide images (WSI). For each specified task and its associated classification labels, your goal is to propose high-quality
multiple-choice question-answer pairs that strictly require visual analysis of the image to answer.

Task: <task>

Labels: <label 1> <label 2> <label 3>...

Each question should directly test knowledge based on the labels provided without introducing additional details or characteristics beyond the labels. The number of answer options
should match the number of labels provided. Each question-answer pair should include the following:

Question: A concise, visually-oriented question that is strictly based on the labels.

Options: A set of answer choices based only on the given labels, with only one correct label and the rest plausible but incorrect alternatives.

Answer: The correct label from the list.

-

[LLM Filtering]
Prompt: As an Al assistant, you are analyzing a medical question. <Question> <Option A> <Option B> <Option C> <Option D>

You are responsible to answer the question by selecting only one option. Note that each question includes only one correct answer. Answering with specific option letter. Please
avoid answering with any redundant explanations.

J

Extended Data Fig. 6 | Prompt templates and dataset construction pipeline. answer generation from reports and labels, and LLM-based filtering. LLM-based
The workflow illustrates the generation of SlideInstruction and SlideBench. The filtering is applied specifically to SlideBench-Closed to ensure the rigor and
process includes report cleaning, summarized report generation, question— validity of the evaluation options.
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LLM Verification

Question-Answers
+ LLM Filtering Prompt

5;@. InternLM2

Pathologists Verification

t A

e ' 9

L L

Question: What is the observed tissue
architecture in the adrenal cortical carcinoma
in the microscopic examination?

A. Sheet-like infiltration with necrosis

B. Papillary architecture with fibrovascular
cores

C. Glandular
production

D. Reticular network pattern with normal
vasculature

Answer: A
LLM Output: {5 A ¥'A @A DB

arrangement with mucin

Question: Examine the tissue surrounding
invasive squamous carcinoma in the provided
slide. What histopathological change is
commonly observed?

A. Extensive fibrosis

B. Normal,unaffected tissue

C. Increased mucin production

D. Atrophy of surrounding tissues

Answer: C

LLM Output:

\ B @A Gundecided A
J

Question: What subtype of renal cell
carcinoma is identified in this case?

A. Clear cell renal cell carcinoma

B. Papillary renal cell carcinoma

C. Chromophobe renal cell carcinoma

D. Collecting duct carcinoma

Answer: C

LLM Output:

\% Undecided & c @A BB
&

Q Reject

0 Pass

Q Pass

Image Dependency A. Extensive fibrosis

Question Correctness

Answer Correctness Answer: C

Task Categorization

Question: Examine the tissue surrounding invasive
squamous carcinoma in the provided slide. What
histopathological change is commonly observed?

B. Normal,unaffected tissue
C. Increased mucin production
D. Atrophy of surrounding tissues

Category: Microscopy
Subcategory: Histopathological Changes

~

J o

Question: What subtype of renal cell carcinoma is
identified in this case?

A. Clear cell renal cell carcinoma

B. Papillary renal cell carcinoma

C. Chromophobe renal cell carcinoma
D. Collecting duct carcinoma
Answer:
Category: Diagnosis

Subcategory: Disease Classification

C

Q Answer Correctness

0 Image Dependency Q Question Correctness

0 Task Categorization Q Answer Correctness

A. Trabecular

B. Papillary

C. Acinar

D. Spindle cell
Answer: C
Category: Diagnosis

Question: What histological
associated with the tumor in this case?

Subcategory: Disease Classification

growth pattern is

Question: Based on the provided histological
image,which subtype of oral squamous cell carcinoma
is characterized by prominent keratinization?

A. Basaloid squamous cell carcinoma

B. Verrucous carcinoma

C. Moderately differentiated squamous cell carcinoma
D. Small cell carcinoma
Answer: C
Category: Diagnosis \
Subcategory: Disease Classification ~—

Question: What architectural change is observed
in the lymph nodes on the provided slide image which

have been replaced by metastatic squamous
carcinoma?

A. Normal lymphoid architecture ﬁ

B. Follicular pattern

C. Complete replacement by tumor cells

D. Increased adipose tissue =
Answer: C

Category: Microscopy

Q Task Categorization

Extended Data Fig. 7| LLM and pathologist verification workflow for quality
control. The LLM verification ensures that the question-answer pairs cannot be
answered without the visual inspection of the WSI. Then, pathologists evaluate

Q Image Dependency

Q Question Correctness

the image dependency, task categorization and QA correctness. Examples of
accepted and rejected items are shown. Illlustrations of pathologists created in
BioRender; Chen, Y. https://biorender.com/fhfegvb (2026).
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Extended Data Fig. 8 | Patch-level model adaptation and SlideChat
performance consistency analysis. a-c, Comparison of WSI-native SlideChat
with patch-level baselines under different WSl adaptation strategies.
Performance was evaluated on the SlideBench-Closed benchmark across TCGA
(N =3,176 samples), BCNB (N = 4,232 samples), and CPTAC (N = 240 samples).
Data are presented as mean values +s.d. across 1,000 bootstrap replicates.

P values were calculated by comparing SlideChat with the best-performing
baseline using two-sided Wilcoxon signed-rank tests with Benjamini-Hochberg
FDR correction. a, Independent patch voting, where the model independently
receives representative patches from K-means clusters and predicts the slide
label through majority voting. TCGA: P =2.28e-60; BCNB: P =1.26e-70; CPTAC:

P =2.02e-05.b, Slide thumbnail input, where the model receives downsampled
whole-slide thumbnails. TCGA: P = 7.27e-67; BCNB: P = 5.13e-86; CPTAC: P = 2.54e-
16. ¢, Joint multi-patch input, where representative patches from K-means
clustersarejointly fed into the model. TCGA: P = 6.35e-65; BCNB: P = 9.11e-53;
CPTAC: P =1.12e-13.d, Patch selection sensitivity analysis on SlideBench-Closed:
TCGA. Accuracy remains stable when varying input patch counts. Baseline
models consistently perform better with K-means patch selection than random
sampling. e, Performance consistency across five independent runs. Results

are shown for SlideBench-Closed (N = 8,836 samples) and SlideBench-Report

(N =3,149 samples). Error bars represent 95% confidence intervals.
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a Clincal report

cholangiocarcinoma located in the liver segment VI, presenting
as a single sclerotic mass. The tumor is entirely confined within
the hepatic parenchyma without invasion into major vessels.
Importantly, the hepatic parenchymal and intrahepatic bile duct
resection margins are clear of tumor cells, which is indicative of
complete surgical excision. The hepatic parenchymal margin is
negative for tumor involvement, and there is no evidence of
invasive carcinoma or carcinoma in situ at the bile duct margin.
Additionally, the surrounding liver tissue demonstrates
necrotizing granulomatous inflammation, likely attributed to a
prior biopsy procedure. Lymph node involvement is not
mentioned, suggesting no lymph node metastasis was

[The pathological examination reveals an invasive grade 2\

\identiﬂed in this surgical specimen. Y,

SlideChat

The pathology image for the slide from the Bile duct (intrahepatic) is as follows: 1) The )
histopathological diagnosis is intrahepatic cholangiocarcinoma, moderately differentiated.
2) The tumor is characterized by a solid mass, indicating a well-circumscribed growth
pattern. It is located in the right lobe of the liver and measures 2.5 cm in diameter. The
tumor is confined to the liver, with no evidence of invasion into the surrounding structures
such as the bile duct. 3) The tumor does not show lymphovascular or perineural invasion,
and the surgical margins are negative for tumor involvement. 4) The TNM staging is pT1,
indicating a solitary tumor without vascular invasion. The regional lymph nodes (pNX) and
distant metastasis (pMX) cannot be assessed from the specimen. 5) Additional pathologi-
cal findings include mild macrovesicular steatosis in the non-neoplastic liver tissue.

HistoGPT

Final diagnosis: Lymphocytic infiltration (jessner-kanof). Microscopic findings: In stages A\
and B, there is a spindle-shaped excision with the cutting planes labeled A and B. The
epidermis is entirely ulcerated, and there is a poorly defined, hemispherical, and very
well-defined tumor comprised of irregularly arranged, partly keratotically differentiated
tumor cells. Numerous atypical mitoses are present. The central area consists of both
nodular and diffuse groups of tumor cells, with a few diffusely infiltrating the entire corium.
The peripheral areas exhibit a few basaloid cell types and, in some areas, smaller ductal
structures. Critical findings: The tumor is identified as a partially keratotically differentiated,
L ulcerated basal cell carcinoma. )

PRISM

[ Diagnosis: Moderately to poorly differentiated adenocarcinoma of the liver. j

b Clincal report

Clear Cell Renal Cell Carcinoma. Tumor cells are arranged in
nests and clusters, partially cystic with hemorrhage
(hemorrhagic glands). The cytoplasm is abundant and clear,
with round/oval nuclei, delicate chromatin, and some cells
without nucleoli, while small nucleoli are visible under high
magnification in some cells (nuclear grade 2). The stroma
consists of a fine branching capillary network with focal and
minimal hemosiderin deposition.

SlideChat

The pathology image for the kidney tissue indicates a diagnosis of renal cell carcinoma,
clear cell type, with a Fuhrman nuclear grade of 3. The tumor is confined to the kidney,
with no evidence of invasion into the renal vein or surrounding tissues. Surgical margins
are free of tumor, and there is no evidence of lymph node involvement.

(&

HistoGPT

(" Final diagnosis: Atheroma. Microscopic findings: The specimen is a punch biopsy. There\
is a large-area edema-free dermis with dilated capillary vessels. In the surrounding
connective tissue, there are clearly visible solid tumor cell formations of varying sizes, with
no signs of nuclear atypia. Critical findings: Consistent with a diagnosis of thrombosed
L angioma. Immunohistochemical staining to follow.

PRISM

J

Diagnosis: Metastatic clear cell renal cell carcinoma, kidney origin. ]

Extended Data Fig. 9 | Comparing model outputs on report generation. a,
Two case examples from TCGA demonstrating model performance on free-text
pathology report generation across different cancer types (SKCM and BLCA).
SlideChat consistently produced accurate and complete reports, correctly
capturing tumor type, anatomical location, invasion status, lymphovascular
features, TNM staging, and relevant histological details. Its outputs closely
matched the reference clinical reports, using structured language and expert-
level terminology. In contrast, HistoGPT produced anatomically inconsistent
or diagnostically mismatched responses, while PRISM returned brief diagnoses
lacking contextual or morphological explanation. b, Two additional case

Clincal report

(The pathological evaluation reveals a diagnosis of high-grade\
urothelial carcinoma of the urinary bladder, with squamous
differentiation, invasive into the outer half of the muscularis
propria. The radical cystoprostatectomy specimen shows a
solitary tumor located on the right lateral/anterior bladder wall.
Importantly, the margins of resection, including the soft tissue,
prostatic urethra, and both ureters, are negative for tumor
presence. Further examination reveals no involvement of the
prostate, seminal vesicles, or vasa deferentia. Comprehen-
sive lymph node dissection encompassing both left and right
pelvic regions identifies a total of twenty-five lymph nodes, all
of which are negative for metastatic disease. The pathological
staging is pT2b, NO, Mx, indicating localized disease without

\_regional node involvement or distant metastasis. Y,

SlideChat

The pathology image for the Bladder specimen is as follows: 1) The histopathological h
diagnosis is high-grade urothelial carcinoma with focal squamous differentiation. The
tumor is located on the posterior wall of the bladder and measures 2.5 cm in diameter. 2)
The tumor is described as a solitary, large, and firm mass that invades the muscularis
propria of the bladder walll. It is characterized by a solid growth pattern and is classified as
high-grade (Grade 3) . 3) The tumor does not show lymphovascular invasion, and the
surgical margins are free of tumor involvement. Additionally, there is no evidence of
perineural invasion. 4) The TNM staging is pT2b, indicating invasion into the outer half of
the muscularis propria without regional lymph node metastasis (pNO) or distant
metastasis (pMO0).
&

HistoGPT

Final diagnosis: Seborrheic keratosis. Microscopic findings: An ulcerated epithelial tumor
is observed and analyzed using 3D histology. The tumor center, margins A and B, and the
tumor base are all shown. The epidermis displays irregular acanthosis and compact
hyperkeratosis. Clear nuclei, dyskeratosis, and atypical mitosis are present in all
epidermis layers. Tumor giant cells are also seen. In the upper corium, mixed cell
inflammatory infiltrates are seen. Critical findings: An ulcerated Bowen's disease
(ulcerated squamous cell carcinoma) is identified.

& J
PRISM

[ Diagnosis: High-grade invasive urothelial carcinoma with sarcomatoid features in the ]
bladder.

Clincal report

Lung Squamous Cell Carcinoma. The tumor exhibits papillary
and nest-like growth patterns with visible intercellular bridges.
The tumor cells have a high nuclear-to-cytoplasmic ratio, and
the nuclei vary in size with pathological mitotic figures
observed.

3mm

SlideChat

The pathology image for the lung tissue indicates the presence of a poorly differentiated
squamous cell carcinoma. Importantly, the tumor does not invade the visceral pleura, and
the bronchial and vascular margins are free of tumor involvement. Additionally, there is no
evidence of lymphovascular invasion. The pathologic stage of the tumor is classified as
pT2a pNO. The image also notes the presence of emphysematous changes in the lung
tissue, but these are unrelated to the carcinoma itself.

HistoGPT

Final diagnosis: Basal cell carcinoma. Microscopic findings: An exudate with a partially
eroded epidermis is displayed. The epidermis is noticeably loosened due to acanthosis.
Within the upper corium, there are significant nucleotypes and mitotic activity of
keratinocytes. Focal significant acantholysis and compact hyperparakeratosis are present.
Critical findings: The results indicate a Bowen's disease (Carcinoma in situ).

PRISM

Diagnosis: Non-small cell carcinoma, likely squamous, in lung tissue. j

examples from CPTAC on pathology report generation across distinct tumor
types: clear cell renal cell carcinoma (CCRCC) (left) and lung squamous cell
carcinoma (LSCC) (right). SlideChat generated highly accurate and structured
reports, correctly identifying the tumor subtype, anatomical location, and
pathological characteristics such as Fuhrman grade, pT2a staging, absence

of vascular/perineural invasion, and margin negativity. Its responses also
contextualized benign changes (for example, emphysematous alterations in
the lung) and avoided irrelevant speculation. In contrast, HistoGPT produced
anatomically or diagnostically inconsistent descriptions, while PRISM’s outputs
were short and often lacked core histological detail.
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Extended Data Fig. 10 | See next page for caption.
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Extended Data Fig. 10 | Additional analysis of SlideChat. a, Ablation study of
the slide-level encoder and two-stage training, evaluated on SlideBench-Closed
across TCGA (N = 3,176 samples), BCNB (N = 4,232 samples), and CPTAC (N = 240
samples). Both components are indispensable for SlideChat performance.

b, GPU memory usage during SlideChat inference. c, SlideChat inference time.
d, Relationship between organ-level training size in SlideInstruction and
SlideChat performance on SlideBench-Closed. Each point shows accuracy fora
specific organin one benchmark dataset; colors and shapes indicate the source
dataset. The x-axis shows the number of training samples per organ onalogl0
scale, and the y-axis shows SlideChat accuracy for the corresponding organ.
The dashed line denotes a linear regression fit, showing no strong monotonic
association between training sample size and performance. e, Sensitivity of
SlideChat to visual corruption. Gaussian noise was introduced to patches with
top or bottom 25% attention scores. The observed monotonic drop inaccuracy
across all datasets confirms that SlideChat relies on meaningful visual content

rather than artifacts. f, Comparison between SlideChat and state-of-the-art
pathology foundation models (CONCH, TITAN, CHIEF, and Prov-GigaPath)
onthe BCNB cohort across four classification tasks: Tumor, ER, PR, and HER2
status. Each task includes anindependent test set of N = 1,058 samples.
SlideChat achieves competitive performance with these specialized models.

g, Performance of SlideChat trained with different instruction datasets. Accuracy
on SlideBench-Closed using the original SlideInstruction dataset, the clinician-
authored Slidelnstruction+ dataset, and the expanded Slidelnstruction++
dataset. The three variants achieve comparable performance across TCGA,
BCNB, CPTAC, HISTAI (N = 769 samples) and MOP (N = 419 samples) cohorts.
Statistical significance was assessed by comparing the default SlideInstruction-
trained SlideChat model against the best-performing enhanced training variant
using two-sided Wilcoxon signed-rank tests with Benjamini-Hochberg FDR
correction; CPTAC, P = 0.033; HISTAI, P = 0.0036. For panels e-g, dataare
presented as mean values + s.d. across 1,000 bootstrap replicates.
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Data collection  Codes for data preprocessing are available at https://github.com/uni-medical/SlideChat. For the pathology reports, we used GPT-4 provided
to extract relevant information.

Data analysis Data analysis was completed using custom software and codes available at https://github.com/uni-medical/SlideChat. Whole-slide image
(WSI) preprocessing was performed using OpenSlide (v3.4.1) and openslide-python (v1.4.1). Pandas (v2.2.3) was used to perform random
sampling during the nonparametric bootstrapping procedure to estimate 95% confidence intervals for all reported metrics. Visualization of
model outputs and evaluation results was performed using matplotlib (v3.9.3) and seaborn (v0.13.2).
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Data
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- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

The TCGA and CPTAC datasets, including whole-slide images and associated labels, are publicly available through the NIH Genomic Data Commons (https://
portal.gdc.cancer.gov) and the Proteomic Data Commons (https://proteomic.datacommons.cancer.gov), respectively. The extracted TCGA pathology reports can be
accessed at https://github.com/tatonetti-lab/tcga-path-reports. The BCNB dataset, including whole-slide images and diagnostic labels, is available at https://
bcnb.grand-challenge.org/. The HISTAI dataset, including metadata and whole-slide images, is available at https://github.com/HistAl/HISTAI. The SlideChat training
and evaluation benchmark data are released at https://huggingface.co/datasets/General-Medical-Al/SlideChat. The MOP cohort was collected under a retrospective
study approved by the Eastern Hepatobiliary Surgery Hospital (Approval No. EHBHKY2025-K042-P001). The MOP cohort is subject to controlled access owing to
patient privacy obligations and institutional data governance requirements. Requests for access may be submitted to the corresponding author ([yfj@stanford.edu]
(mailto:yfj@stanford.edu)) with a brief research plan and are subject to institutional approval and completion of a data use agreement. We aim to respond to all
data access requests within 4 weeks. Data usage is restricted to non-commercial academic research purposes. Source data are provided with this paper.
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Reporting on sex and gender The objectives of our study are not related to sex or gender, and these variables were not considered in the analysis.

Reporting on race, ethnicity, or ' Our study does not involve any socially constructed or socially relevant categorization variables such as race, ethnicity, or

other socially relevant socioeconomic status, and therefore no related analyses were conducted.
groupings
Population characteristics The diagnostic distribution of the training dataset is shown in Figure 1. Sensitive patient information, such as names and

dates of birth, was removed during data curation and processing.
Recruitment No active recruitment was performed.

Ethics oversight All research complied with relevant ethical regulations. Use of the retrospective Multi-Organ Pathology (MOP) cohort data
was approved by the Medical Ethics Committee of Eastern Hepatobiliary Surgery Hospital, Naval Medical University (Approval
No. EHBHKY2025-K042-P001). The requirement for informed consent for the MOP cohort was waived by the Medical Ethics
Committee of Eastern Hepatobiliary Surgery Hospital because the cohort comprised retrospectively collected de-identified
data. The remaining datasets (TCGA, CPTAC, BCNB and HISTAI) are publicly available and were used in accordance with their
access and usage policies. Sex and gender information were not collected or used in model training or evaluation; therefore,
no sex- or gender-based analyses were performed.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Sample size We curated 8,583 raw WSI reports and 274,233 multimodal instruction samples for model training. Evaluation was performed on 8,836
closed-ended questions, 129 open-ended questions, and 3,149 WSI reports collected from five cohorts spanning 31 cancer types. No formal
statistical method was used to predetermine sample size. Sample size was determined by data availability after curation and quality control.
The performance observed across multiple cohorts and evaluation tasks suggests that the available sample size was adequate for the analyses
performed.

Data exclusions  We identified patch images with little or no tissue content as background regions and excluded them from SlideChat training and testing.

Replication We performed five independent runs with different sampling seeds for the automated evaluations on SlideBench-Closed and SlideBench-
Report, and reported mean results with 95% confidence intervals across runs.
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Randomization  Sample allocation into experimental groups was generally not applicable because this study was based on retrospective/public datasets rather
than interventional group assignments. No randomization of patients, specimens, or slide-level data pairs was performed. For TCGA, one-to-
one WSI-report pairs were randomly split, with 80% used for SlideInstruction and 20% held out for SlideBench; the remaining cohorts were
predefined external test sets. Because all models were evaluated on the same fixed benchmark datasets, covariate control through group
allocation was not relevant. Randomization was applied only in the prospective reader study, where case order was randomized and assisted/
unassisted conditions were counterbalanced across readers.

Blinding Blinding was used in expert evaluation experiments: pathologists were blinded to model identity in the open-ended QA evaluation and the
reader study.
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