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Abstract

Intraoperative pathology is pivotal to precision surgery, yet its clinical impact is constrained by
diagnostic complexity and the limited availability of high-quality frozen-section data. While
computational pathology has made significant strides, the lack of large-scale, prospective
validation has impeded its routine adoption in surgical workflows. Here, we introduce CRISP,
a clinically oriented foundation model developed on over 100,000 frozen sections from ten
medical centers, specifically designed to provide Clinically-oriented Robust Intraoperative
Support for Pathology (CRISP). CRISP was comprehensively evaluated on more than 15,000
intraoperative slides across nearly 100 retrospective diagnostic tasks, including benign-
malignant discrimination, key intraoperative decision-making, and pan-cancer detection, etc.
The model demonstrated robust generalization across 6 institutions, 14 tumor types, and 24
anatomical sites-including previously unseen sites and rare cancers. In a prospective cohort of
over 3,000 patients, CRISP sustained high diagnostic accuracy under real-world conditions,
directly informing surgical decisions in 92.6% of cases. Human-Al collaboration further
reduced diagnostic workload by 35%, avoided 105 ancillary tests and enhanced detection of
micrometastases with 87.5% accuracy. Together, these findings suggest that CRISP represents
a clinically oriented approach to Al-driven intraoperative pathology, with the potential to
support surgical decision-making and facilitate the translation of computational methods into

clinical practice.
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Introduction

Rapid and accurate intraoperative diagnosis is a cornerstone of modern surgical practice,
directly influencing patient outcomes and guiding critical decisions in real time.'? For over a
century, frozen section examination has served as an indispensable modality for intraoperative
pathological assessment, enabling surgeons to make informed choices regarding tumor
resection, margin status, and differential diagnosis across a wide spectrum of surgical
specialties.>® The widespread adoption of frozen sections is driven by their expedited
preparation and diagnostic accuracy, which closely parallels that of formalin-fixed paraffin-
embedded (FFPE) specimens in clinical practice.”® As a result, frozen section analysis has
become integral to precision surgical management, supporting timely interventions that can
profoundly improve patient outcomes.

Despite its clinical utility, frozen section diagnosis presents formidable challenges. The
inherent morphological complexity of frozen tissue, compounded by the urgency of
intraoperative decision-making, demands rapid and highly accurate interpretation. These
constraints introduce significant risks, including the potential for misdiagnosis and suboptimal
surgical outcomes.”!® The need for robust, scalable support systems to assist pathologists and
surgeons in real-time intraoperative workflows is therefore both pressing and universal.
Recent advances in computational pathology and artificial intelligence (AI) have begun to
reshape the landscape of diagnostic medicine. Deep learning models have demonstrated
remarkable promise in automating and augmenting pathological assessment, offering the
potential to.enhance diagnostic consistency and efficiency. However, the application of Al to
intraoperative frozen section analysis remains in its infancy.!! Prior studies have explored deep

12-14 Yet these efforts are frequently constrained

learning approaches in specific disease contexts,
by small, homogeneous datasets that fail to capture the full spectrum of morphological and
technical variability encountered in clinical practice.”> As a result, the development of
generalizable and clinically practical Al models for intraoperative diagnosis has remained
elusive.

The emergence of large-scale Al models, or foundation models, has further fueled optimism for

the clinical translation of computational pathology.!>!® Pretrained on vast and diverse datasets,

these models have shown strong generalizability across a range of diagnostic tasks.'® However,



127

128

129

130

131

132

133

134

135

136

137

138

139

140

141

142

143

144

145

146

147

148

149

150

151

152

153

154

155

156

most existing foundation models are built upon FFPE specimens,* which differ fundamentally
from frozen sections in both preparation and tissue morphology. Direct application of FFPE-
trained models to intraoperative frozen section risks compromising diagnostic accuracy as such

models may lack exposure to frozen section morphology,'®?!

while attempts to bridge this gap
using virtual staining techniques raise concerns regarding reliability and clinical trustworthiness
of synthetic images.”*?** Additionally, the lack of prospective validation in most studies limits
their readiness for real-world deployment.?

Addressing these challenges requires the development of a robust and generalizable foundation
model specifically tailored to frozen section pathology, with demonstrated clinical validity in
diverse and realistic settings. In this study, we introduce CRISP, an Al-enabled comprehensive
deep learning framework designed to support a wide spectrum of intraoperative diagnostic and
predictive tasks. Leveraging the largest frozen section dataset assembled to date-comprising
over 100,000 slides from ten medical centers across different regions-CRISP was pretrained on
50 million image patches from 25 anatomical sites. The model’s performance was rigorously
evaluated across multiple downstream tasks commonly encountered in intraoperative pathology,
with external validation cohorts drawn from independent institutions. To further assess its real-
world clinical utility, we conducted a registered prospective observational study involving more
than 3,000 patients in real-world surgical workflows. Through both rigorous retrospective and
prospective analyses, our findings demonstrate the practical value and broad applicability of a

frozen-specific foundation model, making a significant advance toward the integration of Al-

driven decision support in precision surgery.

Results

Patient cohorts and study design

The development of a clinically robust foundation model for intraoperative diagnosis
necessitates a comprehensive understanding of the biological and technical heterogeneity
inherent in real-world surgical pathology.?® To address this, we constructed the largest multi-
center frozen section dataset to date, comprising 103,797 frozen section slides obtained
primarily from ten medical centers and spanning a broad spectrum of anatomical sites (Fig. 1a).

This dataset was specifically curated to reflect the diversity of clinical scenarios and laboratory
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conditions encountered during intraoperative consultations, as detailed in the Methods.

For model pre-training, we utilized 81,667 frozen section slides from three major centers and
the TCGA frozen section dataset.”” To rigorously assess the model’s robustness and
generalizability, we established 98 downstream diagnostic tasks designed to emulate critical
intraoperative decision-making scenarios. Validation was conducted across multiple centers,
including pan-cancer analyses, rare disease subtypes, and challenging conditions (Fig. 1b-e).
To evaluate cross-modality generalizability, we further constructed a paired dataset comprising
frozen section and corresponding FFPE slides from the same 685 patients across GZH, HZH,
and DGH cohorts, with one-to-one matching to minimize sampling bias (Supplementary Fig.
S1).

To further bridge the gap between proof-of-concept and clinical translation, we conducted a
large-scale prospective study (Fig. 1f). This study enrolled 3,064 consecutive patients with
intraoperative consultation at Sun Yat-sen University Cancer Center, Fudan University
Shanghai Cancer Center (FUSCC) and Tianjin Medical University Cancer Institute and
Hospital (TCIH) between November 11, 2024, and July 1, 2025. Based on the tissue site,
patients from SYCC were assigned to three prospective cohorts: SYCC-THYR (n=1,330),
SYCC-BREA (n=391), and SYCC-LUNG (n=350) (Supplementary Table S1s). To assess the
practical feasibility of CRISP within clinical workflows, we conducted a simulated deployment
analysis using an independent set of 100 cases underwent intraoperative consultation, which

were not part of any training or evaluation cohorts (Supplementary Fig. S2).

Classification of common benign and malignant lesions

To evaluate CRISP’s performance in this critical context, we validated the model using datasets
from five independent centers (Fig. 2a,b), spanning six common anatomical sites (thyroid, lung,
breast, brain, ovary, and head and neck), as well as complex abdominal lesion differentiation
tasks (Supplementary Table S2.1).

CRISP was benchmarked against several state-of-the-art pathology foundation models'*-17-282
across 21 downstream diagnostic tasks. In malignancy discrimination, CRISP consistently

achieved superior performance, with an average AUROC 0f 0.970, an average accuracy of 0.945,

and an average F1 score of 0.924-significantly surpassing the next-best model (Fig. 2¢c; P <
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0.001, effect size » = 0.62). Notably, CRISP was the only model to achieve a median F1 score
above 0.9 (0.902; Fig. 2d).

CRISP achieved consistently higher performance across the 21 downstream tasks, with modest
but consistent improvements over other approaches (Fig. 2e, Extended Data Fig. 1a). In the
subset of 14 tasks derived from previously unseen institutions, CRISP was the only model to
achieve an average AUC above 0.95 (0.967+0.018), maintaining AUC values greater than 0.9
across all tasks. Even in particularly challenging datasets—such as NFH-Abdomen and ZSH-
Abdomen—or in heterogeneous multi-institutional data (ZHDG-Breast, ZHG-H&N, ZSGZ-
Brain), CRISP sustained an average AUC of 0.957, outperforming Virchow2 by 3.5% (P <
0.001) (Supplementary Tables S2.2-2.9).

To further evaluate diagnostic sensitivity, we analyzed CRISP’s performance in detecting
malignant lesions across 1,729 cancer cases spanning 21 downstream tasks. The model
correctly identified 1,634 cases, yielding an overall sensitivity of 94.5% (Extended Data Fig.
1b). At sensitivity thresholds of 90% and 95%, CRISP achieved median specificities of 0.917
and 0.790, respectively, again significantly outperforming the second-best model (+8.0% and
+7.7% over Virchow2, P = 0.004 and P = 0.013; Fig. 2f). Comparative experiments showed
that slide-level and case-level aggregation achieved similar performance across cohorts, with
no consistent advantage observed for either strategy (Supplementary Table S2.10).
Visualization analyses further demonstrated CRISP’s ability to accurately localize malignant
regions within frozen tissue sections, supporting its capacity for sensitive and precise cancer
detection across a wide array of anatomical sites, institutions, and clinical contexts (Fig. 2g,

Supplementary Fig S3).

Model evaluation in key intraoperative decision-making tasks

To rigorously evaluate CRISP’s generalizability and clinical utility, we established 20 multi-
center downstream tasks spanning the entire surgical continuum: early planning, mid-procedure
guidance, and late intraoperative assessment (Fig. 3a, Supplementary Table S3.1). These tasks
were designed to reflect the diversity and complexity of real-world clinical decisions, with
detailed clinical significance described in the Methods. Across both binary and multiclass tasks,

CRISP consistently achieved the highest performance among all evaluated models
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(Supplementary Table S3.2-3.3).

Early intraoperative decision: In both the SYCC and NFH cohorts (Fig. 3b, Extended Data
Fig. 2a), CRISP achieved AUCs of 0.998 and 0.987, respectively-representing numerical
improvements over the second-performing comparator (both P < 0.001; Fig. 3b-3c, Extended
Data Fig. 2b, Supplementary Table S3.4). Notably, CRISP correctly identified 64 of 66 patients
with PCNSL, whereas alternative models missed up to 2.5 times as many cases, underscoring
the clinical impact of enhanced diagnostic precision (Fig. 3d). In fine-grained tumor
classification, CRISP demonstrated a pronounced 20.4% gain in top-1 accuracy in the external
cohort (Fig. 3e, Extended Data Fig. 2¢, Supplementary Table S3.5), highlighting its potential to
support nuanced early intraoperative decision-making.

Mid-procedure decision: CRISP was evaluated across eight cohorts spanning ovarian
(Ovarian Cancer Coarse/Fine-Grained Subtyping, OCCGS/OCFGS), thyroid (Thyroid Nodule
Differential Diagnosis, TNDD), and parathyroid tissue (Parathyroid Gland Detection, PGD),
consistently achieving the highest performance in all tasks, with a mean macro-AUC of 0.954,

compared to 0.934 for the second-best baseline (P <0.001; Fig. 3f-3g, Extended Data Fig. 2d,
Supplementary Table S3.6-3.9). Confusion matrix analyses underscored CRISP's robust
discrimination between distinct tissue types (Extended Data Fig. 3). For ovarian and thyroid
tumors, where accurate subtype classification directly informs surgical strategy, CRISP showed
the highest top-k (k = 1, 2, 3) accuracies in external cohorts, with top-1 accuracy improving by
13.6% over CONCH (Fig. 3h-j). In PGD, a particularly challenging task, CRISP was the only
model to maintain AUCs consistently above 0.9. In external validation, it reached a specificity
of 0.559 at 95% sensitivity, outperforming all other models and demonstrating potential to
mitigate inadvertent parathyroid resection (Fig. 3k). Similar results were observed in internal
cohorts (Extended Data Fig. 2e-h), further supporting CRISP’s robustness in fine-grained
intraoperative decision-making.

Late intraoperative assessment: CRISP’s performance was evaluated across eight cohorts
focused on sentinel and cervical lymph node metastasis detection (SLMD, CLMD) and breast
cancer surgical margin assessment (BSMA) (Fig. 4a).**3? The model achieved mean AUCs of
0.984, 0.992, and 0.992 across these tasks, outperforming all other evaluated models (Fig. 4b,

Supplementary Table S3.10-12). Under high-sensitivity conditions, CRISP demonstrated
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remarkable specificity. Among 263 positive patients, CRISP correctly identified 254 (96.6%),
representing a 40% reduction in missed diagnoses compared to the second-best model (Fig. 4c¢,
Extended Data Fig. 4). Visualization analyses further confirmed its ability to detect small
clusters of residual tumor cells (Fig. 4d, Supplementary Fig. S4), supporting its utility in
postoperative assessment.

Across the complete set of 20 downstream tasks, CRISP consistently outperformed all
comparative models, which exhibited variable and dispersed performance (Fig. 4¢). These
findings collectively validate CRISP’s generalizability and robust predictive power throughout
the entire surgical decision-making process, establishing it as a highly effective tool for

supporting precision intraoperative pathology in diverse clinical settings.

Robustness under clinical heterogeneity

A defining measure of clinically-oriented foundation model is their capacity to generalize under
data-scarce conditions, particularly when confronted with unobserved samples and rare cancer
types-scenarios that frequently challenge conventional diagnostic approaches.'>* To rigorously
evaluate this aspect, we conducted a large-scale pan-cancer detection study encompassing
13,851 intraoperative frozen slides from six independent centers (Supplementary Table S4.1).
The CRISP model was deployed to extract patch embeddings from these slides, with the
downstream aggregator trained exclusively on 1,573 slides from the SYCC cohort, representing
six common anatomical sites: lung, breast, thyroid, head and neck, brain, and ovary
(Supplementary Table S4.2).

Generalizability was systematically assessed across three external cohorts, which included both
six observed and more than eleven previously unseen cancer types (Fig. 5a, b; Supplementary
Table S4.3-4.5). Across these diverse datasets, CRISP consistently achieved high diagnostic
accuracy, with AUCs of 0.953, 0.973 and 0.960-each exceeding the 0.95 threshold and
outperforming all comparators (Fig. 5S¢, Supplementary Table S4.6). Notably, CRISP showed
pronounced advantages in the ZSH and HDGZ cohorts, with AUC improvements of 7.7% and
6.0% over the next-best model (P < 0.001), respectively, underscoring its robust cross-
institutional generalizability. To assess the impact of adaptation strategies, we additionally

compared LoRA, full fine-tuning, IA3, and training from scratch under the same experimental
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settings (Supplementary Table S4.7). The results indicated that full fine-tuning did not
outperform LoRA and in some cases showed inferior generalization across cohorts, while LoORA
consistently achieved the best overall performance.

To further dissect model performance, we analyzed results across 17 site-specific subgroups,
encompassing both observed and unseen anatomical subtypes. CRISP consistently delivered
the highest AUCs, ranging from 0.914 to 1.0 (Fig. 5d). While all models exhibited some decline
in performance on unseen subgroups, CRISP maintained a distinct relative advantage,
outperforming the next-best model by 10.4% in lymph nodes, 9.1% in cervix, 9.7% in bile duct,
and 9.2% in pancreas. This suggests enhanced recognition and adaptability to unfamiliar cancer
morphologies. Across 51 subgroup analyses from three unseen cohorts, CRISP achieved the top
AUC in 47 and ranked within the top two in all, whereas Virchow2 led in only 16 unseen
subgroups (Fig. S5e; Supplementary Table S4.8-4.24), highlighting CRISP’s superior
adaptability to novel clinical scenarios.

CRISP’s performance in rare tumors was equally compelling (Fig. 5f). According to the
National Cancer Institute, rare cancers are defined as those with an annual incidence below
40,000 cases in the United States.** Across seven rare tumor types, CRISP achieved an overall
AUC of 0.983, with cohort AUCs ranging from 0.963 to 0.993, consistently outperforming
Virchow?2. Furthermore, CRISP exhibited remarkable stability, maintaining AUCs above 0.9 in
nearly all categories. In the ZSH-Else cohort, where all models performed less optimally (<
0.9), the results likely reflect the complexity and heterogeneity of tissue sources.

We further investigated the impact of unseen and rare samples on model performance (Fig. 5g,
h). CRISP’s diagnostic accuracy was minimally affected by either factor. Specifically, AUROC
improved by 0.023, 0.017, and 0.003 for rare versus common tumor types, while decreasing by
0.025,0.022, and 0.036 for unseen versus seen tumor types. Even when analysis was restricted
to rare tumor subgroups from previously unseen anatomical sites, CRISP maintained an AUC
exceeding 0.95. Under high-sensitivity conditions, CRISP also achieved markedly higher
median specificity than the second-best model across both rare and unseen subgroups (Fig. 5i,
j). Comprehensive performance metrics are detailed in Supplementary Tables S4.25-4.29. To
evaluate cross-modality generalizability, we tested CRISP on matched FFPE slides from the

HDGZ cohort. Without additional fine-tuning, CRISP achieved an AUC of 0.961 on frozen
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sections and 0.972 on FFPE slides, indicating robust performance across different histological
preparation modalities (Supplementary Table S4.30). Across 98 retrospective evaluations,
CRISP achieved the highest AUROC in 92 tasks (93.9%), indicating a consistent performance
advantage across diverse settings (Supplementary Table S4.31). At fixed sensitivities of 90%
and 95%, CRISP consistently yielded higher specificities than competing foundation models,
with relative improvements reaching up to 63.4% in representative tasks (Supplementary Tables
S2.2, S3.2 and S4.6). Collectively, these findings demonstrate CRISP’s robust adaptability to
complex and heterogeneous clinical data sources, including data-scarce scenarios and rare
cancer types. This level of generalization is essential for real-world deployment, ensuring

reliable diagnostic support across the full spectrum of intraoperative pathology.

Prospective validation of clinical utility

Prospective validation in real-world clinical environments is the definitive benchmark for
assessing the practical utility of diagnostic Al models.*® Building on retrospective findings, we
conducted a large-scale prospective observational study at SYCC, FUSCC and TCIH to
rigorously evaluate CRISP’s ability to support intraoperative decision-making under authentic
surgical conditions. A total of 3,064 consecutive patients were enrolled across multiple
clinically relevant frozen-section scenarios and anatomical sites. The prospective evaluation
included benign-malignant discrimination of pulmonary, thyroid, and breast nodules (PNBM,
TNBM, BNBM), cervical and sentinel lymph node metastasis detection (CLMD, SLMD), and
breast surgical margin assessment (BSMA), together with additional multi-organ frozen-section
cases from head and neck, ovary, and brain tissues. Importantly, the model’s aggregators-
trained exclusively on retrospective data-were deployed directly, without task-specific fine-
tuning, providing an unbiased assessment of CRISP’s robustness and translational potential
(Fig. 6a).

Crucially, CRISP demonstrated consistent superiority over competing foundation models
across independent prospective external cohorts at both FUSCC (AUROC = 0.966) and TCIH
(AUROC = 0.984), confirming its robustness against site bias (Supplementary Tables S5.1-2).
Across all six real-world tasks combined with the SYCC cohort, CRISP achieved an overall

AUC 0of 0.975 and outperforming all comparator models in every task (Fig. 6b, Supplementary
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Table S5.3). Compared to Virchow?2, the second-best baseline, CRISP delivered AUC
improvements ranging from 3.2% to 5.9% and elevated the specificity at 95% sensitivity from
0.495 to 0.809 (+63.4%), underscoring its clinical relevance in high-sensitivity scenarios.
Similar performance trends were observed for sensitivity- and specificity-related metrics across
external cohorts.

In linear probing experiments, CRISP showed improved performance compared to competing
models, with a similar trend to aggregation-based evaluations (Supplementary Table S5.4).
CRISP maintained stable performance across varying perturbation settings, with-only limited
degradation observed under increasing levels of image corruption (Supplementary Table S5.5).
In a reader study conducted on the prospective SYCC cohort, the operating point of the senior
pathologist fell on the ROC curve of CRISP, indicating comparable overall performance under
the evaluated conditions (Fig. 6¢, Extended Data Fig. 5a-f). In contrast, the performance of two
junior pathologists fell below the ROC curve of CRISP, suggesting lower diagnostic accuracy
under the same evaluation setting. Similar diagnostic trends were observed in the sub-analysis
of 214 inter-pathologist discordant cases (Extended Data Fig. 5g). To further test resilience to
laboratory variability, the cohort was stratified into 27 subgroups based on histotechnologists
(Fig. 6d, Supplementary Table S5.6). CRISP maintained robust generalization, with 21
subgroups exceeding the overall AUC, 7 reaching perfect accuracy (AUC = 1.0), and all
others—except the multi-doctor “Flse” subgroup—remaining above 0.95. Representative
histological examples and detailed subgroup compositions are provided in the Supplementary
Fig. S5 and Supplementary Table S5.7. These findings highlight CRISP’s ability to sustain high
diagnostic precision across diverse, prospective, and heterogeneous clinical conditions.
Extended evaluation incorporating additional recently proposed models (e.g., ProvGigaPath)
within the same benchmarking framework further confirmed the model's efficacy
(Supplementary Tables S2.2, 3.2-3.3, 4.6, 5.1, and 5.3).%’

We further evaluated CRISP’s predictive accuracy in clinically challenging cases, defined by
high diagnostic uncertainty in intraoperative frozen reports (n = 371). CRISP achieved an
overall AUC of 0.936 in this subset (Fig. 6e, Supplementary Table S5.8), with performance
largely maintained in PNBM, BNBM, and CLMD tasks. Modest decreases were observed in

the TNBM (—0.031), SLMD (—0.041), and BSMA (—0.047) tasks, yet score distributions
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remained well separated between benign and malignant cases (Fig. 6f). In diagnostically elusive
cases, such as sentinel lymph node micrometastases, CRISP correctly identified 7 of 8
micrometastatic and 40 of 41 macrometastatic cases (Fig. 6g), with predicted values showing
clear separation from negative controls (Fig. 6h). Visualization analyses revealed that CRISP
focused attention on peripheral zones-regions prone to metastatic involvement-and precisely
highlighted minute malignant areas (Fig. 61, Supplementary Fig. S6). Error analysis showed
that false-positive predictions were mainly associated with rare benign tumors and frozen
section artifacts, while false-negative cases were primarily observed in rare malignant tumors
with ambiguous morphology (Supplementary Fig. S7).

To explore CRISP’s potential to alleviate clinical workload, we examined its utility in triaging
cases requiring immunohistochemistry (IHC), a common but resource-intensive diagnostic
adjunct. Among 510 patients requiring additional IHC evaluation, CRISP achieved an overall
AUC of 0.963, with task-specific AUCs ranging from 0.943 to 1.000 (Fig. 6j, Supplementary
Table S5.9). At 95% sensitivity, CRISP correctly identified 74.5% of IHC-negative patients,
underscoring its value as a screening tool to reduce unnecessary testing (Fig. 6k). We further
assessed whether CRISP could safely triage typical cases without compromising pathologists’
diagnostic accuracy.*® When patients with predicted scores > 0.9956 or < 0.0044 were managed
directly by CRISP, the combined CRISP-pathologist workflow reduced diagnostic workload by
34.9%, with 79.0% of positive cases included (Fig. 61). Under this strategy, sensitivity and
specificity remained comparable to conventional frozen-section reports (sensitivity, P = 0.60;
specificity, 2 = 1.00; Fig. 6m), highlighting CRISP’s potential as a clinical prescreening tool
for streamlining the diagnosis of typical positive cases. The workload reduction and
corresponding decrease in immunohistochemistry usage were further analyzed separately
across all subtasks and multi-region prospective cohorts (Extended Data Fig. 6,7,8a-b). In a
simulated deployment experiment conducted on 100 cases from SYCC, the average end-to-end
processing time for CRISP was 196.4 seconds per case, compared to 292.6 seconds for
pathologists (Extended Data Fig. 9). The pre-screening strategy identified 65 typical cases, and
this approach did not result in any degradation in sensitivity or specificity (Extended Data Fig.
8c). Notably, CRISP assistance increased pathologists’ diagnostic confidence by 6.0% in typical

cases and 42.9% in diagnostically uncertain cases, suggesting its potential to support decision-
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making particularly in challenging scenarios (Extended Data Fig. 10).

Discussion

Foundation models have redefined the landscape of artificial intelligence, but their translation
into high-stakes clinical environments has remained elusive.’* Nowhere is this gap more
consequential than in surgery, where more than 310 million major surgical procedures are
performed worldwide each year, and intraoperative decisions must balance speed with
diagnostic precision.*'*? The consequences of diagnostic uncertainty are profound, leading to
unnecessary reoperations, overtreatment, or undertreatment, and imposing substantial
economic burdens that exceed one billion dollars annually in the United States alone.** Against
this backdrop, the development of a clinically reliable Al platform capable of guiding
intraoperative decisions represents a paradigm shift-not only for surgical pathology, but also
for the broader clinical adoption of foundation models in medicine.

In this study, we present CRISP, the first clinically oriented foundation model specifically
dedicated to intraoperative pathology. Distinct from existing pathological foundation models
trained on FFPE specimens, CRISP leverages large-scale frozen section data for pre-training.
This strategic focus directly addresses a critical clinical gap: FFPE-trained models often falter
in intraoperative settings due to frozen section-specific artifacts such as ice crystal formation
and tissue compression. By constructing a large and diverse dataset sourced from ten
independent medical centers and reserving data from seven centers exclusively for external
validation, we ensured rigorous assessment of CRISP’s diagnostic performance under authentic,
heterogeneous clinical conditions. The inclusion of public frozen section data increases
morphological diversity during pretraining, with potential to improve robustness to
heterogeneous data. Furthermore, prospective real-time deployment provided a robust test of
the model’s reliability in actual surgical workflows.

CRISP’s robust performance across a spectrum of intraoperative diagnostic tasks highlights its
potential as a generalizable paradigm for frozen section-based decision support. Beyond
achieving superior accuracy in benchmark comparisons, CRISP demonstrated the ability to
address clinically critical scenarios-such as the detection of subtle malignant foci in surgical

margins or lymph nodes-where diagnostic sensitivity is paramount to avoid undertreatment.****



427

428

429

430

431

432

433

434

435

436

437

438

439

440

441

442

443

444

445

446

447

448

449

450

451

452

453

454

455

456

Importantly, CRISP maintained consistent advantages across the entire surgical workflow, from
early intraoperative differential diagnosis to mid-procedure tumor classification and late
assessment of resection completeness. CRISP demonstrates stable performance across FFPE
data and common perturbations, indicating robustness to variations in staining and image
quality encountered in clinical practice. Furthermore, CRISP’s transferability to routine FFPE
slides shows it captures cross-modality morphological invariants, offering potential to unify
intraoperative guidance and post-operative pathology under a single framework. Given that
misinterpretation of intraoperative frozen sections can lead to inappropriate surgical decisions
and increased patient risk,***” CRISP’s breadth of applicability suggests it could substantially
reduce variability and time constraints, offering a scalable and clinically meaningful
complement to routine pathology practice. While absolute improvements in AUROC are
modest in high-performance regimes, such differences are expected due to ceiling effects and
should be interpreted in the context of already strong baselines. Moreover, the consistent
performance advantage across diverse organs, institutions, and downstream tasks suggests that
the observed improvements are unlikely to arise from optimization for individual benchmarks
alone, but instead reflect enhanced generalization of the pretrained representation. Importantly,
these advantages were further amplified under clinically relevant high-sensitivity operating
conditions. CRISP operates on standard frozen section slides and supports multi-cancer
scenarios, enabling broader generalizability and easier integration into routine clinical
workflows compared with prior approaches.*®

A key strength of CRISP lies in its capacity to learn generalized morphological features,
enabling robust generalization even under previously unseen laboratory conditions.*” The
model maintained high predictive accuracy for tissue types with scarce or absent training
samples-a crucial benchmark for foundation model generalizability. When applied to
previously unseen institutional data and novel samples, CRISP-based pan-cancer detection
models demonstrated stable and reliable performance, outperforming alternative models by up
to 11% on challenging datasets. This provides compelling evidence that CRISP has effectively
internalized universal tissue morphology from large-scale frozen sections, equipping it to
navigate the complexity of diverse clinical scenarios. Notably, CRISP also excelled in the

diagnosis of rare diseases, addressing a common challenge in clinical practice where labeled
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data are limited and expertise may be lacking.’*->

Such capabilities position CRISP as a
valuable tool for resource-limited settings, potentially mitigating disparities in healthcare
access and supporting expert-level pathology where it is most needed.”

Prospective evaluation further reinforced CRISP’s feasibility as a clinically oriented tool. When
deployed in real-time intraoperative settings, CRISP demonstrated robust performance across
diverse patient cohorts and laboratory conditions, bridging the gap between experimental
development and practical implementation. The reader study further supports the clinical
relevance of CRISP, demonstrating performance comparable to an experienced pathologist
under time-constrained intraoperative conditions. Remarkably, CRISP alone enabled precise
surgical intervention in 92.6% of patients. The diagnostic errors are concentrated in
diagnostically challenging scenarios, which are also known to exhibit substantial inter-observer
variability, highlighting the importance of cautious interpretation in such cases. Future work
may address these limitations by incorporating more diverse training data and integrating
uncertainty-aware or human-in-the-loop strategies. In contexts where clinical resources are
limited, the ability to optimize resource allocation becomes essential.**3 In routine cases,
CRISP-based triage reduced pathologists’ workload by 35% and prevented 75% of unnecessary
ancillary testing, while in complex cases, it provided a standardized reference to support
diagnostic reconsideration and reduce missed diagnoses. Additionally, CRISP demonstrates
comparable end-to-end processing time to pathologists in simulated intraoperative settings,
indicating its potential to provide timely support. These results highlight CRISP’s potential for
seamless integration into intraoperative diagnostic workflows, with tangible benefits for both
clinical efficiency and patient safety. Beyond pre-screening, CRISP could be integrated into
hybrid workflows through direct presentation of model predictions, fusion of algorithmic
outputs with expert assessments, or incorporation into agent-based diagnostic systems. Given
its robustness and generalizability, CRISP is well-positioned to be compatible with and readily
integrated into these collaborative paradigms.

Despite these promising findings, several limitations warrant consideration. First, while
extensive retrospective and prospective validation was performed on nearly 20,000 multi-center
intraoperative frozen sections and over 3,000 prospective multi-site cases, a fully prospective

interventional study is still necessary to assess its real-world deployment and impact on clinical
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outcomes.’*’ Second, although CRISP demonstrated strong generalization across multiple
centers, further validation in more diverse ethnic and geographic populations is essential to
account for potential population-level bias and ensure global applicability.’®* In addition,
broader long-term multi-institutional deployment may further support continuous monitoring
of real-world clinical performance. Finally, large-scale deployment and productization will
require addressing technical and operational challenges common to Al clinical translation,
including integration with existing workflows, regulatory compliance, and user training.®

In summary, CRISP establishes a versatile and clinically relevant Al paradigm for
intraoperative pathology, illustrating the transformative potential of large-scale, data-driven
approaches to advance precision surgery. By bridging the gap between technological innovation
and clinical practice, CRISP paves the way for the next generation of Al-enabled surgical
decision support, with broad implications for improving patient outcomes and healthcare

delivery worldwide.
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Figure Legends

Figure 1. Study Cohort Characteristics and Workflow.

(A) Dataset composition and study design. A clinical-grade frozen section dataset comprising
103,797 slides was constructed to train and validate CRISP, followed by real-world deployment for
prospective evaluation. (B) Data distribution across participating medical centers. (C) Distribution
of slides from 25 major anatomical sites. (D) Overview of the CRISP pretraining strategy. (E)

Performance comparison of CRISP with state-of-the-art pathology foundation models on
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retrospective downstream tasks. For binary classification tasks, values represent the average
AUROC across datasets; for multi-class tasks, values represent the average macro-AUROC. (F)
Workflow of CRISP in real intraoperative settings. In a prospective cohort of over 3,000 patients,
CRISP delivered robust predictions on intraoperative frozen sections, reduced pathologists’
workload, and provided standardized references for challenging cases. The picture in a is from

magnific.com. Icons are from flaticon.com and Biorender.

Figure 2. Performance of CRISP in common benign-malignant differentiation tasks.

(A) Task design and dataset utilization for common benign-malignant differentiation tasks. (B)
Clinical intraoperative application scenario, where CRISP’s diagnosis of lesion nature directly
determines the surgical approach. (C) Comparison of average AUROC across tasks between CRISP
and other foundation models. (D) Comparison of average F1 scores across tasks between CRISP
and other foundation models. (E) Composition of external validation cohorts across anatomical sites
(top) and AUROC comparison between CRISP and other models (bottom); error bars denote 95%
confidence intervals. (F) Specificity comparison of CRISP and other models at 90% sensitivity (top)
and 95% sensitivity (bottom) across tasks. (G) Attention visualization of CRISP predictions on
malignant lung (top) and breast (bottom) WSIs, showing from left to right the original WSI, CRISP
heatmap, and the most attended regions. For box plots in (D) and (F), center line represents median;
box bounds represent 25th and 75th percentiles; whiskers extend to the non-outlier range; outliers
are plotted individually. In (D) and (F), n = 21 tasks for each model comparison. Statistical
significance. between models across tasks was assessed using paired Wilcoxon signed-rank tests
with Holm correction (two-sided); *P < 0.05, **P <0.01, ***P <0.001. Data are presented as mean
+ 95% CI in (E), with cohort sizes for each site indicated in the pie charts in (E). Representative
heatmaps in (G) are shown from one of the independent test cases; consistent predictive patterns
were observed across the test cohort. ZHDG, ZSH&HZH&DGH&GZH; ZHG, ZSH&HZH&GZH,;

ZSGZ, ZSH&GZH. Icons are from flaticon.com and Biorender.

Figure 3. Evaluation of CRISP for intraoperative decision-making.
(A) Task design and dataset utilization for full-process intraoperative decision-making. (B) Data

composition of the external validation cohort for the PCNSLD task (top) and CNSLC task (bottom).



071

572

573

574

975

576

o877

578

579

580

581

582

583

584

585

586

087

588

589

990

991

992

593

594

595

596

597

598

599

600

(C) Comparison of AUROC between CRISP and other models on external validation cohorts for the
PCNSLD task. (D) Number of lymphoma cases missed by each model in the PCNSLD task. (E)
Top-k accuracy comparison of CRISP and other models in external validation cohorts for the
CNSLC task. (F) Data composition of external validation cohorts for the OCCGS, OCFGS, TNDD,
and PGD tasks. (G) Performance comparison of CRISP and other models across eight PID-
procedure decision tasks; Macro-AUC was used for multiclass tasks, and AUROC for binary tasks.
(H) Predicted probability distributions of CRISP across classes in the OCCGS task in the external
validation cohort. (I) Predicted probability distributions of CRISP across classes in the TNDD task
in the external validation cohort. (J) Top-k accuracy comparison of CRISP and other models in the
external validation cohort for the OCFGS task. (K) Specificity comparison of CRISP and other
models at 95% sensitivity for the PGD task in the external validation cohort. Error bars denote 95%
confidence intervals. Error bars denote 95% CI. For box plots in (H) and (I), center line represents
median; box bounds represent 25th and 75th percentiles; whiskers extend to the non-outlier range;
outliers are plotted individually. Data are presented as mean = 95% CI in (C), (E), (J), and (K).
Statistical significance was assessed using one-way ANOVA with Tukey's HSD test for pairwise
comparisons (two-sided) in (H) and (I); *P < 0.05,**P < 0.01, ***P <(.001. Exact cohort sizes for
each task are provided in Supplementary Table S3.1. NFZS, NFH&ZSH; OB, Other Benign; FL,

Follicular Lesion; PTC, Papillary Thyroid Carcinoma. Icons are from flaticon.com and Biorender.

Figure. 4. Performance of CRISP in late intraoperative assessment.

(A) Data composition of downstream tasks in late intraoperative assessment. (B) Performance
comparison of CRISP and other models across cohorts for the SLMD (left), CLMD (middle), and
BSMA (right) tasks, evaluated by AUROC (top) and specificity at 95% sensitivity (bottom). (C)
Comparison of the total number of positive cases missed by each model in the SLMD (top), CLMD
(middle), and BSMA (bottom) tasks. (D) Representative positive frozen sections (top) and CRISP
attention visualizations (bottom) in the SLMD (left), CLMD (middle), and BSMA (right) tasks. (E)
Number of tasks among 20 full-process intraoperative decision-making tasks where each model
achieved top-1 (top) or top-2 (bottom) AUROC. Error bars denote 95% CI. Data are presented as
mean + 95% CI in (B). Exact cohort sizes for each task are provided in Supplementary Table S3.1.

Representative images in (D) are shown from one of the independent test cases; consistent predictive
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patterns were observed across the test cohort.

Figure. 5. Pan-cancer detection performance of CRISP.

(A) Data utilization and experimental design of the pan-cancer detection task. (B) Data composition
of the external validation cohorts. (C) Overall AUROC comparison across external validation
cohorts. (D) Data composition (top) and AUROC comparison (bottom) across different tissue sites;
in the heatmap, deeper color indicates better-performing models. (E) Number of tasks (out of 51)
where each model achieved top-1 (top) or top-2 (bottom) AUROC in external validation. (F)
Proportion of rare cancers in the external validation cohorts. (G) AUROC comparison between
observed and unobserved tissue sites across models; crosses denote observed sites, circles denote
unobserved origins. (H) AUROC comparison in rare cancers across models; crosses denote all rare
cancers, circles denote the subgroup of rare cancers from unobserved sites. (I) Comparison of
specificity at 95% sensitivity in rare cancers. (J) Comparison of specificity at 95% sensitivity in
unobserved tissue sites. Error bars denote 95% confidence intervals. Data are presented as mean +
95% Cl in (C). For box plots in (I) and (J), center line represents median; box bounds represent 25th
and 75th percentiles; whiskers extend to the non-outlier range; outliers are plotted individually. In
(I) and (J), n =23 and 33 tasks for each model comparison. Statistical significance between models
was assessed using paired Wilcoxon signed-rank tests with Holm correction (two-sided); *P < 0.05,
**P < 0.01, ***P < 0.001. Exact cohort sizes for each task are provided in Supplementary Table

S1.9. HDGZ, HZH&DGH&GZH. Icons are from flaticon.com and Biorender.

Figure 6. Prospective validation of the clinical utility of CRISP.

(A) Data composition and experimental design of the real-world deployment study. (B) Data
composition of each downstream task and AUROC comparison across different models. (C) Overall
ROC curve of CRISP compared with diagnostic performance of three pathologists. Pathologist 1
represents a senior pathologist with 10 years of clinical experience; Pathologist 2 and Pathologist 3
represent junior pathologists with 2 years of experience each. (D) AUROC comparison of CRISP
predictions across histotechnologist subgroups. (E) AUROC of CRISP across all cases versus
difficult cases in each downstream task; crosses denote all cases, circles denote the difficult-case

subgroup. (F) Distribution of CRISP prediction scores for all difficult malignant and benign cases.
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(G) Confusion matrix of CRISP predictions for negative lymph nodes, micrometastases, and
macrometastases in the SLMD task. (H) Distribution of CRISP prediction scores across negative,
micrometastatic, and macrometastatic cases. (I) Visualization heatmap of CRISP predictions in a
representative micrometastatic case. (J) AUROC of CRISP across all cases versus cases requiring
immunohistochemistry (IHC) in each downstream task; crosses denote all cases, circles denote the
IHC subgroup. (K) Confusion matrix of CRISP predictions in the IHC-required subgroup. (L)
Waterfall plot of CRISP predictions across all 2,071 patients from the SYCC cohort. Using a
predefined threshold, 152 typical negative and 571 typical positive patients were identified. (M)
Comparison of pathologists’ diagnostic sensitivity and specificity before and after applying the
CRISP-assisted prescreening strategy. Error bars denote 95% confidence intervals. Data are
presented as mean = 95% CI in (B) and (M). Box plots in (F) and (H) show the distribution of CRISP
prediction scores; center line represents median; box bounds represent 25th and 75th percentiles;
whiskers extend to the non-outlier range; outliers are plotted individually. Statistical significance
between groups was assessed using two-sided Student's t-test in (F), and one-way ANOVA with
Tukey's HSD test for pairwise comparisons (two-sided)in (H); *P <0.05, **P <0.01, ***P <0.001.
Cohort sizes for each site were indicated in the pie charts in (B). Representative heatmap in (I) is
shown from one of the independent test cases; consistent predictive patterns were observed across
the test cases with micrometastases. Micro, Micrometastases; Macro, Macrometastases. Icons are

from flaticon.com and Biorender.
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Methods

Ethical approval

This study was approved by the Ethics Committee of Sun Yat-sen University Cancer Center
(Approval No. SL-B2024-708) and carried out in compliance with the Declaration of Helsinki.
This was a prospective observational study, not an interventional trial. Written informed consent
was obtained from all subjects enrolled in the prospective cohort, while the requirement for
informed consent was waived for retrospective cohorts. The study was registered in the Chinese

Clinical Trial Registry (ChiCTR2500106350) as a retrospective registration.

Large-scale intraoperative frozen section dataset

To develop a clinically-oriented foundation model for intraoperative pathology, we constructed
a large-scale dataset of frozen section whole-slide images (WSIs), comprising 103,797 slides
from 51,186 patients. Retrospective data were collected from eight independent medical centers,
including Sun Yat-sen University Cancer Center (SYCC), Zhujiang Hospital, Southern Medical
University (ZJH), Jiangmen Central Hospital (JMH), Zhongshan City People’s Hospital (ZSH),
Nanfang Hospital, Southern Medical University (NFH), Affiliated Cancer Hospital & Institute
of Guangzhou Medical University (GZH), Huizhou Central People’s Hospital (HZH), and The
Tenth Affiliated Hospital, Southern Medical University, Dongguan People’s Hospital (DGH).
All slides collected from the participating centers were obtained from routine clinical
intraoperative consultations. In total, these cohorts encompassed 38,253 patients and 81,678
intraoperative frozen WSIs collected between May 2017 and July 2024. The following
inclusion criteria were applied to all cases: (1) at least one available intraoperative frozen
section; (2) presence of identifiable tissue on the slide; (3) absence of scanning artifacts such
as defocus or blurring; and (4) availability of complete diagnostic information, including
intraoperative frozen section and corresponding postoperative paraffin section reports, as well

as basic clinical characteristics (e.g., age and sex). Slides were manually reviewed by two
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experienced pathologists based on thumbnail inspection to assess tissue presence and image
quality, and only those with severe scanning-related artifacts (e.g., out-of-focus regions or
extensive image degradation) that precluded tissue recognition were excluded, while intrinsic
artifacts inherent to frozen section preparation were retained. The detailed inclusion period,
number of patients, number of slides, and baseline characteristics of each cohort are
summarized in Supplementary Tables S1.1-1.8. To further increase histological diversity, we
additionally curated 15,975 frozen WSIs from The Cancer Genome Atlas (TCGA). The detailed
selection process was as follows: diagnostic slides prepared from formalin-fixed paraffin-
embedded (FFPE) tissues were excluded, resulting in 21,094 slides. These were subsequently
reviewed by two experienced pathologists, and immunohistochemistry as well as other non-
frozen section slides were removed. To ensure consistency, all patients were categorized into
24 major anatomical sites according to the definitions provided by the Genomic Data Commons
(GDC) system.®! For model development, WSIs from ZJH, JIMH, TCGA, and a subset of SYCC
(43,013 slides) were used for CRISP pretraining. The remaining SYCC slides (5,178) were
reserved for downstream task development and internal evaluation, ensuring no data leakage
between pretraining and testing. External validation was performed using ZSH, NFH, GZH,
HZH, and DGH cohorts.

For the prospective real-world deployment study of CRISP, patients undergoing thyroid, breast,
or lung surgery with intraoperative consultation at Sun Yat-sen University Cancer Center were
consecutively recruited between November 2024 and July 2025, representing the most common
sites for intraoperative consultation. Inclusion criteria were: (1) at least one available
intraoperative frozen section; (2) presence of identifiable tissue on the slide; (3) absence of
scanning artifacts such as defocus or blurring; (4) complete diagnostic and clinical information;
(5) age >18 years at the time of surgery; and (6) documented informed consent. Following
screening, a total of 2,071 patients with 4,143 intraoperative frozen sections were included. To
further assess geographical generalizability, two additional prospective cohorts from FUSCC
and TCIH were included, with the same inclusion criteria applied. To simulate real-world
application, 100 consecutive cases from SYCC were included for simulated clinical deployment
analysis. Recruitment periods and detailed clinical characteristics for each cohort are provided

in Supplementary Tables S1.9-1.11.
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Data digitization and preprocessing

All clinical intraoperative frozen sections included in this study were digitized at 40x
magnification (0.25 pm/pixel). Slides from the SYCC cohort were primarily scanned using an
Aperio AT2 scanner (Leica Biosystems, Wetzlar, Germany) and stored in SVS format. Data
from the ZJH, GZH, HZH, and DGH cohorts were scanned with a PHILIPS Ultra-Fast Scanner
(Philips Electronics N.V., Amsterdam, Netherlands) and saved in iSyntax format. NFH and
ZSH cohort slides were mainly scanned using a KF-PRO-120-HI scanner (Jiangfeng Biotech,
Ningbo, China) and stored in KFB format. JMH cohort slides were scanned using an SQS-600P
scanner (Shenggiang Technology Co., Ltd., Shenzhen, China) and saved in SDPC format.
Slides from the prospective SYCC cohort were mainly scanned with a PHILIPS Ultra-Fast
Scanner (Philips Electronics N.V., Amsterdam, Netherlands) and saved in iSyntax format.
Slides from the FUSCC and TCIH cohorts were mainly scanned using an Aperio AT2 scanner
(Leica Biosystems, Wetzlar, Germany) and stored in SVS format.

WSIs were processed using vendor-provided API tools to extract full-slide thumbnail images.
Given the extensive presence of non-informative background areas, tissue regions were
automatically segmented using the CLAM toolkit to identify and isolate relevant histological
content for subsequent analysis.’> Segmented tissue regions were partitioned into a series of
non-overlapping patches of 512X512 pixels at a resolution of 0.25 microns per pixel (MPP).
To mitigate center-specific biases introduced by variations in optical resolution, slide
preparation, and scanning settings, redundant patches from higher-resolution images were
downsampled. This approach ensured a balanced representation of patches from each center,
reducing the risk of model overfitting to specific institutional characteristics. In total,
approximately 50 million patches were extracted from 81,667 slides for model pretraining.

No color normalization (e.g., Vahadane or Macenko) was applied in order to preserve inter-

institutional variability and reflect real-world clinical conditions.

Network architecture
Building on previous studies of FFPE-based pathology foundation models, we focus here on

intraoperative frozen sections and introduce CRISP, a specialized pathology foundation model
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for their analysis. CRISP is built upon Virchow?2, a state-of-the-art pathology foundation model
pretrained on 1 million hematoxylin and eosin (H&E)-stained WSIs.!>?° Virchow?2 was selected
as the backbone model based on prior large-scale benchmarking studies demonstrating its
strong overall performance across multiple pathology tasks.'® To adapt this general-purpose
model to the frozen section domain while preserving its learned representations and
generalizability, we employed low-rank adaptation (LoRA).%> LoRA is a parameter-efficient
fine-tuning (PEFT) method that injects trainable rank decomposition matrices into the self-
attention layers of the transformer architecture, keeping the remaining model weights frozen
during training. This approach drastically reduces the number of trainable parameters,
computational overhead, and risk of catastrophic forgetting. In this study, LORA modules were
integrated into the query and value projection matrices of each attention layer, initialized with
a rank of 8 and a scaling factor of 16. This configuration resulted in only 2 million trainable

parameters, constituting merely 0.3% of the model’s total 633 million parameters.

Model training

For pretraining, we utilized DINO, a self-supervised learning strategy effective for learning
visual representations without labeled data.®® Specifically, DINO operates on a teacher-student
paradigm in which two different augmented views of the same image are processed by the
student and teacher networks, respectively. The student network learns to predict the output
distribution of the teacher network, thereby encouraging the learning of semantically
meaningful features without manual annotation. The teacher network’s weights are updated via
an exponential moving average (EMA) of the student weights, with a momentum coefficient
set to 0.9995. The model was trained using the AdamW optimizer (§;= 0.9, B,= 0.999) with
mixed-precision (FP16) arithmetic to accelerate training and reduce memory consumption.
Pretraining was conducted using 8 NVIDIA H800 GPUs with a batch size of 384 for 640,000
iterations.

For downstream intraoperative tasks, a slide-level prediction pipeline was implemented. In
computational pathology, WSIs are typically too large to be processed directly by deep learning
models. Therefore, the analysis pipeline was divided into three steps: patch-level feature

extraction, feature aggregation, and slide-level prediction. In this study, each 512x512 patch
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(at 0.25 MPP) was resized to 224x224 pixels to serve as input to the frozen CRISP encoder;
this corresponds to the same field of view as 256x256 patches at 0.5 MPP, a commonly adopted
setting in baseline models, thereby ensuring consistent input resolution and fair comparison
across models.'®3” From the final layer of the transformer, the [CLS] token embedding and the
mean-pooled embeddings of all patch tokens were concatenated, forming a comprehensive
2,560-dimensional feature vector for each patch. To identify diagnostically critical regions, we
employed an attention-based multiple instance learning (ABMIL) model as the feature
aggregator.** The ABMIL module learns to assign an attention weight to each patch feature
vector, effectively highlighting salient patches and generating a weighted slide-level feature
representation. This aggregated feature vector was then passed through a single fully connected
classification layer to produce the final slide-level prediction. For supervised downstream tasks,
the cross-entropy loss function was used. Only the ABMIL aggregator and the classification
layer were trained from scratch, while the CRISP encoder remained frozen to leverage the
pretrained features. The model was optimized using the Adam optimizer with a learning rate of
2x10* and weight decay of 1x107°. Early stopping based on validation loss was implemented
to halt training upon performance saturation and prevent overfitting. In all downstream task
comparisons, identical strategies were employed across comparator models to guarantee

fairness in performance assessment.

Downstream task

To comprehensively evaluate CRISP, 98 retrospective downstream tasks were established. The
reference labels for all tasks were based on postoperative FFPE morphology integrated with
immunohistochemical and molecular analyses, and were independently verified by a
pathologist. Aggregator development for all downstream tasks was conducted using the SYCC
cohort, with patients in the internal test sets kept independent from the training and validation
sets to prevent data leakage. Data were randomly split at the patient level into training,
validation, and test sets to prevent data leakage, with stratification by outcome labels; identical
splits were used for all models to ensure fair comparison. No explicit rebalancing strategies
were applied in order to preserve the original class distribution. A shared set of hyperparameters

was used across all tasks and models to ensure a fair comparison. Baseline models were selected
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based on their relevance to histopathology foundation modeling, as well as the availability of
publicly accessible implementations or pretrained weights, to ensure reproducibility and fair
comparison.

Classification of common benign and malignant lesions: Each benign-malignant
classification task was formulated as an independent slide-level binary problem, with slides
containing malignant regions designated as positive. Six prevalent tissue sites were included:
lung, breast, thyroid, head and neck, brain, and ovary. The task encompassed commonly
encountered benign and malignant lesions, such as pulmonary adenocarcinoma and
inflammatory nodules, to replicate large-scale clinical pre-screening scenarios. The abdominal
metastasis classification task was incorporated to evaluate CRISP’s capability in distinguishing
complex metastatic lesions. Abdominal metastases represent a frequent dissemination route for
multiple cancers and often signal disease progression; accurate identification can therefore
inform patient management and improve clinical outcomes.%>-% Malignant abdominal nodules
comprised diverse metastatic cancers, including ovarian, intestinal, and gastric origins
(Supplementary Table S6.1). Model performance was assessed on 2,771 slides across five
external cohorts, with dataset partitions detailedin Supplementary Table S2.1. For comparison,
a case-level aggregation strategy was implemented by concatenating slide-level features from
the same case to form case-level representations. Identical data splits and evaluation protocols
were used to ensure fair comparison.

Early intraoperative decision: The primary central nervous system lymphoma differentiation
(PCNSLD) task was defined as a slide-level binary classification, aimed at accurately
distinguishing primary central nervous system lymphoma (PCNSL) from other brain lesions.
PCNSL is recognized as one of the most common primary malignant brain tumors, exhibiting
poor -prognosis, presenting diagnostic challenges, and being primarily managed with
radiotherapy and chemotherapy, in contrast to other brain lesions.®” Accurate intraoperative
identification of PCNSL can prevent unnecessary surgical interventions and facilitate precision
treatment. Slides containing PCNSL were labeled positive, whereas slides of other common
brain lesions—including gliomas, medulloblastomas, central neurocytomas, metastases, and
inflammatory lesions—were labeled negative. External validation was performed using 461

slides from the NFH cohort. The central nervous system lesion classification (CNSLC) task
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comprised the same dataset but was formulated as a fine-grained multi-class classification to
distinguish among the aforementioned lesion types. Detailed dataset partitions for
intraoperative decision tasks are provided in Supplementary Table S3.1.

Mid-procedure decision: The ovarian cancer coarse-grained subtyping (OCCGS) task
involved slide-level three-class classification to differentiate primary ovarian carcinomas,
metastatic ovarian tumors, and benign ovarian lesions. As the ovary is a common site of
metastasis from extragenital malignancies, distinguishing primary from metastatic tumors
remains a critical diagnostic challenge during surgery.®*%° Accurate classification informs the
surgical extent and guides additional treatment directed at the primary site. The ovarian cancer
fine-grained subtyping (OCCFS) task shared the same dataset but focused on fine-grained
classification of primary ovarian carcinoma subtypes, including serous, clear cell, and
endometrioid adenocarcinomas.

The thyroid nodule differential diagnosis (TNDD) task involved a slide-level three-class
classification of thyroid nodules into papillary thyroid carcinoma, follicular-patterned tumors,
and benign lesions such as nodular goiter. Frozen section diagnosis of thyroid nodules is critical
for intraoperative surgical decision-making, as papillary carcinoma and nodular goiter often
dictate different surgical extents, while follicular-patterned tumors typically require diagnostic
surgery pending definitive FFPE evaluation.”

The parathyroid gland detection (PGD) task was a slide-level binary classification for detecting
parathyroid tissue in thyroidectomy frozen sections. Inadvertent parathyroid resection,
occurring in up to 16% of thyroidectomies, is the primary cause of postoperative
hypocalcemia.”” Accurate frozen-section recognition of parathyroid tissue is therefore
essential for preventing misresection and optimizing surgical outcomes. Labels were assigned
solely based on the presence of parathyroid tissue, with all other tissues—including thyroid,
lymph nodes, and thyroid carcinoma—classified as negative, reflecting real-world
intraoperative settings.

Late intraoperative assessment: Sentinel lymph node metastasis detection (SLMD), cervical
lymph node metastasis detection (CLMD), and breast cancer surgical margin assessment
(BSMA) are three slide-level binary classification tasks designed to detect residual tumor cells

in lymph nodes and surgical margins. Sentinel lymph node assessment and margin evaluation
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are critical indicators of surgical completeness and directly influence patient prognosis and risk
of recurrence.”’* In thyroid cancer, accurate intraoperative identification of central lymph node
metastasis can help avoid unnecessary dissections, whereas in breast cancer, margin and
sentinel lymph node assessment form the basis of individualized treatment.!*7576

Pan-cancer detection study: The pan-cancer detection task was designed to develop a
universal model capable of accurately identifying malignant lesions across intraoperative
frozen samples of any source or type, thereby evaluating CRISP performance under data-
limited conditions, particularly in unseen samples and rare cancers. Model development was
based on 3,071 benign and malignant WSIs from six common frozen tissue sites in the SYCC
cohort. Given that clinical decision-making is case-based, external validation was conducted at
the case level. For each case, positivity was defined as the presence of at least one malignant
slide. All slide-level features from a case were concatenated and directly input into the
aggregator as case-level features. The model was validated across five external cohorts
comprising 5,867 cases: ZSH and NFH served as two independent cohorts, whereas GZH, HZH,
and DGH were combined into a single cohort. Detailed dataset partitions are provided in
Supplementary Tables S4.2-4.5. For subgroup: analyses, eight tissue sites (stomach, bone,
esophagus, kidney, bladder, adrenal gland, testis, and thymus) were combined as “Else”,
owing to limited sample sizes or unidirectional labels in external cohorts, which precluded

reliable calculation of metrics such as AUROC.

Prospective cohort study

In the prospective cohort, the diagnostic reference standard for each patient was established
based on the postoperative FFPE pathology report in combination with immunohistochemistry
and molecular test results, and independently verified by a board-certified pathologist blinded
to the study. Patients from SYCC were assigned to one of six intraoperative decision tasks
(PNBM, TNBM, BNBM, CLMD, SLMD, BSMA) according to the surgical indication and
sample type. Detailed dataset partitions are provided in Figure 2b. Aggregators used for
validation in these six tasks were directly transferred from retrospective downstream task
construction without any task-specific fine-tuning. For clinical applicability, validation was

performed at the patient level.
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Information on frozen-section slide preparation personnel was obtained from intraoperative
reports, encompassing a total of 30 histotechnologists; four with single-class labels were not
suitable for AUROC-based evaluation and were therefore grouped into an “Else” category for
analysis. Diagnostic outcomes and confidence levels were derived from the content of the
intraoperative frozen-section reports. Confidence assessment was conducted according to a
prespecified rule set: reports indicating “consistent with”, “consider”, or “favor” were
categorized as relatively definitive, whereas reports stating “not excluded”, “suspicious for”, or
“requires differential diagnosis” were categorized as indeterminate (Supplementary Table S6.2).
All classifications were independently reviewed and confirmed by a pathologist blinded to the
study. Immunohistochemistry requirements were similarly inferred from the report content.
The upper and lower thresholds used for coarse screening were defined based on the range of
prediction scores observed in misclassified cases, such that samples within the retained range
were classified with near-perfect accuracy by the model.

To evaluate clinical performance, a reader study was conducted using the entire prospective
SYCC cohort. One senior pathologist (Pathologist 1; 10 years of diagnostic experience) and
two junior pathologists (Pathologist 2, 3; 2 years of experience) independently reviewed all
cases, blinded to model predictions and study design. Readers were asked to perform diagnostic
classification across multiple clinically relevant tasks, consistent with the study endpoints. All
reader predictions were recorded for subsequent analysis and comparison with model outputs.
To simulate intraoperative conditions during the reader study, each case was evaluated under a
time constraint of 5 minutes. Linear probing experiments were conducted on multi-organ
benign-versus-malignant classification tasks (lung, breast, and thyroid) to assess the intrinsic
discriminative capacity and transferability of pretrained features. A standardized benchmark
subset comprising 75 frozen-section slides from an independent SYCC cohort, not used during
foundation model pretraining, was constructed for evaluation, with regions of interest annotated
by an independent pathologist. For the linear probing experiments, fixed feature representations
were extracted from each foundation model, and logistic regression classifiers were trained on
top without updating the backbone parameters, applying identical data splits and
hyperparameters across all models to ensure fair comparison. To evaluate robustness, we further

assessed model performance under common perturbations, including color shifts, image blur,
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additive noise, and reduced image resolution, based on the linear probing setting. The entire
process was designed as a largely automated pipeline (slide scanning — data upload — model
inference — result output), with minimal manual intervention required. Regarding the
simulated deployment analysis, whole-slide images were digitized using six PHILIPS Ultra-
Fast Scanners in parallel and automatically uploaded to a local server via the SYCC intranet.
Model inference was performed on a server equipped with two NVIDIA A100 GPUs, and
results were returned via an internal web-based interface. For the pre-screening strategy, the
same threshold and decision criteria used in the prospective SYCC cohort were applied to this
independent dataset.

Micro-metastases and macro-metastases were defined according to AJCC guidelines and
determined based on both intraoperative frozen-section and postoperative FFPE pathology
reports, and were independently morphologically reviewed by a pathologist blinded to the study.
Micro-metastases were defined as malignant foci within sentinel lymph nodes measuring
greater than 0.2 mm but not exceeding 2 mm, whereas macro-metastases were defined as

malignant foci larger than 2 mm.”’

Statistical analysis

For binary classification tasks, model performance was evaluated using the area under the
receiver operating characteristic curve (AUROC), F1 score, accuracy, and specificity at 90%
and 95% sensitivity thresholds. For multi-class classification tasks, performance was assessed
using macro-averaged AUROC and top-k accuracy. For each case, logits from multiple classes
were combined using a weighted summation, followed by a sigmoid transformation to rescale
the aggregated value into a unified CRISP score between 0 and 1. For binary classification tasks,
optimal thresholds were determined using the Youden index on the internal validation set and
subsequently applied to external test cohorts; for multi-class tasks, predictions were assigned
based on the class with the highest logit. To compare overall model performance across multiple
tasks, paired Wilcoxon signed-rank tests were performed, and p-values were adjusted for
multiple comparisons using the Holm method.” The effect size r is derived from the formula r
= Z / sqrt(N), with Z representing the standard normal deviate corresponding to U, and N

denoting the combined sample size. Two-sided 95% confidence intervals (Cls) were computed
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via bootstrap with 1,000 iterations. Differences in predicted value distributions for multi-class
tasks were assessed using one-way analysis of variance (ANOVA) followed by Tukey’s
honestly significant difference (HSD) test for pairwise comparisons. For binary tasks, group
differences in predicted score distributions were evaluated using two-sided Student’s t-tests;
non-parametric alternatives were considered when normality assumptions were not met.
Statistical significance was defined as not significant (P > 0.05), * (P < 0.05), ** (P < 0.01)
and *** (P < 0.001). Boxplots depict the median (50th percentile), interquartile range (25th-=
75th percentile); whiskers extend to the non-outlier range; outliers are plotted individually. Data
analysis was performed using R version 4.2.1 (2022-06-23) and Python  3.13.5 using the
numpy (version 2.2.3), scipy (version 1.15.3) and scikit-learn (version 1.7.0) packages, and

deep learning models were implemented in PyTorch 2.7.1.

Data availability

The TCGA whole-slide images and associated clinical data can be accessed through the NIH
Genomic Data Commons (https://portal.gde.cancer.gov). Whole-slide images and clinical data
from the internal and external cohorts are not publicly available owing to institutional policies
and patient privacy regulations, but were collected under Institutional Review Board approvals.
Access to these datasets for non-commercial academic use may be requested from the
corresponding author (caimy@sysucc.org.cn). Requests will be evaluated and responded to
within two weeks. A de-identified dataset comprising approximately 35,000 annotated patch-
level images together with 75 corresponding whole-slide images from SYCC intraoperative
frozen sections used in the linear probing experiments is publicly available to facilitate
independent validation and future research (https://huggingface.co/datasets/FTZhou/CRISP).
All other data supporting the findings of this study are available within the article and its

Supplementary Information files.

Code availability
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The source code for the proposed framework is available at https://github.com/FT-ZHOU-

ZZ7Z/CRISP. The pretrained model weights of CRISP are available at Hugging Face

(https://huggingface.co/FTZhou/CRISP).
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Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

Confirmed
The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name, describe more complex techniques in the Methods section.

O00os
X

O 0O OKX
X [ X

X

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

X

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

X
X X [

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  To collect and process histopathological images, Python (version 3.13.5) was used along with the following libraries and tools: Aslide (https://
github.com/MrPeterlin/ASlide) to handle various WSI formats, CLAM (https://github.com/mahmoodlab/CLAM) for tissue segmentation, and
PyTorch (version 2.8.0) for model development.

Data analysis We utilized Python (version 3.13.5) and PyTorch (version 2.8.0) to conduct model pretraining and downstream task evaluation. For compared
foundation models, we strictly adhered to the original implementations as described in their respective publications to extract generalizable
features. For task agnostic pretraining, we used 8 NVIDIA H800 GPUs, while downstream task training and evaluation were performed on
NVIDIA 3090 GPUs. The vision transformer architecture was implemented using the timm library (version 1.0.16), and its weights were
initialized with those from Virchow2. The peft library (version 0.15.2) was employed to implement LoRA modules. The weights and codes of
compared foundation model were obtained from Hugging Face (https://huggingface.co/). Data analysis was conducted in R version 4.2.1
(2022-06-23) and Python 3.13.5 usint the numpy (version 2.2.3), scipy (version 1.15.3) and scikit-learn (version 1.7.0) packages.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.




Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- 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 source code for the proposed framework is available at https://github.com/FT-ZHOU-ZZZ/CRISP. The pretrained model weights of CRISP are available at Hugging
Face (https://huggingface.co/FTZhou/CRISP). The TCGA whole-slide images and associated clinical data can be accessed through the NIH Genomic Data Commons
(https://portal.gdc.cancer.gov). Whole-slide images and clinical data from the internal and external cohorts are not publicly available owing to institutional policies
and patient privacy regulations, but were collected under Institutional Review Board approvals. Access to these datasets for non-commercial academic use may be
requested from the corresponding author (caimy@sysucc.org.cn). Requests will be evaluated and responded to within two weeks. A de-identified dataset
comprising approximately 35,000 annotated patch-level images together with 75 corresponding whole-slide images from SYCC intraoperative frozen sections used
in the linear probing experiments is publicly available to facilitate independent validation and future research (https://huggingface.co/datasets/FTZhou/CRISP). All
other data supporting the findings of this study are available within the article and its Supplementary Information files.

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender Sex and gender characteristics of the study are available in Supplementary Tables S1.1-1.11. Sex or gender was not included
as a covariate at any stage of our experimental analysis.

Reporting on race, ethnicity, or ' Race, ethnicity and other socially relevant groupings were not collected from the patients and were unrelated to model
other socially relevant implementation or deployment.

groupings

Population characteristics Population characteristics of this study are available in Supplementary Tables S1s.

Recruitment Recruitment was not necessary for the retrospective datasets in this study. For the prospective real-world deployment study
of CRISP, patients undergoing surgery with intraoperative consultation at Sun Yat-sen University Cancer Center, Fudan
University Shanghai Cancer Center and Tianjin Medical University Cancer Institute and Hospital were recruited between
November 2024 and July 2025.

Ethics oversight This study was approved by the Ethics Committee of Sun Yat-sen University Cancer Center (Approval No. SL-B2024-708) and

carried out in compliance with the Declaration of Helsinki.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

|X| Life sciences |:| Behavioural & social sciences |:| Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size For model pre-training, we utilized 81,667 frozen section slides , generating over 50 million pathological image patches. An additional 22,130
slides were used for retrospective and prospective performance validation, resulting in a total of 103,797 frozen section slides. The sample
size was determined by data availability.

Data exclusions  Cases were excluded if they met any of the following: (1) no available intraoperative frozen section; (2) absence of identifiable tissue on the
slide; (3) presence of scanning artifacts such as defocus or blurring; or (4) incomplete diagnostic or clinical information.

Replication Additional replication was unnecessary, as the models were validated using five independent medical center cohorts and three prospective
cohorts, demonstrating consistent performance across all validation sets.

Randomization  Samples were randomly split into development and validation datasets. The splits were stratified by class to ensure similar class proportions
across splits. For patients with multiple slides, all slides from the same patient were assigned to the same dataset to maintain patient-level

independence.

Blinding All data were anonymized prior to processing to ensure the removal of any patient-identifiable information.
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Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods

Involved in the study n/a | Involved in the study
Antibodies g |:| ChiIP-seq

Eukaryotic cell lines |Z |:| Flow cytometry
Palaeontology and archaeology |Z |:| MRI-based neuroimaging
Animals and other organisms

Clinical data
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Clinical data

Policy information about clinical studies
All manuscripts should comply with the ICMJE guidelines for publication of clinical research and a completed CONSORT checklist must be included with all submissions.

Clinical trial registration  The study was registered in the Chinese Clinical Trial Registry (ChiCTR; http://www.chictr.org.cn/) under the registration number
ChiCTR2500106350.

Study protocol Study protocols can be found in http://www.chictr.org.cn/.

Data collection For the prospective real-world deployment study of CRISP, patients undergoing thyroid, breast, or lung surgery with intraoperative
consultation at Sun Yat-sen University Cancer Center were consecutively recruited between November 2024 and July 2025,
representing the most common sites for intraoperative consultation. Inclusion criteria were: (1) at least one available intraoperative
frozen section; (2) presence of identifiable tissue on the slide; (3) absence of scanning artifacts such as defocus or blurring; (4)
complete diagnostic and clinical information; (5) age >18 years at the time of surgery; and (6) documented informed consent.
Following screening, a total of 2,071 patients with 4,143 intraoperative frozen sections were included. To further assess geographical
generalizability, two additional prospective cohorts from FUSCC and TCIH were included, with the same inclusion criteria applied. To
simulate real-world application, 100 consecutive cases from SYCC were included for simulated clinical deployment analysis.
Recruitment periods and detailed clinical characteristics for each cohort are provided in Supplementary Tables $1.9-1.11.

Qutcomes The primary outcome of this study was the patients’ diagnostic information. The diagnostic reference standard for each patient was

established based on the postoperative FFPE pathology report in combination with immunohistochemistry and molecular test
results, and independently verified by a board-certified pathologist blinded to the study.

Plants

Seed stocks NA

Novel plant genotypes  NA

Authentication NA




