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About the Presentation

I will briefly describe three papers where we evaluate the performance and robustness

of a range of recent pathology foundation models:

I: Benchmarking Pathology Foundation Models for Breast Cancer Survival Prediction
Fredrik K. Gustafsson, Constance Boissin, Johan Vallon-Christersson, David A. Clifton, Mattias Rantalainen

Preprint, 2026

II: Evaluating Computational Pathology Foundation Models for Prostate Cancer Grading under

Distribution Shifts
Fredrik K. Gustafsson, Mattias Rantalainen

Preprint, 2026

III: Scanner-Induced Domain Shifts Undermine the Robustness of Pathology Foundation Models
Erik Thiringer, Fredrik K. Gustafsson, Kajsa Ledesma Eriksson, Mattias Rantalainen

Preprint, 2026
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Computational Pathology

Computational pathology uses machine learning and computer vision to automatically

extract useful information from histopathology whole-slide images (WSIs).

Given datasets of (WSI, label) pairs, models can be trained for applications such as

histological grading, patient outcome prediction, and prediction of various biomarkers.
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Computational Pathology

Computational pathology uses machine learning and computer vision to automatically

extract useful information from histopathology whole-slide images (WSIs).

Given datasets of (WSI, label) pairs, models can be trained for applications such as

histological grading, patient outcome prediction, and prediction of various biomarkers.
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Pathology Foundation Models (PFMs)

Foundation models are large models trained on large amounts of unlabeled data using

self-supervised learning. They are intended to be general-purpose feature extractors.

Self-supervised learning enables models to be trained on “raw” unlabeled data. Large

collections of unlabeled WSIs – WSIs without known clinical info, patient outcomes or

any other type of annotations – can thus be directly utilized in model training.

Has recently become a popular research direction within computational pathology:

UNI: Towards a General-Purpose Foundation Model for Computational Pathology

Nature Medicine, 2024

Prov-GigaPath: A Whole-Slide Foundation Model for Digital Pathology from Real-World Data

Nature, 2024

Virchow: A Foundation Model for Clinical-Grade Computational Pathology and Rare Cancers Detection

Nature Medicine, 2024

.
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Typical Workflow for Application of PFMs

• Tissue-segment each WSI and divide it into image patches (e.g. 224× 224 pixels).

• Use a frozen foundation model to extract feature vectors for all images patches in

each WSI (typical range: 5,000 - 25,000 image patches per WSI ).

• Train a small model that, for each WSI, takes the extracted patch-level feature

vectors as input and outputs a WSI-level prediction (standard supervised training).
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Paper I: Benchmarking PFMs for Survival Prediction

Benchmarking Pathology Foundation Models for Breast Cancer Survival Prediction
Fredrik K. Gustafsson, Constance Boissin, Johan Vallon-Christersson, David A. Clifton, Mattias Rantalainen

Preprint, 2026

Table 2. Main model ranking, aggregated as the mean model
rank (↓) across the four evaluation settings based on Table 1.

Rank Model Name Model Ranks Mean Model Rank (↓)

1 H-optimus-1 1,1,1,3 1.5
2 H0-mini 2,2,4,5 3.25
3 H-optimus-0 5,5,5,3 4.5
4 CONCHv1.5 8,8,2,1 4.75
5 UNI2-h 4,4,6,6 5
6 Virchow2 3,3,7,8 5.25
7 Virchow 10,10,2,2 6
8 CONCH 6,6,8,7 6.75
9 Prov-GigaPath 6,6,9,9 7.5
10 UNI 9,9,10,10 9.5
11 CTransPath 12,12,11,11 11.5
12 RetCCL 11,11,13,13 12
13 Resnet-IN 13,13,12,12 12.5

more than one million WSIs.
Our study makes three main contributions: (1) We

present a large-scale, multi-cohort benchmark for breast
cancer survival prediction, leveraging over 5,400 pa-
tients with external validation to enable robust assess-
ment of model generalization. (2) We provide a system-
atic head-to-head evaluation of a natural-image baseline,
early pathology-specific models, state-of-the-art PFMs, and
vision-language PFMs. (3) We show that compact distilled
models can match or even exceed the performance of signif-
icantly larger teacher models, highlighting a promising path
toward efficient and scalable deployment of PFMs in clin-
ical workflows. (consider updating these points, to better
match the discussion / actionable takeaways)

Results
We evaluate thirteen representative models spanning a
natural-image baseline (Resnet-IN), two early pathology-
specific models (CTransPath [22], RetCCL [23]), seven
state-of-the-art PFMs (Prov-GigaPath [25], UNI [2], UNI2-
h [13], Virchow [21], Virchow2 [26], H-optimus-0 [18], H-
optimus-1 [1]), a compact distilled PFM (H0-mini [5], dis-
tilled from H-optimus-0), and two vision-language PFMs
(CONCH [11], CONCHv1.5 [3]).

Models are evaluated using a unified pipeline for WSI-
based survival prediction (see Methods for details). Each
model is used as a frozen feature extractor to compute
patch-level feature vectors for the given WSI, which are ag-
gregated into a predicted patient-level risk score using the
PANTHER [19] survival modelling framework. Survival
models are trained on a dataset of 2,315 patients (SöS-BC-
4) and evaluated on two independent external datasets (KS-
Solna and SCAN-B-Lund) comprising 3,119 patients in to-
tal. None of the evaluated PFMs were pretrained on any of
these datasets, ensuring a strict separation between pretrain-
ing data and the benchmark.

Performance is measured using the concordance index

Table 3. Overview of all thirteen evaluated models, including ar-
chitecture, model size (number of parameters), feature dimension,
and pretraining data scale. The models span a natural-image base-
line, two early pathology-specific models, seven state-of-the-art
PFMs, a compact distilled PFM, and two vision-language PFMs.

Model Name Architecture Size
Feature

Dimension Pretraining Data

Resnet-IN [7] ResNet-50 25M 1024 1.3M natural images

CTransPath [22] CNN + Swin-T 22M 768 30K WSIs
RetCCL [23] ResNet-50 25M 2048 32K WSIs

UNI [2] ViT-L 307M 1024 100K WSIs
UNI2-h [13] ViT-H 682M 1536 350K WSIs
H-optimus-0 [18] ViT-G 1.1B 1536 500K WSIs
H-optimus-1 [1] ViT-G 1.1B 1536 1M WSIs
Prov-GigaPath [25] ViT-G 1.1B 1536 170K WSIs
Virchow [21] ViT-H 632M 2560 1.5M WSIs
Virchow2 [26] ViT-H 632M 2560 3.1M WSIs

H0-mini [5] ViT-B 86M 768 500K + 6K WSIs

CONCH [11] ViT-B 86M 512 21K WSIs + 1.1M image-text pairs
CONCHv1.5 [3] ViT-L 307M 768 N/A

(C-index) and Kaplan-Meier survival analysis. Models are
evaluated under four complementary settings: recurrence-
free survival (RFS) and progression-free survival (PFS),
each assessed both for the full cohort (‘All Patients’) and
for the clinically relevant ‘ER+ & HER2-’ patient subgroup.
Model rankings are computed for each of the four settings
and aggregated to obtain a final overall ranking. The com-
bined evaluation set of 3,119 patients contains 615 RFS
events and 233 PFS events, with 2,524 patients (80.9% of
the full set), 475 RFS events (77.2%) and 157 PFS events
(67.4%) in the ‘ER+ & HER2-’ patient subgroup.

Main Model Comparison

Figure 1 shows the C-index performance of all thirteen
models across the four evaluation settings, with correspond-
ing numerical results and model rankings in Table 1. The
aggregated overall ranking is summarized in Table 2.

H-optimus-1 achieves the highest C-index in three out
of four settings (RFS – All Patients, RFS – Patient Sub-
group, PFS – All Patients) and attains the best overall model
ranking. In absolute terms, this corresponds to a C-index
of 0.678 for RFS – All Patients and 0.702 for PFS – All
Patients. Notably, the compact distilled model H0-mini
achieves the second-best overall ranking, and slightly out-
performs its teacher model H-optimus-0 in three out of four
settings. CONCHv1.5, UNI2-h and Virchow2 also demon-
strate strong overall performance.

In contrast, the natural-image baseline Resnet-IN
achieves the lowest overall performance and ranks in
the bottom two across all four settings. The two early
pathology-specific models CTransPath and RetCCL also
perform poorly, consistently occupying the bottom three
ranks together with Resnet-IN. Among recent PFMs, UNI
achieves the lowest overall performance, only beating
Resnet-IN, CTransPath and RetCCL.
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I: Benchmarking PFMs for Survival Prediction

We evaluate 13 models: a natural-image baseline, two early pathology-specific models,

seven state-of-the-art PFMs, a compact distilled PFM, and two vision-language PFMs.

Downstream survival models are trained on a dataset of 2,315 breast cancer patients

(SöS-BC-4) and evaluated on two independent external datasets (KS-Solna and

SCAN-B-Lund) comprising 3,119 patients in total.

Models are evaluated under four settings: RFS and PFS, each assessed both for the full

cohort (‘All Patients’) and for the clinically relevant ‘ER+ & HER2-’ patient subgroup.

The combined evaluation set of 3,119 patients contains 615 RFS events and 233 PFS

events, with 2,524 patients (80.9% of the full set), 475 RFS events (77.2%) and 157

PFS events (67.4%) in the ‘ER+ & HER2-’ patient subgroup.
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I: Benchmarking PFMs for Survival Prediction - Main Results
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Figure 1. Main model comparison across evaluation settings, showing performance in terms of C-index (↑) for all thirteen evaluated
models. Models are evaluated for recurrence-free survival (RFS) and progression-free survival (PFS), each assessed both for the full cohort
(‘All Patients’) and the ‘ER+ & HER2-’ patient subgroup. Bars show the bootstrap mean C-index with 95% confidence intervals.

Table 1. Main model comparison with numerical results and model rankings across evaluation settings, reporting
performance in terms of C-index (bootstrap mean with 95% confidence intervals) for all thirteen evaluated models.
Models are separately ranked based on the bootstrap mean within each of the four evaluation settings.

Rank Model Name C-index (↑)

1 H-optimus-1 0.678 (0.656 – 0.700)
2 H0-mini 0.676 (0.653 – 0.698)
3 Virchow2 0.675 (0.653 – 0.698)
4 UNI2-h 0.667 (0.644 – 0.689)
5 H-optimus-0 0.664 (0.642 – 0.686)
6 CONCH 0.663 (0.641 – 0.685)
6 Prov-GigaPath 0.663 (0.640 – 0.686)
8 CONCHv1.5 0.660 (0.637 – 0.683)
9 UNI 0.657 (0.635 – 0.680)

10 Virchow 0.656 (0.633 – 0.679)
11 RetCCL 0.645 (0.622 – 0.668)
12 CTransPath 0.632 (0.609 – 0.655)
13 Resnet-IN 0.612 (0.588 – 0.635)

(a) RFS – All Patients.

Rank Model Name C-index (↑)

1 H-optimus-1 0.670 (0.645 – 0.695)
2 H0-mini 0.668 (0.642 – 0.693)
3 Virchow2 0.665 (0.639 – 0.690)
4 UNI2-h 0.663 (0.637 – 0.688)
5 H-optimus-0 0.660 (0.633 – 0.685)
6 CONCH 0.657 (0.631 – 0.681)
6 Prov-GigaPath 0.657 (0.631 – 0.682)
8 CONCHv1.5 0.651 (0.625 – 0.676)
9 UNI 0.648 (0.622 – 0.674)

10 Virchow 0.639 (0.613 – 0.665)
11 RetCCL 0.636 (0.609 – 0.662)
12 CTransPath 0.627 (0.601 – 0.652)
13 Resnet-IN 0.600 (0.572 – 0.627)

(b) RFS – Patient Subgroup (ER+ & HER2-).

Rank Model Name C-index (↑)

1 H-optimus-1 0.702 (0.666 – 0.737)
2 Virchow 0.695 (0.660 – 0.729)
2 CONCHv1.5 0.695 (0.660 – 0.729)
4 H0-mini 0.692 (0.655 – 0.728)
5 H-optimus-0 0.686 (0.651 – 0.722)
6 UNI2-h 0.683 (0.647 – 0.719)
7 Virchow2 0.681 (0.645 – 0.718)
8 CONCH 0.675 (0.639 – 0.710)
9 Prov-GigaPath 0.673 (0.636 – 0.710)

10 UNI 0.671 (0.634 – 0.708)
11 CTransPath 0.647 (0.609 – 0.686)
12 Resnet-IN 0.628 (0.590 – 0.666)
13 RetCCL 0.627 (0.589 – 0.666)

(c) PFS – All Patients.

Rank Model Name C-index (↑)

1 CONCHv1.5 0.680 (0.636 – 0.721)
2 Virchow 0.678 (0.634 – 0.720)
3 H-optimus-1 0.670 (0.626 – 0.715)
3 H-optimus-0 0.670 (0.624 – 0.714)
5 H0-mini 0.666 (0.619 – 0.711)
6 UNI2-h 0.657 (0.611 – 0.702)
7 CONCH 0.656 (0.612 – 0.700)
8 Virchow2 0.655 (0.608 – 0.700)
9 Prov-GigaPath 0.641 (0.594 – 0.687)

10 UNI 0.638 (0.592 – 0.683)
11 CTransPath 0.622 (0.573 – 0.670)
12 Resnet-IN 0.606 (0.557 – 0.655)
13 RetCCL 0.604 (0.555 – 0.653)

(d) PFS – Patient Subgroup (ER+ & HER2-).
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I: Benchmarking PFMs for Survival Prediction - Risk Stratification
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(a) RFS – All Patients.
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(b) RFS – Patient Subgroup (ER+ & HER2-).
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(d) PFS – Patient Subgroup (ER+ & HER2-).

Figure 2. Two-group Kaplan-Meier risk stratification for three representative models. KM survival curves showing stratification into
low- and high-risk groups for RFS and PFS, each assessed for the full cohort (‘All Patients’) and the ‘ER+ & HER2-’ patient subgroup.
Results for Resnet-IN (left column), UNI (middle), and H-optimus-1 (right). Each plot includes the C-index, log-rank test p-value, and the
number of patients at risk and events over time (0-14 years). Note the difference in range of the y-axis between RFS and PFS.
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I: Benchmarking PFMs for Survival Prediction - Risk Stratification
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(d) PFS – Patient Subgroup (ER+ & HER2-).

Figure 3. Four-group Kaplan-Meier risk stratification for three representative models. KM survival curves showing stratification into
four risk groups for RFS and PFS, each assessed for the full cohort (‘All Patients’) and the ‘ER+ & HER2-’ patient subgroup. Results for
Resnet-IN (left column), UNI (middle), and H-optimus-1 (right). Note the difference in range of the y-axis between RFS and PFS.
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I: Benchmarking PFMs for Survival Prediction - Detailed Comparison
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Figure 5. Effect of training data size on survival prediction performance for the three top-performing models. C-index performance
for H-optimus-0, H-optimus-1, and H0-mini as a function of the fraction of training data used (10%, 25%, 50%, 75%, 100%) across all
four evaluation settings. The experimental setup is identical to Figure 4, with results reported as mean ± std over five random seeds.

time of at least 12 years, and gray otherwise.
Clear clustering by dataset is observed for both UNI and

H-optimus-1, indicating that these models capture system-
atic differences between WSIs from different clinical co-
horts, while Resnet-IN shows no clear separation of the
two datasets. In contrast, clustering by survival outcome
is not clearly observed for any of the models. Despite the
substantially better survival prediction performance of H-
optimus-1 compared to Resnet-IN, early-event and event-
free patients are not clearly separated in the feature space of
either model.

Discussion

(anything else we should/could discuss in this section?)
In this study, we present a large-scale, multi-cohort

benchmark of PFMs for breast cancer survival prediction,
providing a systematic comparison across widely used mod-
els. Several key insights emerge from our results.

First, while H-optimus-1 achieves the strongest over-
all performance, the absolute differences between top-
performing models are relatively small. Across all four

evaluation settings, multiple recent PFMs including H-
optimus-1, H0-mini, H-optimus-0, CONCHv1.5, UNI2-
h, and Virchow2 achieve C-index values within a narrow
range, with substantially overlapping confidence intervals.
This suggests that although architectural and training im-
provements lead to consistent ranking gains, these improve-
ments are incremental rather than transformative. From
a practical perspective, this implies that model selection
should not be based solely on marginal performance differ-
ences, but also on factors such as computational efficiency
and ease of deployment.

A particularly notable finding is the strong performance
of the compact distilled model H0-mini, which slightly out-
performs its teacher model H-optimus-0 while using fewer
than 8% of the parameters and enabling significantly faster
feature extraction. This result is consistent across both full-
data and subset analyses (Figure 1 & 5), where H0-mini
matches or exceeds H-optimus-0 across evaluation settings.
Given the substantial computational cost associated with
WSI processing, this highlights knowledge distillation as
a highly promising strategy for developing efficient PFMs
without sacrificing predictive performance. Notably, H0-
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I: Benchmarking PFMs for Survival Prediction - Feature Space Analysis
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Figure 6. UMAP visualizations of learned feature representations for three representative models. UMAP projections of the mean
patch-level feature vectors for Resnet-IN (left column), UNI (middle), and H-optimus-1 (right) on the combined KS-Solna and SCAN-B-
Lund evaluation set, with one point per patient. Upper row: points are colored by dataset, green for KS-Solna and orange for SCAN-
B-Lund. Lower row: points are colored by survival outcome, red for patients with a PFS event within three years (82 patients), blue for
patients with no PFS/RFS event and a follow-up time of at least 12 years (407 patients), and gray for all other patients (2,630 patients).

mini is distilled using a small public dataset of just 6,000
WSIs, further emphasizing the potential of distillation to
transfer representational knowledge efficiently. Taken to-
gether, these findings suggest that compact models such
as H0-mini may represent a practically optimal trade-off
between performance and efficiency, and could serve as a
strong default choice for real-world applications.

Across model families, we observe consistent gen-
erational improvements, with second-generation PFMs
(H-optimus-1, CONCHv1.5, UNI2-h, Virchow2) outper-
forming their respective first-generation counterparts (H-
optimus-0, CONCH, UNI, Virchow) according to the aggre-
gated ranking. However, these gains remain modest despite
substantial increases in pretraining scale. For example, H-
optimus-1 is trained on twice as many WSIs as H-optimus-0
(1 million vs 0.5 million WSIs, Table 3), and Virchow2 sim-
ilarly scales pretraining data compared to Virchow, yet both
yield only incremental improvements in downstream per-
formance. This suggests that scaling pretraining data alone
may yield diminishing returns.

Similarly, model size alone is not a reliable predictor of
performance. Despite being among the very largest mod-
els evaluated (1.1 billion parameters), Prov-GigaPath places
only 9th in the overall ranking, while substantially smaller

models such as H0-mini and CONCH (86 million param-
eters) achieve competitive or superior performance. This
further reinforces the notion that aspects such as pretraining
data quality and training strategy are more critical than raw
model capacity.

Our results also provide tentative evidence regarding
vision-language pretraining. CONCH and CONCHv1.5
perform competitively despite relatively smaller model
sizes, suggesting that incorporating diverse image-caption
pairs and multimodal alignment objectives in the pretrain-
ing may improve representation learning efficiency. How-
ever, given the limited number of vision-language models
evaluated and the lack of controlled comparisons, no defini-
tive conclusions can be drawn. Future work should explore
this direction more systematically, for example through ab-
lation studies comparing vision-only and multimodal pre-
training under controlled settings.

Consistent with expectations, the natural-image base-
line Resnet-IN and early pathology-specific models
(CTransPath, RetCCL) perform consistently worse than
recent PFMs, confirming the importance of large-scale
domain-specific pretraining. At the same time, it is no-
table that even Resnet-IN achieves non-trivial performance
and can stratify patients into two risk groups (Figure 2),

9
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I: Benchmarking PFMs for Survival Prediction - Main Takeaways

(1/4) H-optimus-1 achieves the strongest overall performance, but absolute differences

between top-performing PFMs are small and confidence intervals substantially overlap.

(2/4) Across model families, consistent generational improvements are observed, with

second-generation PFMs (H-optimus-1, CONCHv1.5, UNI2-h, Virchow2) outperforming their

first-generation counterparts. However, these gains remain modest despite substantial increases

in pretraining data scale, suggesting diminishing returns from scaling alone.

(3/4) Model size is not a reliable predictor of performance, as smaller and more efficient

models can match or exceed much larger architectures, emphasizing the importance of training

strategy and pretraining data quality over model scaling.

(4/4) The distilled H0-mini achieves the second-best overall ranking and slightly outperforms

its teacher model H-optimus-0, while using less than 8% of the parameters and enabling much

faster feature extraction. Knowledge distillation can thus yield highly efficient PFMs without

sacrificing performance, making it a particularly promising approach for practical deployment.
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Paper II: Evaluating PFMs under Distribution Shifts

Evaluating Computational Pathology Foundation Models for Prostate Cancer Grading under

Distribution Shifts
Fredrik K. Gustafsson, Mattias Rantalainen

Preprint, 2026
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II: Evaluating PFMs under Distribution Shifts

The PANDA dataset was collected from two different sites: Radboud University

Medical Center in the Netherlands, and Karolinska Institutet in Sweden.

Radboud and Karolinska differ in terms of both the pathology lab procedures and

utilized scanners, creating a clear distribution shift for the WSI image data.

By creating further subsets of the PANDA dataset, we are also able to evaluate

robustness in terms of shifts in the label distribution over the ISUP grades 0 - 5.
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II: Evaluating PFMs under Distribution Shifts - Results
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II: Evaluating PFMs under Distribution Shifts - Results
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II: Evaluating PFMs under Distribution Shifts - Feature Space Analysis

18/28



II: Evaluating PFMs under Distribution Shifts - Feature Space Analysis
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II: Evaluating PFMs under Distribution Shifts - Main Takeaways

(1/5) PFMs substantially outperform a natural-image baseline for prostate cancer grading, but

absolute performance under cross-site shifts can still deteriorate severely.

(2/5) Large-scale pretraining of PFMs on diverse datasets does not guarantee downstream

cross-site generalization, and increasing model size or pretraining data alone does not reliably

improve robustness.

(3/5) PFMs are significantly more sensitive to image-domain shifts than to label distribution

shifts; acquisition-related variability seems to be the dominant challenge.

(4/5) Feature space analysis reveals persistent domain separation, suggesting that current

PFMs encode site- and scanner-specific variation more strongly than pathology-relevant signals.

(5/5) Strong PFMs and high-quality downstream data complement rather than replace each

other: even in the foundation-model era, the quality and diversity of the data used to train

downstream prediction models remains critical for reliable deployment.
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Paper III: PFM Scanner-Variability Robustness

Scanner-Induced Domain Shifts Undermine the Robustness of Pathology Foundation Models
Erik Thiringer, Fredrik K. Gustafsson, Kajsa Ledesma Eriksson, Mattias Rantalainen

Preprint, 2026
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Figure 1. Overview of the study design for evaluating scanner-induced domain shifts in pathology foundation models (PFMs). A1) A total
of 384 breast cancer whole-slide images (WSIs) from as many patients were scanned on five different whole-slide scanner devices, forming
the CHIME Multiscanner dataset. Each physical slide was scanned using all five devices, thereby isolating scanner-induced variability
from all other sources. A2) WSIs from the CHIME Multiscanner and TCGA-BRCA datasets were preprocessed using a standardised
workflow and encoded using 14 frozen feature extractors fθi , comprising 13 PFMs and a ResNet baseline trained on natural images. B)
Scanner-variability robustness is evaluated through complementary qualitative and quantitative unsupervised analyses of feature embedding
geometry, capturing both global structure and local neighbourhood consistency across scanners. C) Supervised downstream benchmarking
is performed to further assess clinical relevance, with models trained on TCGA-BRCA and evaluated on CHIME Multiscanner. This setup
enables systematic evaluation of scanner-induced effects on predictive performance, prediction consistency and calibration stability.

WSIs contain rich morphological and contextual infor-
mation that can be leveraged by deep learning models
to support a wide range of clinical and research applica-
tions (Arslan et al., 2024), including routine diagnostic as-
sistance, patient stratification, outcome prediction, and pre-
diction of molecular markers directly from hematoxylin
and eosin (H&E)-stained WSIs (Cifci et al., 2022; Echle
et al., 2021; Wang et al., 2022). For several years, com-
putational pathology pipelines were dominated by convolu-
tional neural networks (CNNs) trained in (weakly) super-
vised settings (Srinidhi et al., 2021). More recently, how-
ever, vision transformer (ViT)-based architectures trained
using self-supervised learning (SSL) on large-scale and di-
verse datasets have emerged as a new paradigm. These
SSL-trained models, commonly referred to as pathology
foundation models (PFMs), are intended to serve as general-
purpose feature extractors that can be reused across multiple
downstream tasks and tissue types.

The adoption of PFMs has fundamentally altered how
computational pathology models are constructed. Rather
than training task-specific models from scratch, contempo-
rary pipelines typically rely on a pretrained and frozen fea-
ture extractor (the PFM), combined with a comparatively
lightweight attention-based aggregation model trained for
the specific prediction task at hand. This paradigm reduces
the need for large amounts of task-specific labeled data and
has led to rapid progress across a broad range of applica-
tions (Bilal et al., 2025; Li et al., 2025). As a result, numer-
ous PFMs have recently been published and made available
to the research community (Bioptimus, 2025; Chen et al.,
2024; Ding et al., 2024; Filiot et al., 2025; He et al., 2016;
Lu et al., 2024; MahmoodLab, 2024; Saillard et al., 2024;
Vorontsov et al., 2024; Wang et al., 2023a,b; Xu et al., 2024;
Zimmermann et al., 2024; ?), many of which achieve quite
similar performance in comparative benchmarking stud-
ies (Breen et al., 2024; Campanella et al., 2024; Lee et al.,

2
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III: PFM Scanner-Variability Robustness

We systematically evaluate the robustness of 13 PFMs to scanner-induced variability.

Using a controlled multiscanner dataset comprising 384 breast cancer WSIs from as

many patients, scanned on five different whole-slide scanners, we isolate

scanner-induced effects from all other sources of variation.

Robustness is assessed through complementary unsupervised analyses of the feature

embedding space and a set of clinicopathological supervised prediction tasks.
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III: PFM Scanner-Variability Robustness - Patch-level Feature Space
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Figure 4. Low-dimensional visualisation of tile-level embeddings using UMAP for all evaluated feature extractors. For each of the 1920
WSIs in CHIME Multiscanner (384 patients × 5 scanners = 1920 WSIs), 35 tiles were randomly sampled, projected into a shared two-
dimensional embedding space, and coloured according to the scanner device used for acquisition. Each subplot corresponds to a single
feature extractor, and marginal plots along the x- and y-axes show the empirical density distributions for each scanner. Distinct clustering or
colour separation indicates sensitivity to scanner-induced variability, whereas intermixed distributions suggest greater scanner invariance.

a higher degree of robustness to scanner variability at the
representation level.

We further observe that slides acquired using HXR1 and
HXR2, which are two different devices but of the same
scanner model, tend to cluster closely together across all
feature extractors. A notable exception is Virchow, which
exhibits subtle separation between HXR1 and HXR2 at the
tile level that becomes more pronounced after aggregation
into slide-level embeddings. This finding indicates that
some PFMs can be sensitive even to subtle inter-device dif-
ferences within the same scanner model.

5.1.2 Quantitative Geometric Embedding Analysis

We next quantitatively analysed the consistency of slide-
level feature embeddings across scanners. We first exam-
ine the Average Pairwise Cosine Distance (Dcos; Eq. 2)
between embeddings for all patients across scanner pairs in
Figure 6A. Large variability in Dcos across scanner pairs
(columns in Figure 6A) indicates increased sensitivity to
scanner-induced variability. Feature extractors are ordered

according to their average Dcos across all scanner pairs,
with lower values (indicating greater cross-scanner align-
ment) shown at the top. We observe that the Resnet-IN
baseline, together with CONCH and CONCHv1.5, achieves
the best performance according to this metric, while UNI
and UNI2-h rank at the bottom. We also note that, as ex-
pected, HXR1 and HXR2 (two devices of the same model)
is the scanner pair that consistently exhibits the lowest Dcos

across all feature extractors.

We then evaluated the 1-Nearest Neighbour (1-NN)
Match Rate (MR1NN ; Eq. 3) in Figure 6B, which cap-
tures preservation of local neighbourhood structure across
scanners. This metric exhibits substantial variability both
across scanner pairs and across feature extractors. For
example, for the G20X-PHIL scanner pair, CONCHv1.5
achieves an MR1NN of 81.8%, whereas Phikon-v2 attains
only 25.8%. CONCH and CONCHv1.5 consistently rank
among the top-performing feature extractors across all scan-
ner pairs, achieving the highest average MR1NN , while
Phikon-v2 ranks lowest overall. These results thus high-
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III: PFM Scanner-Variability Robustness - Slide-level Feature Space
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Figure 5. Low-dimensional visualisation of slide-level embeddings using UMAP for all evaluated feature extractors. Slide-level em-
beddings were obtained by mean-pooling all tile-level embeddings, for each WSI in the CHIME Multiscanner dataset. Each subplot
corresponds to a single feature extractor, with points coloured according to the scanner device used for acquisition. Distinct clustering or
colour separation indicates sensitivity to scanner-induced variability, whereas greater overlap suggests increased scanner invariance.

light pronounced differences in scanner robustness among
PFMs. As observed for Dcos above, the HXR1-HXR2
scanner pair again stands out, with near-perfect MR1NN

achieved across all feature extractors.
To further assess global structural consistency of the

slide-level embeddings across scanner devices, we compute
the Mantel correlation between scanner-specific distance
matrices (rM (si, sj); Eq. 5) for each feature extractor in
Figure 6C. We observe substantial variability in Mantel cor-
relation across both scanner pairs and feature extractors, in-
dicating marked differences in the preservation of global
embedding geometry. In particular, H0-mini achieves the
highest overall Mantel correlation, while Virchow exhibits
the lowest consistency across scanner pairs. CONCH and
CONCHv1.5 also rank among the top-performing models.
As a positive control, the HXR1-HXR2 scanner pair once
again demonstrates high consistency across all feature ex-
tractors.

When analysing the Mean Intra-Scanner Distance
(d̄(s)p ; Eq. 6) results in Figure 6D, we observe pronounced
inter-scanner differences in the distributions of mean cosine
distances for the majority of vision-only ViT-based mod-

els, including H-Optimus-0, H-Optimus-1, Prov-GigaPath,
UNI, UNI2-h, Virchow and Virchow2. These distributional
shifts indicate that the choice of scanner device impacts
not only pairwise relationships between slides, but also the
global geometry and density of the feature space. Moreover,
we observe a consistent correspondence between scanner
pairs exhibiting the highest pairwise cosine distances in
Figure 6A (e.g., G20X-PHIL for UNI and UNI2-h) and
those showing the largest distributional shifts in mean intra-
scanner distance in Figure 6D.

The ResNet-IN baseline exhibits the lowest overall d̄(s)p

across all scanners in Figure 6D, indicating a highly com-
pact feature space. Although ResNet-IN achieves the lowest
Dcos values in Figure 6A, this apparent robustness is mis-
leading when considered in isolation, as the model simul-
taneously ranks near the bottom in terms of both MR1NN

(Figure 6B) and Mantel correlation rM (Figure 6C). Taken
together with the distributional evidence in Figure 6D, these
results indicate that the low Dcos values of Resnet-IN are
driven by a non-expressive, collapsed embedding space
in which all samples are densely clustered, rather than
by genuine scanner invariance. In contrast, CONCH and
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III: PFM Scanner-Variability Robustness - Quantitative Feature Analysis

BA

DC

E1 E2

Figure 6. Quantitative geometric embedding analysis for all evaluated feature extractors, using the five complementary metrics defined
in Section 4.1.2. A: Heatmap of the Average Pairwise Cosine Distance (Dcos; Eq. 2) between slide-level embeddings of corresponding
cases acquired on different scanners. Lower values indicate higher cross-scanner embedding consistency. B: Heatmap of the 1-Nearest
Neighbour (1-NN) Match Rate (MR1NN ; Eq. 3) between scanner pairs, showing the proportion of cases for which the nearest neighbour
across scanners corresponds to the same underlying slide. Higher values indicate stronger preservation of local neighbourhood structure.
C: Heatmap of Mantel correlation coefficients (rM ; Eq. 5) quantifying agreement between scanner-specific pairwise distance matrices.
Higher values indicate stronger preservation of global embedding geometry across scanners. In panels A-C, feature extractors are ordered
according to their average metric value across all scanner pairs, with the most robust models at the top. D: Distributions of the Mean
Intra-Scanner Distance (d̄(s)p ; Eq. 6), computed for each patient relative to all other patients within the same scanner embedding space.
Shifts in these distributions indicate scanner-dependent changes in feature space geometry and density. E1 & E2: Intersection-over-K
neighbourhood consistency (IoKK(S); Eq. 7) across all five scanners simultaneously. The left panel (E1) shows K ∈ [1, 10], while the
right panel (E2) shows the full range of K values. Higher values indicate greater preservation of neighbourhood structure across scanners.
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III: PFM Scanner-Variability Robustness - Prediction Consistency
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Figure 8. Results for the supervised downstream model evaluation of prediction consistency, reported in terms of Fleiss’ Kappa (κ). Results
are shown for each feature extractor across all five downstream clinical tasks (different rows). The plots quantify how consistently each
feature extractor produces the same classification decision for a given patient across the different scanner devices. Bars report the mean
Fleiss’ κ across ten random seeds, with error bars representing the standard deviation. Higher values correspond to greater robustness.

5.2. Supervised Downstream Model Evaluation

5.2.1 Predictive Performance

Next, we evaluated downstream predictive performance
using task-specific supervised benchmarks to assess how
scanner-induced variability affects classification accuracy.
Figure 7 summarises performance in terms of AUC across
all five downstream tasks for each feature extractor. Over-
all, performance varies across PFMs, but when considering
the 95% bootstrap confidence intervals, all ViT-based fea-
ture extractors achieve similar AUCs with some variabil-
ity. We note that all estimates are within bootstrap confi-
dence limits. Nonetheless, consistent performance trends
are apparent across tasks, with the UNI and H-Optimus
models achieving particularly strong performance. In con-
trast, the two CNN-based models RetCCL (self-supervised)
and ResNet-IN (ImageNet pretrained) exhibit substantially
lower performance across all tasks. For certain tasks, most
notably NHG classification, we additionally observe sys-

tematic variation in predictive performance across scan-
ner devices (e.g., consistently lower performance for G20X
across most feature extractors), suggesting that scanner-
induced domain shifts can impact downstream classification
accuracy even when overall AUC remains high. We note
that the models providing highest scores in robustness (i.e.,
CONCH, CONCHv1.5, and H0-mini) are not top-ranked in
the supervised prediction tasks.

5.2.2 Prediction Consistency

To complement the predictive performance analysis, we
evaluate how consistently each feature extractor produces
the same classification decision for a given patient across
different scanner devices using Fleiss’ Kappa (κ) in Fig-
ure 8. Across all five tasks, Fleiss’ κ values range
from approximately 0.4 (Phikon-v2 on HER2) to 0.85
(CONCHv1.5 on ER), revealing substantial variation in pre-
diction consistency both across feature extractors and across
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III: PFM Scanner-Variability Robustness - Main Takeaways

(1/5) Current state-of-the-art PFMs are not invariant to scanner-induced domain shifts. Most

models encode pronounced scanner-specific variability in their feature embedding space.

(2/5) Although predictive performance largely remains similar when measured by AUC, this

masks an important failure mode: scanner variability systematically alters the embedding space

and impacts calibration of downstream model predictions, resulting in scanner-dependent bias.

(3/5) Robustness is not a simple function of training data scale, model size, or model recency.

(4/5) The models trained on the most diverse data, vision-language models, appear to have an

advantage with respect to robustness. More systematic analysis is however needed, comparing

vision-only and multimodal pretraining under controlled settings.

(5/5) Targeted robustness-oriented training strategies appear promising, as the distilled model

H0-mini consistently outperforms its larger teacher model H-optimus-0 across multiple aspects

of embedding stability and downstream prediction consistency.
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