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Abstract

Large pretrained transformers are increasingly being developed as generalised
‘foundation models’ which can underpin powerful task-specific artificial intel-
ligence models. Histopathology foundation models show great promise across
many tasks, but analyses have typically been limited by arbitrary hyperpa-
rameters that were not tuned to the specific task/dataset. We report the
most rigorous single-task validation of histopathology foundation models to
date, specifically in the context of ovarian cancer morphological subtyping.
Attention-based multiple instance learning classifiers were compared using
three ImageNet-pretrained feature extractors and fourteen histopathology
foundation models. The training set consisted of 1864 whole slide images
from 434 ovarian carcinoma cases at Leeds Teaching Hospitals NHS Trust.
Five-class classification performance was evaluated using balanced accuracy,
AUROC, and F1 scores through five-fold cross-validation, and these cross-
validation models were ensembled for hold-out testing and external validation
on the Transcanadian Study and OCEAN Challenge datasets. Reporting
followed the TRIPOD+AI checklist. The best-performing model used the H-
optimus-0 foundation model, with five-class balanced accuracies of 89%, 97%,
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and 74% in the test sets. Normalisations and augmentations aided the perfor-
mance of the ImageNet-pretrained ResNets, but these were still outperformed
by 13 of the 14 foundation models. Hyperparameter tuning the downstream
classifiers improved performance by a median 1.9% balanced accuracy, with
many improvements being statistically significant. Histopathology founda-
tion models offer a clear benefit to ovarian cancer subtyping, improving classi-
fication performance to a degree where clinical utility is tangible, albeit with
an increased computational burden. Such models could provide a second
opinion to histopathologists diagnosing challenging cases and may improve
the accuracy, objectivity, and efficiency of pathological diagnoses overall.
Code is made available at https://github.com/scjjb/0Ovarian_Features.

Keywords: Computer Vision, Digital Pathology, Computational
Pathology, Ovarian Carcinoma

Introduction

Ovarian cancer is the eighth most common cancer in women worldwide
and typically has a poor prognosis, with 324,000 diagnosed cases translating
to 207,000 deaths annually [1]. It is represented by an array of histological
(morphological) subtypes with distinct prognoses and treatment options [2].
Five carcinoma subtypes account for approximately 90% of all ovarian can-
cers - high-grade serous (HGSC, 70%), endometrioid (EC, 11%), clear cell
(CCC, 10%), low-grade serous (LGSC, 5%), and mucinous carcinomas (MC,
4%) 3], 4, B5].

Histological subtyping is an essential component of the diagnostic pro-
cess, but it can be challenging. From an individual slide, pathologists only
exhibit concordance on an ovarian cancer diagnosis around 80% of the time
[6]. In cases of uncertainty, a pathologist may request ancillary tests (such as
P53 immunohistochemistry) or seek a second opinion from a gynaecological
subspeciality expert, which incurs associated logistical and financial burdens.
With increasing cancer rates [I] and growing complexity in diagnostic testing,
histopathology services are increasingly struggling to meet demand globally.
For example, most histopathology departments in the UK regularly resort to
outsourcing work or hiring temporary staff [7], despite the UK being one of
the countries with the most pathologists per capita [§]. Any delays resulting
from demand outstripping diagnostic resources risk catastrophic impacts on
patient outcomes, with a four-week delay in cancer treatment being asso-
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ciated with an approximately 10% increased mortality rate among patients
[9].

Conceptually, artificial intelligence (AI) may offer clinical value by provid-
ing a second opinion to histopathologists, streamlining the diagnostic process
and offering additional support when subspecialty experts are not readily
available [10]. However, Al models for ovarian cancer diagnosis have yet to
demonstrate clinical utility, with most research being small-scale prototyp-
ing [I1] without regulatory approval for clinical use in Europe or the United
States [12]. Al for ovarian cancer subtyping has constituted a small field of
research where, aside from our work [I3], 14} [I5], research has almost exclu-
sively been published by a single group [16, 17, 18, 19, 20, 21, 22, 23]. While
the accuracy of such models has increased over time, the best models still
only achieve around 80% accuracy [15], 211, 22] 23], 24, 25] and lack sufficient
real-world testing.

One issue limiting AT in histopathology is that whole slide images (WSIs)
are orders of magnitude too large for conventional (single instance) models,
therefore multiple instance learning (MIL) is often employed [26]. In MIL,
individual patches (the ‘instances’) are separately processed and then aggre-
gated to learn information about a WSI. These models are impractical to
train end-to-end with such large images, so frozen patch feature extractors
are often used. As such, any limitation in the pretrained feature extractor
can limit downstream classification performance.

In applying MIL to WSI-level classification, many researchers have used
ImageNet-pretrained ResNets [27] for patch feature extraction [13] 20] 28]
29, [30%, 31]. ImageNet (a set of 1.4 million natural images from 1000 classes)
[32] is popular for model pretraining as the quantity and diversity of images
enables the creation of a multi-purpose feature set. However, these generic
features are likely to be suboptimal and computationally inefficient when
applied to histopathology images, which contain a relatively homogeneous
and restricted set of shapes and colours, with subtle differences being relevant
to diagnostic decisions [5], [33].

Recently, many researchers have attempted to create histopathology
‘foundation models’; using self-supervised learning (SSL) techniques to gen-
erate broad histopathological feature sets which are not specific to a single
organ/cancer type. These approaches have grown rapidly, from tens of thou-
sands of WSIs used to train models with tens of millions of parameters in
2022 and early 2023 [34] [35], 36, 37, 38, 39] to millions of WSIs [40], 41, 42]
and billions of parameters more recently [25 [43]. Foundation models have
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typically been based on vision transformers (ViTs), utilizing the impressive
scalability of transformers seen across many fields, most notably with large
language models [44) [45]. Histopathology foundation models have exhibited
impressive performance across diverse tasks [37, 46, 47, 48] including ovarian
cancer subtyping [15], 24) 25], although analyses have been relatively shallow,
without thorough hyperparameter tuning and rigorous statistical compari-
son of downstream models. Consequently, it is unclear whether models were
applied optimally (especially those exhibiting sub-optimal performance), and
whether the differences between them were significant. Furthermore, many
analyses have been conducted using single-centre data, limiting the assess-
ment of models’ generalisability.

In this study, we present the most comprehensive validation conducted
to date comparing feature extraction methods for ovarian cancer subtyp-
ing, including three ImageNet-pretrained feature extractors and fourteen
histopathology foundation models. The analysis includes rigorous hyperpa-
rameter tuning and evaluations through five-fold cross-validation, hold-out
testing, and external validations, and was conducted with the largest collec-
tion of ovarian cancer WSIs used in any Al validation study to date. We
further investigate whether the classification performance of the ImageNet-
pretrained ResNet50 features can match those of the foundation models
through stain normalisation, tissue augmentation, or different tissue detec-
tion techniques.

Materials and Methods

Ovarian Carcinoma Histopathology Data

A training set of 1864 formalin-fixed, paraffin-embedded (FFPE) adnexal
tissue WSIs was retrospectively collected from 434 cases of ovarian carci-
noma treated at Leeds Teaching Hospitals NHS Trust between 2008 and 2022.
Cases were only included if a gynaecological pathologist had diagnosed them
as one of the five most common epithelial ovarian cancer subtypes (HGSC,
LGSC, CCC, MC, EC). A histopathologist (KA) independently verified all
diagnoses, removing any cases with discrepancies. Several representative
haematoxylin and eosin (H&E)-stained adnexal tissue glass slides were se-
lected for each case, cleaned, anonymised, and digitised at 40x magnification
using a Leica Aperio AT2 scanner. The population-level class imbalance
was reflected in the training set (Table , with the least common subtype
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Carcinoma Training WSIs | Hold-out WSIs | Transcanadian [33] | OCEAN [49]
Subtype (Patients) (Patients) WSIs (Patients) WSIs
High-Grade Serous
(HGSC) 1266 (308) 20 (7) 30 (30) 217
Low-Grade Serous
(LOSC) 92 (21) 20 (6) 9 (9) 42
Clear Cell
(CCO) 198 (45) 20 (7) 20 (20) 94
Endometrioid
(EC) 209 (38) 20 (5) 11 (11) 119
Mucinous
(MO) 99 (22) 20 (5) 10 (10) 41
Total 1864 (434) 100 (30) 80 (80) 513

Table 1: Dataset breakdown for the training (cross-validation) set, independent internal
hold-out test set, and external validation sets. Numbers in brackets indicate the number
of unique patients where this is known.

(LGSC) represented by only 92 WSIs from 21 cases, compared to 1266 WSIs
from 308 cases for the most common subtype (HGSC).

An independent class-balanced hold-out test set was collected through
the same protocol, consisting of 100 primary surgery specimen WSIs from
30 patients. Two additional external test sets were also used. The Tran-
scanadian Study dataset [33] consisted of 80 WSIs from 80 patients, which
had been digitised using an AperioScope scanner and made available at 20x
magnification alongside subtype labels that had been determined by a gynae-
cological pathologist. The OCEAN Challenge dataset contained 513 WSIs
that had been labelled as one of the five main ovarian carcinoma subtypes.
This was a highly heterogeneous dataset, with tissue prepared and digitised
across many different labs. However, information was not provided concern-
ing how ground-truth labels were determined and which tissue types were
included.

The main aim of this study was to classify the subtype of primary surgery
specimens, which are the initial samples available for pathological analysis.
These samples typically have the highest diagnostic quality, as subsequent
interval debulking surgery (IDS) samples are impacted by cancer treatments
and are thus presumed to have less reliable morphological features. The
internal hold-out and Transcanadian Study validation sets contained only
primary surgery specimens. It was unclear which samples were included in
the OCEAN challenge dataset. The training set contained both primary and
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IDS specimens, as we have previously found the latter to be beneficial in
supplementing training data [50].

Slide Classification Pipeline

WSI Tissue Patch Extraction Patch Feature Extraction  Attention-based Aggregation WSI Classification
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Figure 1: Attention-based multiple instance learning (ABMIL) [51] model pipeline for ovar-
ian cancer subtyping, showing the classification of a high-grade serous carcinoma (HGSC).

Slide classification was performed using an attention-based multiple in-
stance learning (ABMIL) [51] classification pipeline (Figure [I)), one of the
most commonly used slide classification techniques in contemporary research
[52]. WSI preprocessing and patch extractions were performed using the
CLAM default procedures [28]. First, tissue was segmented from plain back-
ground using saturation thresholding, where only the pixels with satura-
tion higher than the threshold (8/255) were labelled as tissue. Then, non-
overlapping 1024x1024 pixel tissue patches were extracted at the native 40x
tissue magnification and downsampled to 256x256 pixels at 10x apparent
magnification, which was previously found to be optimal for this task when
using the ResNet50 encoder [14]. For external data, 512x512 pixel tissue
patches were extracted at the native 20x magnification and downsampled
to achieve the same 256x256 pixels at 10x apparent magnification. Fea-
tures were then extracted from these patches following the specific procedure
of each feature extraction model, which typically involved first applying a
standard normalisation to the red-green-blue (RGB) colour channels, and
for ViT-based models typically also involved resizing or cropping patches to
224x224 pixels.

Patch features were then used to train an ABMIL classifier for each fea-
ture extractor. In ABMIL, the patch features were passed through a train-
able attention layer which assigned each patch an attention score (between
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0 and 1) representing the relative importance of the patch in downstream
classification. An attention-weighted average of the patch features generated
WSlI-level features, which were classified through a fully connected neural
network with one output node per class. The outputs were passed through
the softmax function to generate the (uncalibrated) classification probabili-

ties for each subtype, with the maximum taken as the predicted class.

Feature Extraction Models

Feature Data Pretraining Pretraining Pretraining Patch
Extractor Backbone Type Data Source Algorithm Images Magnification(s) Parameters Features
RN50 [27] ResNet50 Natural ImageNet-1k Supervised 1,431,167 NA 8,543,296 1024
RN18 [27] ResNet18 Natural ImageNet-1k Supervised 1,431,167 NA 11,176,512 512
ViT-L [53] ViT-L Natural ImageNet-21k Supervised 14,197,122 NA 303,301,632 1024

RN18-Histo [34] ResNet18 Histo 57 Online Sets SimCLR >25,000 WSIs  10x,20x,40x,100x 11,176,512 512
Lunit [37)] ViT-S Histo TCGA + Internal DINO 36,666 WSIs 20x,40x 21,670,272 384
RN50-Histo [37) ResNet50 Histo TCGA + Internal Barlow Twins 36,666 WSIs 20x,40x 23,508,032 2048
CTransPath [36] | CNN + SwinT  Histo TCGA + PAIP Novel SSL 32,220 WSIs 20x 27,520,038 768
Hibou-B [40] ViT-B Histo Internal DINOv2 1,141,581 WSIs Unclear 85,741,056 768
Phikon [38] ViT-B Histo TCGA iBOT 6,093 WSIs 20x 85,798,656 768
Kaiko-B8 [54] ViT-B Histo TCGA DINO ~29,000 WSIs 5x,10x,20x,40x 85,807,872 768
GPFM [24] ViT-L Histo 47 Online Sets ~ Novel Distillation 72,280 WSIs Unclear 303,228,928 1024
UNTI [47] ViT-L Histo  Internal + GTEx DINOv2 100,426 WSIs 20x 303,350,784 1024
Hibou-L [40] ViT-L Histo Internal DINOv2 1,141,581 WSIs Unclear 303,659,264 1024
Virchow [41] ViT-H Histo Internal DINOv2 1,488,550 WSIs 20x 631,229,184 2560
Virchow2-CLS [42] ViT-H Histo Internal DINOv2 3,134,922 WSIs 5x,10x,20x,40x 631,239,424 1280
H-optimus-0 [43] ViT-g Histo Internal DINOv2 >500,000 WSIs 20x 1,134,774,272 1536
Prov-GigaPath [25] ViT-g Histo Internal DINOv2 171,189 WSIs 20x 1,134,953,984 1536

Table 2: Summary of the seventeen feature extraction models.

A total of seventeen patch feature extractors were compared (Table ,

three of which had been trained through the traditional approach of super-
vised classification on ITmageNet data [32], and the other fourteen had been
trained using histopathology images through various self-supervised learning
(SSL) approaches. All feature extractors were available online, with some
requiring approval before they could be accessed.

The ImageNet-pretrained models were a ResNet50 [27], ResNet18 [27],
and a large vision transformer (ViT-L) [53]. The ResNet50 outputs were
taken from the end of the third residual block (as in CLAM [2§]) to give 1024
features per input patch. The ResNet18 does not have a layer this large, so
512 features were extracted from the end of the fourth residual block instead.
ViT-L was applied without a final fully connected layer to give 1024 features
per patch. ImageNet-pretraining for ResNet models had been conducted
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using the original 1,000 class ImageNet dataset alone, whereas the ViT-L was
first trained on the much larger set of nearly 22,000 classes, and then fine-
tuned to the same set of 1,000 classes. The reported ImageNet classification
accuracies were 80.9%, 69.8%, and 85.1% for ResNet50, ResNet18, and ViT-
L, respectively.

The SSL pretraining of the foundation models allowed large quantities of
diverse data to be leveraged without the need for extensive labelling. One
of the earliest histopathology foundation models was a ResNet18 trained
through a self-supervised strategy with 57 online datasets in 2021 [34], which
we refer to as ‘RN18-Histo’. A similar approach was taken in a subsequent
study to pre-train a ResNet50 with a combination of TCGA and propri-
etary data, which we refer to as ‘RN50-Histo’ [37]. Another early approach,
CTransPath [36], used a novel backbone which combined a CNN with a Swin
Transformer, and pretrained these through a novel SSL strategy using mul-
tiple online datasets.

Newer histopathology foundation models have typically used vision trans-
former backbones. The smallest such model, Lunit [37], was based on the
small vision transformer backbone (ViT-S), which gave a model of a simi-
lar size as RN50-Histo that had been pretrained on the same dataset (using
DINO). Three of the foundation models were built using the base vision
transformer (ViT-B) backbone with different pretraining procedures, with
Phikon [38] trained using iBOT on a small subset of TCGA data, Kaiko-B8
[54] on a much larger set of TCGA data using DINO, and Hibou-B [40] on a
huge proprietary dataset using DINOv2. The authors of Kaiko-B8 also made
their model available with four other backbone sizes, though the B8 varia-
tion gave the best overall performance in their evaluations [54]. Hibou-B was
included as it was the best-available version of this model when initial val-
idations were conducted, although the authors reported their larger model,
Hibou-L, to have given better performance [40].

The largest histopathology foundation models (all published in 2024) have
typically trained larger vision transformers with proprietary datasets of over
50,000 WSTs using DINOv2 [55]. GPFM [24], UNI [47], and Hibou-L are large
vision transformers (ViT-L) trained with 72,280 WSIs, 100,426 WSIs, and
1,141,581 WSIs, respectively. Virchow [41] and its recent update, Virchow?2
[42], are huge vision transformers (ViT-H) trained with the largest dataset
for any histopathology foundation model to date, with nearly 1.5m WSIs
in the first version and over 3m WSIs in the second version. Virchow also
has the largest feature space as the class tokens are concatenated with the
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average patch tokens, where typically only the class tokens would be used.
As Virchow?2 was reported by the original authors to give better results using
just the class tokens [42], we adopted this version as ‘Virchow2-CLS’.

Prov-GigaPath [25] and H-optimus-0 [43] were the largest accessible
histopathology foundation models by far, with the ViT-g backbone giv-
ing over one billion parameters, nearly twice as many as the next largest
(Virchow2-CLS), and over 100x as many parameters as the smallest founda-
tion model (RN18-Histo). These models had also been trained with hundreds
of thousands of WSIs. Prov-GigaPath includes a patch-to-slide aggregator,
though we focused only on the patch feature extractor.

Normalisation and Augmentation Analysis

To investigate whether the baseline ImageNet-pretrained ResNetb0 en-
coder could be made competitive with the modern alternatives, we applied
this feature extractor with a variety of data preprocessing techniques. Seven
approaches were evaluated, with two applying stain normalisations (Rein-
hard [56] and Macenko [57]), two applying Otsu thresholding [58] for tissue
detection (with and without Macenko normalisation), and three applying
data augmentation (increasing the apparent dataset size by factors of 5, 10,

and 20). These methods are described in further detail in [Appendix D]

Hyperparameter Tuning and Evaluation Procedures

ABMIL classifiers were tuned using an iterative grid search where typ-
ically two hyperparameters were adjusted at a time, with the best taken
forward to the next iteration. Ten hyperparameters were tuned using the
average loss of the five-fold validation sets. Seven of these hyperparameters
directly influenced the Adam optimiser [59], controlling the learning rate,
learning rate decay proportion and patience, first and second moment decay,
optimisation stability, and L2 regularisation rate. The remaining hyperpa-
rameters controlled the model size (the dimension of the attention layer and
subsequent fully connected layer), and the proportions of parameter dropout
and data dropout during training. Models were trained using a balanced
cross-entropy loss and class-weighted sampling to help account for the class
imbalance in the training set. Initial hyperparameters were determined based
on a previous study in which ABMIL was tuned using ResNet50 features for
the same task with a smaller dataset [14]. Over 150 unique hyperparameter
configurations were evaluated during the tuning of each classifier.
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Models were evaluated using the balanced accuracy, macro-averaged area
under the receiver operating characteristic curve (AUROC), and macro F1
score. These metrics assessed different aspects of classification performance,
with AUROC giving a holistic but imbalanced overview of discriminative
power, F1 giving a balanced measure of predictive performance at a specific
threshold, and balanced accuracy representing realistic clinical performance.
Stratified five-fold cross-validation (split 60-20-20 train-val-test at the case
level to avoid data leakage) was employed during training. In hold-out testing
and external validations, the predictions of the five cross-validation models
were averaged to generate an ensembled classification. All results were re-
ported using the mean and 95% confidence intervals from 10,000 iterations of
bootstrapping. An ablation study was also conducted to investigate whether
hyperparameter tuning improved model performance, with the performance
of the tuned models compared to those using the default hyperparameters.

Paired t-tests were used to test for statistically significant differences be-
tween each model and the baseline ResNet50 across the five cross-validation
folds, with p-values adjusted for multiple testing using a false discovery rate
correction [60]. Results were considered statistically significant given an ad-
justed p-value < 0.05. Paired t-tests were also used in the hyperparameter
tuning ablation to determine whether tuning the ABMIL classifiers had a
statistically significant effect on the final results.

This manuscript was prepared following the TRIPOD+AI (Transparent
Reporting of a multivariable prediction model for Individual Prognosis Or
Diagnosis + Artificial Intelligence) checklist [61] to ensure thorough report-
ing, with the completed checklist available in The PyTorch-
based code used in this study is available at https://github.com/scjjb/
Ovarian_Features. Experiments were conducted using an NVIDIA A100
GPU and 32 AMD EPYC7742 CPUs @3.4GHz.

Results

As shown in Figure 2] no single model gave the greatest results in ev-
ery validation, with Virchow2-CLS giving the greatest performance in cross-
validation, H-optimus-0 in hold-out testing and the Transcanadian Study
external validation, and Virchow in the OCEAN Challenge external valida-
tion. RN18-Histo had the worst performance of any foundation model in
all validations and was the only foundation model to perform worse than

11


https://github.com/scjjb/Ovarian_Features
https://github.com/scjjb/Ovarian_Features

1.00
0.90
0.80
0.70
0.60
0.50

Cross-Validation

0.40

1.00
0.90
0.80
0.70

0.60

Hold-out Testing

0.50

0.40

1.00
0.90
0.80
0.70
0.60
050
C 040

1.00
0.90

0.80

0.70

0.60

0.50

OCEAN

0.40

Balanced Accuracy AUROC F1 Score
1.00 - 1.00
1 0.90
0.95 ; 0.80
0.90 : 0.70
i 0.60
0.85 0.50
0.40
0.80
1.00 T 1.00
0.90
0.95 : 0.80
i 0.90 070
0.60
0.85 0.50
0.40
0.80
1.00 - 1.00
: 0.90
0.95 0.80
0.90 0.70
0.60
0.85 0.50
0.40
0.80
1.00 1.00
0.90
0.95

0.80

0.70

0.60

0.50

0.40

Figure 2: Ovarian cancer subtyping results for each feature extractor (mean and 95% confi-
dence interval generated by 10,000 iterations of bootstrapping). Blue indicates ImageNet-
pretrained feature extractors, orange indicates histopathology foundation models. Hold-
out testing and external validation results are based on an ensemble of cross-validation

models. Precise values are tabulated in
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an ImageNet-pretrained encoder overall. Expanded results are provided in
[Appendix B|and [Appendix k|

Feature Balanced AUROC F1 Score
Extractor Accuracy
ImageNet- RN50 61.2% 0.908 0.585
Pretrained RN18 62.8% 0.903 0.607
Models ViT-L 69.7% 0.917 0.692
RN18-Histo 62.0% 0.889 0.601
Lunit 78.6% 0.951 0.780
RNb50-Histo 74.7% 0.953 0.749
CTransPath 76.2% 0.948 0.751
Hibou-B 77.9% 0.957 0.775
Histopathology Phikon 75.7% 0.941 0.754
Foundation Kaiko-B8 80.0% 0.955 0.794
Models GPFM 81.4% 0.956 0.811
UNI 82.9% 0.963 0.820
Hibou-L 76.9% 0.956 0.762
Virchow 80.1% 0.963 0.785
Virchow2-CLS 82.6% 0.966 0.811
H-optimus-0 83.0% 0.965 0.822
Prov-GigaPath 79.8% 0.960 0.791

Table 3: Averaged results across the four validations. The greatest result for each metric
is shown in bold.

The H-optimus-0 model achieved the greatest averaged performance
across all validations (Table [3)), with 83.0% average balanced accuracy, 0.965
average AUROC, and 0.822 average F'1 score. This performance was closely
followed by that of UNT and Virchow2-CLS. The worst averaged performances
were given by CNN-based feature extraction models (RN50, RN18, RN18-
Histo), followed by the ImageNet-pretrained vision transformer. Confusion
matrices for the optimal H-optimus-0 model are provided in Figure [3]

The difference in performance between each foundation model (except
RN18-Histo) and the baseline Imagenet-pretrained ResNet50 was found to
be significant by all metrics in all validations, except by the AUROC in
cross-validation (for nine foundation models), RN50-Histo by most metrics
in internal validations, and Hibou-B by balanced accuracy in the external
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Cross-validation Hold-out Testing

Predicted Subtype Predicted Subtype
HGSC | LGSC | CCC EC MC HGSC | LGSC | CCC EC MC
2| HGSC | 1172 52 23 17 2 | HGSC 20 0 0 0 0
13 LGSC 42 45 4 1 ‘:3 LGSC 0 16 1
rfg CCC 32 7 158 0 1 '23" CCC 6 13 0
2 e | 19 7 | o |17 16 | ¥ e | 0 20
MC 2 0 5 33 59 MC 0 0 20
External Validation — Transcanadian Study External Validation — OCEAN Challenge
Predicted Subtype Predicted Subtype
HGSC | LGSC | CCC EC MC HGSC | LGSC | CCC EC MC
2 | HGSC 30 0 0 2| HGSC | 174 9 30 2 2
33 LGSC | 1 8 0 23 LGSC | 16 23 2
g CCC 1 0 19 ,—:u CCC 0 0 94 0 0
g EC 0 0 11 g EC 23 5 20 53 18
MC 0 0 0 10 MC 1 0 2 1 37

Figure 3: Confusion matrices for the optimal ABMIL classifier with features from the
H-optimus-0 foundation model. Correct classifications are indicated in green.

validation on the OCEAN Challenge dataset. There was no significant dif-
ference between the performance of the baseline model and either the RN18
feature extractor or the RN18-Histo foundation model in most validations.
The difference between the baseline ResNet50 and the ViT-L feature extrac-
tor was statistically significant in most validations for the balanced accuracy
and F1 score, but not the AUROC. The p-values are tabulated in
[El
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Normalisation and Augmentation Results

As shown in Figure ] different preprocessing techniques had inconsistent
effects on the baseline ResNet50 feature extractor, with modest benefits in
internal validations, and variable effects in external validations. In cross-
validation, no pre-processing method improved the balanced accuracy or F1
score by more than 0.02, and improvement was seen in AUROC with any
method. In hold-out testing, only the 20x colour augmentation improved
performance, increasing F1 by 0.023 and balanced accuracy by 0.020, but
reducing AUROC by 0.012. However, in the external validation on the Tran-
scanadian Study dataset, every preprocessing method improved performance
compared to the baseline by over 0.05 balanced accuracy and F1 score, and
over 0.002 AUROC. The greatest performances in this validation were found
by combining Otsu thresholding with Macenko normalisation and by 20x
colour augmentations, which each increased the F1 score and balanced ac-
curacy above baseline performance by over 0.1, and AUROC by over 0.016.
For the OCEAN Challenge dataset, most preprocessing methods gave worse
results than the baseline approach, with only Otsu thresholding providing
any benefit over the baseline performance.

Despite some modest improvements offered by different preprocessing
techniques, particularly in the Transcanadian Study external validation, the
best-performing model based on the ImageNet-pretrained ResNet50 back-
bone was still outperformed by every foundation model (except RN18-Histo)
in every validation. Furthermore, none of the different preprocessing meth-
ods gave statistically significant differences in performance compared to the
baseline approach in any validation. These results are explored further in
Append D)
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Figure 4: Balanced accuracy results for each ImageNet-pretrained feature extractor (blue),
including the seven ResNet50 models with varied preprocessing techniques (green), as well
as the three worst-performing (RN18-Histo, RN50-Histo, and CTransPath) and the best-
performing foundation models (H-optimus-0) in (a) cross-validation, (b) hold-out testing,
(c) external validation on the Transcanadian Study dataset, (d) external validation on the
OCEAN Challenge dataset. For validations (b)-(d), predictions were ensembled from the
five cross-validation models. Results reported as the mean and 95% confidence interval
generated by 10,000 iterations of bootstrapping. Precise values and other metric results

are tabulated in
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Hyperparameter Tuning Ablation Results

1.00 T
(@ i
0.90 - i *
! *
0.80 |
! + X
0.70 - i *
i
0.60 A ’_I
0.50 A
[ Before Tuning [ Before Tuning
0.40 - [ After Tuning [ After Tuning
1.00 1
(d) |
0.90 A B !
1
1
0.80 . | x KX
i
0.70 - - i
1
1
0.60 - .
(f
{
0.50 A . - f '
[ Before Tuning i [ Before Tuning
0.40 - [ After Tuning g f [ After Tuning
{
IS AN VIRZ NS QO VO OLXLOID VYOS
SRS HSASE RS ARICR Sy
PO Ly &3 TT2IVY 0)»05\0.&90 NG
SONJCSSIN D Sa] Ve IS0
SQG S LKL 23 PN
SO S &0 IO
SR KNS

Figure 5: Balanced accuracy results for each model compared with the ABMIL classifier
trained using the default hyperparameters (pink) and the tuned hyperparameters (blue)
for (a) cross-validation, (b) hold-out testing, (c) external validation on the Transcanadian
Study dataset, (d) external validation on the OCEAN Challenge dataset. For validations
(b)-(d), predictions were ensembled from the five cross-validation models. *Indicates a
significant difference in the paired t-test at the 5% significance level.

The balanced accuracy results of each ABMIL classifier trained with the
default hyperparameters (without tuning) are compared to the tuned model
results in Figure[5] with exact values and other metrics provided in[Appendix]
The median impact of hyperparameter tuning was an improvement of 1.9%
balanced accuracy, 0.005 AUROC, and 0.025 F1 score, though the effect on
any given model in any given validation was variable, with balanced accura-
cies changed by —6.6% to +15.0%, AUROCs by —0.013 to +0.041, and F1
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scores by —0.073 to +0.146. The only models which did not benefit from
hyperparameter tuning were those using the ResNet50, ResNet18, Phikon,
and H-optimus-0 feature extractors. All of the other models had a statisti-
cally significant difference between tuned and untuned results in at least one
evaluation , with these significant differences only occurring
in cases where tuning improved performance. The optimal hyperparame-
ters from tuning each model and the loss from each hyperparameter tuning

iteration are reported in [Appendix Al
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Discussion

In this study, we thoroughly compared the effects of different patch fea-
ture extractors on the slide-level classification of ovarian carcinoma morpho-
logical subtypes. The results indicated that transformer-based histopathol-
ogy foundation models improved downstream classification when compared
to non-domain-specific and ResNet-based feature extractors, with 13 out of
14 foundation models outperforming all ImageNet-pretrained models in all
evaluations. The strong performance of foundation models was particularly
impressive considering that they were applied here at 10x magnification, de-
spite often only being trained using 20x magnification data.

The only foundation model which did not exceed ImageNet-pretrained
model performance was RN18-Histo, which was the single worst-performing
model in hold-out testing and external validation on the Transcanadian
Study, though it did outperform the ImageNet-pretrained ResNet models in
the other two validations. RN18-Histo was the earliest published histopathol-
ogy foundation model and as such it was one of the few foundation models
to not use a transformer-based backbone. In this study, RN18-Histo was also
the smallest foundation model, had the second-smallest feature space, and
was pretrained with the second-smallest dataset.
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Figure 6: Balanced accuracy results for each histopathology foundation model-based clas-
sifier in each validation shown in relation to the number of model parameters and number
of WSIs used in the pretraining of the foundation model. The line of best fit and the
corresponding coefficient of determination (R?) are provided for each validation.
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As shown in Figure [0} in most validations there was a slight positive re-
lationship between performance (specifically, balanced accuracy) and each of
the foundation model size and pretraining dataset size. These relationships
were fairly weak, with the relationship between performance and foundation
model size having R? values between 0.02 and 0.36, and the relationship be-
tween performance and pretraining dataset size between -0.01 and 0.24. The
greatest performance in most validations was achieved by one of the largest
models (Virchow, Virchow2-CLS, H-optimus-0), though in the Transcanadian
Study external validation the smaller GPFM model performed best, and the
single largest model (Prov-GigaPath) did not achieve optimal results in any
validation. Three models were trained with over one million WSIs, with two
being among the best-performing models (Virchow, Virchow2-CLS), and the
other being one of the worst-performing ViT-based foundation models overall
(Hibou-B).

To investigate which foundation models outperformed expectations, we
investigated which models had positive residuals of at least 1% when com-
pared to the lines of best fit in Figure[6] UNI and Kaiko-BS8 consistently per-
formed better than expected given their foundation model size, with GPFM
and Virchow2-CLS performing better than expected in three of four vali-
dations. The UNI and GPFM models consistently performed better than
expected given the pretraining dataset size, with Kaiko-B8, Virchow2-CLS
and H-optimus-0 all better than expected in three of four validations. These
results indicate that UNI is particularly data-efficient and computationally-
efficient for a foundation model of its ability. It is not clear how UNI outper-
formed expectations in this way, with similar overall methodologies employed
in training models which did not achieve such great results. The proportion
of gynaecological WSIs in the UNI training set (5.8%) was exceeded in the
training of several other models [24], 34], [38] 40}, [41], though for most models it
was not clear what proportion of the training set was specifically composed of
the five subtypes of interest, so it is not clear whether this was an influential
factor.

Different preprocessing techniques often had little impact on internal per-
formance (likely due to the homogeneity of the single-centre dataset) and on
the OCEAN Challenge validation set, but they did aid the generalisability
to the Transcanadian Study dataset. There was a modest positive trend
between the number of augmentations used and the resulting model per-
formance which may continue beyond the x20 augmentations used herein,
though this may not be worth the considerable associated computational
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burden since the normalisation approaches achieved a similar level of per-
formance. No individual normalisation, augmentation, or tissue detection
approach consistently improved performance, with each giving worse perfor-
mance than the baseline in at least one validation. As such, we believe there
is much greater value in selecting the optimal feature extractor than there is
in applying varied preprocessing techniques in the training of a downstream
classifier.

Performance was generally higher in hold-out testing than in cross-
validation and was higher still in the external validation with the Tran-
scanadian Study dataset. However, the external validation with the OCEAN
dataset gave similar performance to that of cross-validation. This may be
influenced by the diagnostic quality of the data - validations using only stag-
ing data achieved optimal balanced accuracies of 89% and 97%, compared to
only 75% and 80% in the validations including IDS samples (which can pose
diagnostic challenges due to chemotherapy-induced morphological changes,
such as varying amounts of cell death and associated changes in surround-
ing stroma). The Transcanadian Study set contained a single representative
staging slide of the tumour per patient and the slides were largely devoid
of artifacts. This particularly high-quality data may represent a best-case
research scenario, rather than a more realistic representation of the variable
quality and tumour content of clinical slides, where guidance recommends the
sampling of heterogeneous areas of tumour that have the potential to compro-
mise the quality of slide preparation and interpretation, such as calcification
or necrosis. The hold-out and external validations likely also benefitted from
the five-fold ensembled predictions when compared to the five-fold cross-
validation. While this is the most comprehensive study of Al ovarian cancer
subtyping to date, the relatively small size of the test sets still results in a
high level of uncertainty, as reflected by the wide confidence intervals. Thus,
part of the difference in performance between datasets may be attributed to
random chance.

The results of this study are similar to those of the only previous stud-
ies to use large ovarian cancer subtyping datasets (each with around 1000
WSIs) [21], 22, 23]. One study presented a multi-scale graph model [22] and
reported an optimal cross-validation balanced accuracy of 73% and F1 score
of 0.69, respectively. Another [2I] evaluated four MIL approaches and re-
ported an optimal cross-validation balanced accuracy of 81%, AUROC of
0.95, and F1 score of 0.79. In an external validation using an ensemble of
cross-validation models on 60 WSIs, the authors reported a balanced accu-
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racy of 80%, AUROC of 0.96, and F1 score of 0.81. The final study focused on
adversarial domain adaptation [23] and achieved optimal internal and exter-
nal balanced accuracies of 80% and 83% from a CTransPath-based MIL clas-
sifier. Other studies applying foundation models to ovarian cancer subtyping
have reported optimal balanced accuracies of 82% and ~88% using UNI on
the OCEAN dataset and Prov-GigaPath on an internal dataset, respectively
[24, 25]. These comparisons are provided for context and should not be con-
sidered to be conclusive given the differences in the datasets used. A sparsity
of publicly available data has limited external validations in most previous
research [I1], and for the largest accessible dataset (the OCEAN Challenge
set) very little information has been provided about the data provenance.

To qualitatively analyse the differences between foundation models and
ImageNet-pretrained CNNs, two pathologists (KA and NMO) qualitatively
compared the ABMIL attention heatmaps (Figure [7]) generated using the
baseline ResNet50 and the UNI foundation model. Most heatmaps were well-
focused on tumour and relevant stromal regions for both models, with often
only subtle differences between them. The UNI-based heatmaps generally
indicated a slightly greater focus on tumour tissue, whereas the ResNet50
model also paid attention to some stromal regions of variable diagnostic
relevance (Appendix F)). Attention heatmaps can be useful for identifying
potential sources of error but should be interpreted with caution since they
cannot provide a complete explanation of classification decisions [62].

In this study, we reported the second-highest ever performance of an
AT model for ovarian cancer subtyping (behind our concurrent study using
multi-resolution graph networks with the UNI encoder), with 97% balanced
accuracy on the Transcanadian Study dataset. However, results were variable
across datasets. The improved performance from histopathology foundation
models is promising for the potential clinical utility of these Al approaches,
though further work is required to ensure that the models generalise to all
relevant sources of variation, especially across different histopathology labs
and slide scanners. This should include robustness to lower quality data
and artifacts to reduce the burden of quality control, which otherwise risks
sacrificing any time savings the models could provide to diagnostic services.
Furthermore, it is currently unclear how best to present automatically gen-
erated information to pathologists to assist them, rather than to distract,
frustrate, or confuse them. This may require improved model interpretabil-
ity and a measure of model uncertainty, especially considering the existence
of rare subtypes which are notoriously difficult to collect sufficient data on
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Figure 7: Attention heatmaps from the ABMIL classifier using the ImageNet-pretrained
ResNet50 and histopathology-UNI foundation model features. (Upper) A typical differ-
ence between heatmaps with different diagnoses. (Lower) The most extreme qualitative
difference found between heatmaps in the internal test set. In both examples, the UNI
classification was correct (upper - MC, lower - CCC) , and the ResNet50 classification was
incorrect (upper - EC, lower - MC). These heatmaps are based on 256x256 pixel patches
with 50% overlap at 10x apparent magnification, with visual differences caused by the
variable size of resection samples.
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outside the context of multi-centre collections.

Ideally, algorithms would be made more computationally efficient for use
in the clinic, but the best-performing foundation models are much less com-
putationally efficient than the ResNet. This problem is exacerbated by the
limited digitisation of histopathology services, with most pathological diag-
noses still made under a microscope. Al adoption will be contingent on it
being accessible and beneficial given limited computational infrastructure
and users who may not be technological experts. While various issues are
inhibiting the clinical translation of ovarian cancer subtyping models, these
seem increasingly likely to be overcome in the near future.

Conclusion

In this study, we conducted a rigorous validation of feature extraction
methods for ovarian cancer subtyping. We found that the features gener-
ated by histopathology foundation models drastically improved downstream
classification performance when compared to ImageNet-pretrained feature
extractors. Several different data preprocessing techniques were evaluated in
an attempt to improve the performance of the ImageNet-pretrained ResNet50
baseline, and while these somewhat improved performance, they were far
from sufficient to match the performance of the foundation models. Through
a five-fold ensemble of ABMIL classifiers, the best overall foundation model,
H-optimus-0, achieved a five-class balanced accuracy of 89% on internal test
data and 97% and 80% on external test sets, compared to 68%, 81%, and 55%
respectively for the best ImageNet-pretrained ResNet models. The largest
models and those pretrained with the largest datasets generally gave the
best performance, though the UNI foundation model was one of the best-
performing models despite a relatively moderate model and dataset size.
Hyperparameter tuning the downstream classifiers improved classification
performance by a median of 1.9% balanced accuracy, although this was vari-
able. While the improved classification performance offered by histopathol-
ogy foundation models may be sufficient for clinical implementation, the need
to address logistical hurdles and conduct larger-scale validations remains.
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Appendix A. Hyperparameter Tuning Detalils

Tuning | Learning Weight MFOi::nt ﬁiﬁggﬁt Stability LR Decay LR Decay Model Drop Max
Iteration Rate Decay Parameter Patience Factor Size Out Patches
Decay Decay
1 v v
2 v v
3 v v
4 v v
5 v v
6 v v
7 v v
8 v v
9 v
10 v v v
11 v v
12 v v
13 v v
14 v v
15 v
16 v v
17 v v v v v

Table A.4: Iterative hyperparameter tuning procedure, with check marks (v') indicating
the hyperparameters that were adjusted at each stage of tuning, with all others frozen.

Hyperparameter tuning was conducted over seventeen iterations for the
ten ABMIL classifier hyperparameters, as shown in Table [A.4] The optimal
hyperparameters (Table typically did not vary greatly for models using
the same feature extraction backbone, with a few notable exceptions. The
regularisation hyperparameters (drop out, weight decay, max patches) var-
ied greatly across all models, including those with the same backbone. The
classifier based on the x5 augmented training data was the smallest ResNet50-
based classifier by far (and had the smallest stability parameter and learning
rate decay factor), with only 0.1M parameters compared to the next smallest
at 0.7M. The ViT-based models had between 0.2M (H-optimus-0) and 1.6M
parameters (Virchow). The largest ViT-based encoders typically had smaller
values for the first moment decay (0.5-0.75) than the smaller ViT-based en-
coders (0.9-0.99). Other hyperparameters were relatively stable within a
given feature extractor.

Some hyperparameters varied greatly between model architectures. The
learning rate was much smaller for ViT-based models (0.00001-0.0002) than
ImageNet-pretrained ResNet50 models (0.001-0.002) and often had a faster
rate of decay. The Adam optimiser first and second moment decay param-
eters were also often higher in ViT-based models than in ResNet50 models.
Other hyperparameters were relatively consistent between model architec-
tures.
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Figure A.8: Average validation loss from five-fold cross-validation for each model and each
hyperparameter tuning iteration.

As shown in Figure[A.8] most of the benefit of hyperparameter tuning was
achieved within the first few tuning iterations. This indicates the importance
of tuning the key hyperparameters (especially learning rate and model size)
and also indicates that hyperparameter tuning does not necessarily need to
be extensive to provide a benefit. The models with larger feature extractors
typically achieved smaller loss values in tuning. It is worth noting that
the ABMIL classifiers were orders of magnitude smaller than the feature
extraction models, making it much more computationally feasible to tune
the classifiers than the feature extractors.
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First

Second

Feature Learning LR Decay LR Decay Moment Moment Stability | Drop Weight Max Model
Extractor Rate (LR) Patience Factor Parameter | Out Decay Patches Size
Decay Decay

RN50 2c-3 20 0.75 0.75 0.95 le-2 0.4 le-3 800 [512,128]
RN18 le-4 20 0.9 0.8 0.99 le-4 0.5 le-5 700 [1024,256]
ViT-L 5e-5 10 0.35 0.85 0.999 le-3 0.0 le-1 800 [512,384]
RN18-Histo 2e-4 20 0.9 0.9 0.99 le-4 0.6 le-4 1000 [512,512]
Lunit le-4 10 0.75 0.99 0.9999 le-5 0.6 le-1 900 [1024,512]
RN50-Histo 2e-4 25 0.75 0.8 0.99 le-4 0.6 le-3 700 [512,384]
CTransPath le-4 25 0.9 0.7 0.99999 le-3 0.4 le-3 1000 [256,128]
Hibou-B 4e-5 10 0.9 0.99 0.9999 le-3 0.3 le-2 1600 [256,128]
Phikon 5e-5 25 0.75 0.99 0.999 le-5 0.8 le-5 1200 [512,256]
Kaiko-B8 2e-5 10 0.75 0.95 0.9999 le-5 0.2 le-1 600 [512,128]
GPFM le-4 25 0.9 0.95 le-4 0.8 le-6 1000 [512,128]
UNI le-5 10 0.75 0.9 le-5 0.0 le-3 1000 [512,256]
Hibou-L 5e-5 25 0.75 0.75 le-4 0.6 le-7 400 [256,128]
Virchow 2e-4 20 0.9 0.95 le-3 0.8 le-2 1100 [512,256]
Virchow2-CLS 2e-5 10 0.75 0.55 le-4 0.6 le-4 1000 [512,256]
H-optimus-0 2.5e-5 5 0.75 0.5 le-4 0.4 le-2 1000 [128,32]
Prov-GigaPath 5e-5 15 0.75 0.7 le-4 0.7 le-4 1300 [512,256]
RN50 Reinhard 2e-3 25 0.75 0.75 le-2 0.4 le-3 400 [512,256]
RN50 Macenko 2e-3 15 0.75 0.85 le-2 0.3 le-3 400 [512,128]
RN50 Otsu 2e-3 15 0.9 0.75 le-2 0.1 le-3 600 [512,256]
RN50 Otsu+Macenko 2e-3 25 0.9 0.75 le-3 0.3 le-4 1000 [512,256]
RN50 5Augs le-3 25 0.6 0.8 le-4 0.4 le-4 700 [128,32]
RN50 10Augs 2e-3 20 0.75 0.8 le-2 0.4 le-3 700 [512,256]
RN50 20Augs le-3 20 0.75 0.7 le-3 0.6 le-4 1000 [512,128]

Table A.5: The final hyperparameters of each model determined by an iterative grid search
tuning procedure using five cross-validation folds, including the models from the ablation
study. The model size is presented as the number of parameters in the attention layer and
subsequent fully connected layer. RN18 - ResNet18. RN50 - ResNet50. ViT-L - Vision

Transformer.
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Appendix B.

Expanded Results

Prov-GigaPath

71.2% (67.9-74.4%)

0.927 (0.913-0.941)

Feature Balanced AUROC F1 Score
Extractor Accuracy
RN50 57.1% (53.8-60.4%)  0.893 (0.879-0.907)  0.596 (0.561-0.630)
RN18 56.1% (52.8-59.4%)  0.882 (0.866-0.898)  0.584 (0.551-0.617)
ViT-L 62.6% (59.2-66.0%)  0.893 (0.877-0.909)  0.628 (0.596-0.660)
RN18-Histo 59.1% (55.8-62.4%)  0.887 (0.871-0.902)  0.615 (0.582-0.648)
Lunit 66.6% (63.3-70.0%)  0.910 (0.894-0.926)  0.682 (0.649-0.714)
RN50-Histo 62.4% (59.2-65.6%)  0.925 (0.911-0.938)  0.651 (0.618-0.684)
CTransPath 67.3% (63.9-70.6%)  0.925 (0.912-0.938)  0.669 (0.638-0.700)
Hibou-B 67.7% (64.4-71.0%)  0.945 (0.935-0.954)  0.689 (0.656-0.720)
Phikon 67.0% (63.7-70.4%)  0.926 (0.912-0.938)  0.684 (0.653-0.715)
Kaiko-B8 70.3% (67.0-73.6%)  0.933 (0.919-0.946)  0.720 (0.688-0.751)
GPFM 70.9% (67.7-74.1%)  0.935 (0.923-0.948)  0.710 (0.680-0.739)
UNI 73.2% (69.9-76.4%)  0.945 (0.933-0.956)  0.734 (0.704-0.764)
Hibou-L 67.0% (63.6-70.3%)  0.930 (0.918-0.942)  0.690 (0.656-0.721)
Virchow 68.6% (65.3-71.8%)  0.936 (0.925-0.947)  0.688 (0.658-0.717)
Virchow2-CLS | 74.7% (71.5-77.9%) 0.943 (0.930-0.954) 0.742 (0.713-0.771)
H-optimus-0 72.2% (68.9-75.4%) 0.947 (0.936-0.957)  0.726 (0.695-0.756

( )
0.725 (0.696-0.754)

Table B.6: Results of five-fold cross-validation. Results are reported as the mean and 95%

confidence intervals (in brackets) from 10,000 iterations of bootstrapping. The greatest
results are shown in bold.
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Feature Balanced AUROC F1 Score
Extractor Accuracy

RN50 66.0% (58.1-73.7%)  0.916 (0.873-0.953)  0.634 (0.537-0.726)
RN18 64.0% (55.3-72.6%)  0.930 (0.893-0.963)  0.628 (0.530-0.723)
ViT-L 76.0% (67.8-83.7%)  0.926 (0.885-0.963)  0.747 (0.656-0.832)
RN18-Histo 65.0% (57.1-72.5%)  0.890 (0.843-0.932)  0.613 (0.531-0.698)
Lunit 79.1% (71.4-86.3%)  0.943 (0.904-0.977)  0.778 (0.693-0.857)
RN50-Histo 74.1% (65.7-81.9%)  0.946 (0.908-0.977)  0.730 (0.641-0.815)
CTransPath 81.0% (74.0-88.0%)  0.950 (0.911-0.982)  0.797 (0.716-0.873)
Hibou-B 87.0% (81.0-92.6%)  0.956 (0.921-0.985)  0.858 (0.783-0.925)
Phikon 79.0% (72.0-85.7%)  0.946 (0.907-0.979)  0.772 (0.689-0.852)
Kaiko-B8 83.0% (75.8-89.9%)  0.947 (0.909-0.980)  0.823 (0.746-0.896)
GPFM 82.0% (74.8-88.7%)  0.955 (0.918-0.985)  0.809 (0.728-0.884)
UNI 88.0% (81.5-93.8%)  0.957 (0.919-0.989)  0.875 (0.805-0.937)
Hibou-L 82.1% (75.5-88.4%)  0.959 (0.921-0.990)  0.804 (0.722-0.880)
Virchow 85.0% (78.4-91.1%) 0.964 (0.928-0.993) 0.839 (0.763-0.909)
Virchow2-CLS | 88.0% (81.9-93.8%) 0.964 (0.926-0.994) 0.873 (0.802-0.937)
H-optimus-0 | 89.0% (83.1-94.3%) 0.963 (0.925-0.992) 0.883 (0.815-0.944)
Prov-GigaPath | 84.0% (77.4-90.3%)  0.958 (0.924-0.986)  0.830 (0.752-0.900)

Table B.7: Results of hold-out testing, with predictions generated by an ensemble of
the five-fold classification models. Results are reported as the mean and 95% confidence
intervals (in brackets) from 10,000 iterations of bootstrapping. The greatest results are
shown in bold.
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Feature Balanced AUROC F1 Score
Extractor Accuracy

RN50 69.2% (58.7-79.7%)  0.956 (0.928-0.980)  0.696 (0.582-0.807)
RN18 79.0% (68.8-88.6%)  0.959 (0.923-0.985)  0.804 (0.700-0.896)
ViT-L 80.7% (72.2-89.2%)  0.970 (0.937-0.993)  0.814 (0.712-0.908)
RN18-Histo 66.5% (55.2-77.5%)  0.930 (0.888-0.965)  0.653 (0.539-0.763)
Lunit 95.0% (89.3-99.1%)  0.998 (0.994-1.000)  0.930 (0.862-0.985)
RN50-Histo 94.4% (88.2-98.9%)  0.994 (0.985-0.999)  0.934 (0.870-0.985)
CTransPath 88.8% (80.9-95.6%)  0.982 (0.959-0.996)  0.861 (0.773-0.939)
Hibou-B 91.1% (83.0-97.9%)  0.990 (0.979-0.998)  0.921 (0.850-0.979)
Phikon 90.3% (81.9-97.8%)  0.994 (0.986-0.999)  0.919 (0.839-0.982)
Kaiko-B8 96.7% (93.8-99.2%)  0.997 (0.991-1.000)  0.937 (0.879-0.986)
GPFM 98.3% (95.6-100.0%) 0.999 (0.997-1.000) 0.977 (0.937-1.000)
UNI 93.2% (86.5-98.3%)  0.996 (0.988-1.000)  0.912 (0.835-0.974)
Hibou-L 89.3% (80.6-96.2%)  0.989 (0.975-0.998)  0.889 (0.805-0.959)
Virchow 87.5% (79.0-94.8%)  0.993 (0.984-0.999)  0.848 (0.750-0.931)
Virchow2-CLS | 88.0% (79.8-95.3%)  0.997 (0.993-1.000)  0.871 (0.779-0.952)
H-optimus-0 96.7% (91.1-100.0%)  0.999 (0.998-1.000) 0.975 (0.931-1.000)
Prov-GigaPath | 88.6% (80.2-95.9%)  0.995 (0.987-1.000)  0.878 (0.783-0.958)

Table B.8: Results of external validation on the Transcanadian Study dataset, with predic-
tions generated by an ensemble of the five-fold classification models. Results are reported
as the mean and 95% confidence intervals (in brackets) from 10,000 iterations of boot-
strapping. The greatest results are shown in bold.
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Feature Balanced AUROC F1 Score
Extractor Accuracy

RN50 52.4% (49.5-55.1%)  0.868 (0.847-0.889)  0.412 (0.380-0.444)
RN18 51.9% (48.6-54.9%)  0.841 (0.820-0.863)  0.412 (0.377-0.448)
ViT-L 59.5% (55.4-63.6%)  0.880 (0.857-0.902)  0.578 (0.532-0.625)
RN18-Histo 57.3% (54.0-60.4%)  0.850 (0.828-0.872)  0.523 (0.484-0.563)
Lunit 73.6% (69.7-77.5%)  0.954 (0.941-0.967)  0.729 (0.681-0.775)
RN50-Histo 68.0% (64.5-71.6%)  0.946 (0.930-0.959)  0.679 (0.634-0.725)
CTransPath 67.8% (64.0-71.7%)  0.934 (0.917-0.950)  0.676 (0.629-0.724)
Hibou-B 65.4% (61.4-69.4%)  0.935 (0.920-0.949)  0.633 (0.582-0.682)
Phikon 66.4% (62.8-70.1%)  0.898 (0.879-0.917)  0.642 (0.595-0.689)
Kaiko-B8 70.0% (65.4-74.5%)  0.941 (0.925-0.956)  0.695 (0.644-0.744)
GPFM 74.5% (70.4-78.5%)  0.935 (0.919-0.949)  0.746 (0.702-0.788)
UNI 77.2% (73.0-81.4%)  0.954 (0.939-0.966)  0.758 (0.714-0.801)
Hibou-L 69.3% (66.2-72.3%)  0.946 (0.931-0.959)  0.663 (0.622-0.706)
Virchow 79.2% (75.2-83.0%) 0.959 (0.946-0.970) 0.765 (0.722-0.807)
Virchow2-CLS | 79.8% (75.8-83.6%) 0.958 (0.945-0.970)  0.759 (0.717-0.801)
H-optimus-0 74.0% (69.9-78.1%)  0.952 (0.939-0.963)  0.703 (0.656-0.748)
Prov-GigaPath | 75.4% (71.3-79.3%) 0.959 (0.946-0.970) 0.729 (0.684-0.771)

Table B.9: Results of external validation on the OCEAN dataset, with predictions gen-
erated by an ensemble of the five-fold classification models. Results are reported as the
mean and 95% confidence intervals (in brackets) from 10,000 iterations of bootstrapping.
The greatest results are shown in bold.
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Appendix C. Hyperparameter Tuning Ablation

The results of each model using the default hyperparameters (without
tuning) are shown in Tables [C.10}{C.13] with indications about whether the
default hyperparameters improved or degraded performance compared to
using the tuned hyperparameters. Exact p-values are provided in
[El

Feature Balanced AUROC F1 Score

Extractor Accuracy

RN50 57.5% - 0.877 | 10593 -

RN18 55.3% - 0.857 | [0.561 |

ViT-L 56.2% 4% ] 0.857 [* | 0580 [l*
RN18-Histo | 56.0% J|* | 0.879 - 0.574 ||*

Lunit 65.3% | 0.891 |* | 0.646 ||
RN50-Histo | 63.1% - 0915 | ]0.656 -
CTransPath | 68.8% 71 0.927 0.690 1T

Hibouw-B | 66.1% | |0911 1} |0.667 |
Phikon 68.0% 7 0.912 | 0.672 |
Kaiko-B8 62.7% J44* ] 0907 | 0.633 JlI*
GPFM 69.4% | 0.912 |* [0.690 |
UNI 67.1% L% | 0.915 |I* | 0.684 LI*
Hibou-L | 58.7% L) | 0.889 |1*|0.622 |||
Virchow | 65.2% JJ* | 0.896 || | 0.658 |
Virchow2-CLS | 69.8% |l | 0.917 * | 0.681 )
H-optimus-0 | 66.1% JJ{ | 0916 || |0.678 ||
Prov-GigaPath | 67.9% |] | 0919 - 0.675 |l

Table C.10: Results of five-fold cross-validation without hyperparameter tuning. Arrows
indicate the difference in performance relative to the tuned models, with one arrow (1) for
difference a of at least 1%, two arrows (11) for a difference of at least 3%, and three arrows
(1171) for a difference of at least 5%. *Indicates a p-value less than 0.05 when comparing
the cross-validation folds to the tuned model.
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Feature Balanced AUROC | F1 Score
Extractor Accuracy
RN50 68.0% 7 0.923 - |0.670 11
RN18 64.0% - 0.927 - ]0.626 -
ViT-L 61.0% JJ4*] 0917 - |0.601 J]I*
RN18-Histo | 62.1% | 0.889 - |0.586 |
Lunit 74.0% 444 10932 | | 0727 |||
RN50-Histo | 74.9% - 0943 - ]0.739 -
CTransPath | 78.0% JJ* [ 0.941 - |0.768 [*
Hibou-B 78.0% JIL*] 0958 - |0.765 [J|*
Phikon 80.1% 7 0941 - |0.792 7
Kaiko-B8 79.0% L 10949 - ]0.78 ||
GPFM 84.0% 1 0953 - 0831 7t
UNI 82.0% JJI* 10962 - |0.806 J]I*
Hibou-L 75.0% J44* 10959 - |0.730 [JI*
Virchow 81.0% I 1095 - | 0801 ||
Virchow2-CLS | 89.1% 1 0963 - | 0883 7T
H-optimus-0 | 85.0% |J |0.965 - |0.843 ||
Prov-GigaPath | 83.0% | 0.949 -*10.820 |

Table C.11: Results of hold-out testing without hyperparameter tuning. Arrows indicate
the difference in performance relative to the tuned models, with one arrow (1) for difference
a of at least 1%, two arrows (11) for a difference of at least 3%, and three arrows (111) for
a difference of at least 5%. *Indicates a p-value less than 0.05 when comparing the cross-
validation folds to the tuned model. While the Prov-GigaPath AUROC only exhibited a
reduction of 0.009, this was found to be statistically significant.
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Feature Balanced AUROC F1 Score
Extractor Accuracy
RN50 75.8% ™1t | 0969 11 |0.769 M7
RN18 80.1% 1 0.946 | | 0.807 -
ViT-L 68.9% J44* 10.960 | ]0.702 JJ}*
RN18-Histo | 69.3% 71 0.942 1 10.689 11
Lunit 92.4% | 0.989 - 0.879 |4
RN50-Histo | 91.8% | 0.995 - 0.902 ||
CTransPath | 88.1% - 0978 - 0.847 |
Hibou-B 85.3% JJl |0.987 - 0.871 [l
Phikon 94.6% 1T |0.996 - 0.944 1
Kaiko-B8 93.3% 1l 10996 - 0.926 |
GPFM 97.7% - 0.998 - 0.964 |
UNI 95.3% 1 0.996 - 0.952 11
Hibou-L 81.7% L4 10.988 -* 1 0.813 [[}*
Virchow 88.8% 1T 0.991 - 0.864 7T
Virchow2-CLS | 91.6% 11 1.000 - 0.915 11
H-optimus-0 | 99.0% 1 1.000 - 0.991 7t
Prov-GigaPath | 89.4% - 0.993 - |0871 -

Table C.12: Results of validation on the Transcanadian Study dataset without hyper-
parameter tuning. Arrows indicate the difference in performance relative to the tuned
models, with one arrow (1) for difference a of at least 1%, two arrows (17) for a difference
of at least 3%, and three arrows (111) for a difference of at least 5%. *Indicates a p-value
less than 0.05 when comparing the cross-validation folds to the tuned model.
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Feature Balanced AUROC F1 Score
Extractor Accuracy
RN50 51.0% | 0.857 | 0.411 -
RN18 49.0% | 0.837 - 0.370 |}
ViT-L 48.3% Jl1* 1 0.843 |[* ] 0.506 J]o*
RN18-Histo | 55.0% | 0.849 - 0.504 |
Lunit 68.8% 1| 0.935 |* | 0.661 Jl)
RN50-Histo | 66.6% | 0.934 |* | 0.684 -
CTransPath | 68.1% - 0.934 - 0.686 T
Hibou-B 64.0% | 0.928 - 0.604 |
Phikon 63.2% 1| 0.903 - 0.598 ||
Kaiko-B8 64.1% JJJ 10929 [* | 0596 [|*
GPFM 73.8% - 0.937 - 0.725 |
UNI 69.6% Jll* 10948 -* 10.693 []|*
Hibou-L 64.7% 1| 0936 |* [0.615 ||
Virchow 785% -F 10948 |* | 0.766 -
Virchow2-CLS | 74.0% JJl* | 0.956 - 0.719 |J*
H-optimus-0 | 74.8% - 0.951 - 0.747 1
Prov-GigaPath | 75.4% - 0.957 - 0.720 -

Table C.13: Results of validation on the OCEAN Challenge dataset without hyperparam-
eter tuning. Arrows indicate the difference in performance relative to the tuned models,
with one arrow (1) for difference a of at least 1%, two arrows (11) for a difference of at least
3%, and three arrows (117) for a difference of at least 5%. *Indicates a p-value less than
0.05 when comparing the cross-validation folds to the tuned model. The UNI AUROC
only exhibited a reduction of 0.006, but this was found to be statistically significant. The
Virchow balanced accuracy only exhibited a reduction of 0.7%, but this was found to be
statistically significant.
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Appendix D. Augmentation and Normalisation Analysis

Preprocessing Techniques

Preprocessing techniques were compared using the baseline ImageNet-
pretrained ResNet50 encoder with the default feature extraction settings
from the CLAM repository [28] (static saturation thresholding with no aug-
mentation or normalisation). Comparisons were made using Reinhard nor-
malisation, Macenko normalisation, Otsu thresholding, Otsu thresholding
with Macenko normalisation, and colour augmentations to increase the ef-
fective training set size by factors of 5x, 10x, and 20x.

Otsu thresholding [58] is applied during tissue detection to automatically
determine the saturation threshold for each image by minimising the variance
within the separated high-saturation and low-saturation groups. Saturation
thresholding is a computationally efficient tissue segmentation approach, but
risks including artifacts such as bubbles, pen marks, and coverslip edges
in the foreground. While more robust (and complex) tissue segmentation
techniques exist [63, 64], we focused on simple approaches as the attention
mechanism in the classification models should learn to ignore any remaining
artifacts. We compared the CLAM [2§] default static threshold (8/255) to
Otsu thresholding with parameters manually adjusted to qualitatively im-
prove the segmentation.

Normalisation and augmentation techniques control data variability,
which is particularly important for generalisability in histopathology, where
varied staining and scanning procedures between labs result in chromatic
differences [I3]. Normalisation reduces variability, adjusting images into a
consistent colour space to allow models to learn general features. We inves-
tigated two commonly used [65] stain normalisation techniques - Reinhard
normalisation [56] and Macenko normalisation [57]. These approaches work
in logarithmic colour spaces, where stains behave linearly, making them easier
to separate and manipulate. Reinhard normalisation is a standard normal-
isation technique applied in laf space (radiance [, blue-yellow «, red-green
B). Macenko normalisation uses singular value decomposition to separate
stain and saturation values, before scaling stain values in logarithmic RGB
space. Basic RGB normalisations were also applied to all images (after any
other colour adjustments) to match the ImageNet and histopathology-specific
pretraining procedures. While many more sophisticated stain normalisation
techniques have been developed, it is unclear whether any such approach is
better than Macenko normalisation overall [65].
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Augmentation techniques conversely increase the variability of the train-
ing data to allow the model to learn a more general domain. For such large
images, training models end-to-end to allow for online data augmentation
(adjustments during training) is extremely computationally intensive [66].
Some researchers have attempted to apply online augmentations in the em-
bedding space using generative models [67, 30], though this adds an extra
layer of complexity to an already resource-intensive model pipeline. Instead,
offline augmentation creates a finite set of augmented versions of the origi-
nal data, artificially increasing the diversity of training data to a lesser ex-
tent than online augmentation. We investigated colour augmentations which
adjusted the brightness, contrast, saturation and hue of each patch using
parameters from a previous study [68], which we found to create plausibly

altered colours (Figure [D.9).

Standard Patches Reinhard Normalised Macenko Normalised

Figure D.9: Tissue normalisation and augmentation procedures illustrated using 256x256
pixel patches from a single whole slide image at 10x magnification.

Ezxtended Results and Discussion

The Reinhard normalisation procedure gave the poorest cross-validation
performance. As shown in Figure[D.10] this method was particularly affected
by the presence of artifacts in training slides as the normalisation would
make these areas appear similar to tissue, making it harder for the attention
mechanism to effectively discard these patches. The impact was smaller on
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Preprocessing Balanced AUROC F1 Score
Approach Accuracy

Baseline 57.1% (53.8-60.4%) 0.893 (0.879-0.907) 0.596 (0.561-0.630)
Reinhard Normalisation | 51.3% (48.2-54.4%)  0.872 (0.856-0.887)  0.520 (0.488-0.553)
Macenko Normalisation | 57.8% (54.5-61.2%)  0.882 (0.867-0.896)  0.601 (0.567-0.635)
Otsu Thresholding 53.9% (50.6-57.2%)  0.888 (0.873-0.903)  0.566 (0.532-0.600)
Otsu + Macenko 58.0% (54.6-61.4%)  0.882 (0.865-0.898)  0.605 (0.571-0.638)

5x Colour Augmentation | 57.4% (54.0-60.7%)  0.888 (0.873-0.902)  0.592 (0.560-0.625)
10x Colour Augmentation | 59.1% (55.7-62.4%)  0.891 (0.877-0.905) 0.615 (0.581-0.649)
20x Colour Augmentation | 59.1% (55.7-62.4%) 0.892 (0.877-0.905)  0.596 (0.564-0.627)

Table D.14: Results of five-fold cross-validation for the ImageNet-pretrained ResNet50
with varied preprocessing approaches. Results are reported as the mean and 95% confi-
dence intervals (in brackets) from 10,000 iterations of bootstrapping. The greatest results
are shown in bold.

Preprocessing Balanced AUROC F1 Score
Approach Accuracy

Baseline 66.0% (58.1-73.7%) 0916 (0.873-0.953)  0.634 (0.537-0.726)
Reinhard Normalisation | 65.0% (56.6-73.2%) 0.923 (0.881-0.961) 0.632 (0.534-0.727)
Macenko Normalisation | 63.0% (54.4-71.5%)  0.915 (0.873-0.951)  0.620 (0.521-0.715)
Otsu Thresholding 65.0% (56.7-73.4%)  0.916 (0.872-0.955)  0.637 (0.542-0.732)
Otsu + Macenko 59.0% (50.3-67.6%)  0.918 (0.878-0.952)  0.577 (0.475-0.674)
5x Colour Augmentation | 65.0% (57.0-72.9%)  0.916 (0.876-0.951)  0.630 (0.536-0.725)
10x Colour Augmentation | 64.0% (55.9-72.1%)  0.906 (0.864-0.944)  0.616 (0.522-0.710)
20x Colour Augmentation | 68.0% (59.7-76.0%) 0.904 (0.861-0.942) 0.657 (0.563-0.750)

Table D.15: Results of hold-out testing for the ImageNet-pretrained ResNetb0 with var-
ied preprocessing approaches, with predictions generated by an ensemble of the five-fold
classification models. Results are reported as the mean and 95% confidence intervals (in
brackets) from 10,000 iterations of bootstrapping. The greatest results are shown in bold.

Macenko normalisation, which often avoided applying stain colouring to plain
background regions. Colour augmentations were unaffected as they could not
introduce staining to non-tissue patches (see Figure .

The Otsu procedure was found to remove some unstained tissue and ar-
tifacts, while also missing some small areas of stained tissue which may have
contained diagnostically relevant information (Figure . It was unclear
from the results whether this was beneficial or harmful overall, with Otsu
thresholding giving inconsistent performance when compared to the base-
line.
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Standard Patches

Reinhard Normalised

Macenko Normalised

Colour Augmented

/)

)

S

Figure D.10: Tissue normalisation and augmentation procedures illustrated using 256x256
pixel patches containing artifacts from the same slide at 10x magnification shown in Figure
The normalisation procedures erroneously apply staining to many non-tissue regions,
where the colour augmentations are much less affected. This can be seen most clearly in
patches where no tissue is present, such as the bottom-right patch in each group.

it
il

{l “
(a) Default saturation thresholding [28].

(b) Otsu saturation thresholding [58].

Figure D.11: Examples of two saturation thresholding tissue segmentation approaches,
with green outlines indicating tissue and blue outlines indicating holes within the tissue
regions. This example contains a coverslip edge which is incorrectly identified as foreground
by the default approach, and a small amount of stained tissue which is excluded by Otsu
thresholding.

40



Preprocessing Balanced AUROC F1 Score
Approach Accuracy
Baseline 69.2% (58.7-79.7%)  0.956 (0.928-0.980)  0.696 (0.582-0.807)
Reinhard Normalisation | 75.8% (65.1-86.0%) 0.968 (0.943-0.986) 0.761 (0.647-0.861)
Macenko Normalisation | 74.5% (64.3-84.3%)  0.959 (0.933-0.980)  0.756 (0.648-0.857)
Otsu Thresholding 77.2% (66.4-87.6%)  0.963 (0.937-0.985)  0.797 (0.685-0.895)

Otsu + Macenko 80.5% (70.4-89.9%) 0.983 (0.967-0.995) 0.834 (0.730-0.921)
5x Colour Augmentation | 74.9% (63.8-85.6%) 0.966 (0.941-0.986) 0.762 (0.647-0.866)
10x Colour Augmentation | 76.1% (65.0-86.6%)  0.962 (0.935-0.983)  0.768 (0.659-0.869)
20x Colour Augmentation | 80.0% (69.2-90.0%)  0.973 (0.953-0.989)  0.806 (0.706-0.897)

Table D.16: Results of external validation on the Transcanadian Study dataset for the
ImageNet-pretrained ResNet50 with varied preprocessing approaches, with predictions
generated by an ensemble of the five-fold classification models. Results are reported as the
mean and 95% confidence intervals (in brackets) from 10,000 iterations of bootstrapping.
The greatest results are shown in bold.

Preprocessing Balanced AUROC F1 Score
Approach Accuracy
Baseline 52.4% (49.5-55.1%)  0.868 (0.847-0.889)  0.412 (0.380-0.444

Reinhard Normalisation
Macenko Normalisation
Otsu Thresholding

)
51.0% (47.7-54.3%)
45.9% (41.8-50.0%)
54.7% (51.9-57.6%)

)
0.870 (0.850-0.888)
0.837 (0.814-0.860)
0.883 (0.864-0.901)

)
0.392 (0.350-0.437)
0.407 (0.360-0.455)
0.440 (0.401-0.482)

Otsu + Macenko 44.4% (40.7-48.3%)  0.840 (0.816-0.862)  0.388 (0.347-0.432)
5x Colour Augmentation | 51.7% (48.4-54.8%)  0.867 (0.845-0.887)  0.401 (0.363-0.441)
10x Colour Augmentation | 51.1% (47.8-54.2%)  0.877 (0.856-0.897)  0.404 (0.367-0.443)
20x Colour Augmentation | 51.4% (48.4-54.4%)  0.874 (0.853-0.893)  0.391 (0.352-0.433)

Table D.17: Results of external validation on the OCEAN Challenge dataset for the
ImageNet-pretrained ResNet50 with varied preprocessing approaches, with predictions
generated by an ensemble of the five-fold classification models. Results are reported as the
mean and 95% confidence intervals (in brackets) from 10,000 iterations of bootstrapping.
The greatest results are shown in bold.
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Appendix E. Results of Hypothesis Testing
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Cross-Validation p-values Hold-out p-values
Balanced Balanced

Model AUROC F1 Score AUROC F1 Score
Accuracy Accuracy
RN18 0.736 0.557 0.736 0.601 0.028 0.317
ViT-L 0.033 0.824 0.074 0.003 0.051 0.002
RN18-Histo 0.365 0.964 0.613 0.870 0.192 0.967
Lunit 0.019 0.183 0.009 0.010 0.035 0.008

RN50-Histo 0.232 0.072 0.152 0.214 0.009 0.189
CTransPath 0.009 0.082 0.007 0.003 0.012 0.003

Hibou-B 0.019 0.029 0.012 0.003 0.006 0.003
Phikon 0.009 0.149 0.007 0.003 0.012 0.003
Kaiko-B8 0.013 0.063 0.010 0.003 0.011 0.002
GPFM 0.007 0.063 0.007 0.003 0.006 0.003
UNI 0.015 0.020 0.009 0.003 0.006 0.002
Hibou-L 0.007 0.072 0.007 0.003 0.009 0.003
Virchow 0.011 0.020 0.006 0.003 0.006 0.003

Virchow2-CLS 0.011 0.063 0.009 0.002 0.006 0.002
H-Optimus-0 0.005 0.020 0.001 0.003 0.006 0.002
Prov-GigaPath | 0.013 0.063 0.007 0.008 0.006 0.008

Transcanadian p-values UBC-OCEAN p-values
Model Balanced )\ ;p00 F1 score | BAd A roG F1 Seore
Accuracy Accuracy
RN18 0.446 0.773 0.399 0.237 0.034 0.541
ViT-L 0.021 0.090 0.022 0.170 0.265 0.019
RN18-Histo 0.490 0.211 0.403 0.235 0.987 0.002
Lunit 0.003 0.011 0.006 0.002 0.004 0.001

RNb50-Histo 0.015 0.011 0.018 0.018 0.004 0.003
CTransPath 0.007 0.023 0.018 0.002 0.005 0.001

Hibou-B 0.008 0.024 0.007 0.107 0.009 0.019
Phikon 0.002 0.011 <0.001 0.001 0.013 0.001
Kaiko-B8 0.007 0.011 0.022 0.004 0.006 0.003
GPFM 0.003 0.011 0.006 0.001 0.004 0.001
UNI 0.006 0.011 0.015 0.001 0.004 0.001
Hibou-L 0.003 0.013 0.003 0.002 0.005 0.002
Virchow 0.006 0.018 0.015 0.002 0.004 0.001

Virchow2-CLS 0.007 0.011 0.015 0.001 0.004 0.001
H-Optimus-0 0.003 0.011 0.004 0.002 0.004 0.001
Prov-GigaPath | 0.019 0.017 0.035 0.005 0.004 0.002

Table E.18: Resulting p-values from paired t-tests comparing the subtype classification
results with each feature extractor to the ImageNet-pretrained ResNet50 baseline. False
discovery rate p-value adjustments were applied to account for multiple testing [60]. Values
below 0.05 are indicated in bold.
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Cross-Validation p-values Hold-out p-values

Model Balanced AUROC F1 Score Balanced AUROC F1 Score
Accuracy Accuracy
RN50 0.617 0.264 0.133 0.171 0.252 0.133
RN18 0.967 0.259 0.170 0.326 0.252 0.170
ViT-L 0.012 0.005 0.010 0.006 0.095 0.010
RN18-Histo 0.002 0.095 0.145 0.086 0.671 0.145
Lunit 0.555 0.011 0.168 0.054 0.124 0.074

RN50-Histo 0.864 0.630 0.902 0.912 0.100 0.895
CTransPath 0.144 0.987 0.042 0.030 0.099 0.042

Hibou-B 0.159 0.069 0.009 0.008 0.207 0.009
Phikon 0.709 0.280 0.741 0.619 0.114 0.741
Kaiko-B8 0.039 0.089 0.124 0.099 0.063 0.124
GPFM 0.500 0.029 0.236 0.262 0.055 0.236
UNI 0.003 0.015 0.021 0.033 0.614 0.021
Hibou-L 0.104 0.050 0.070 0.019 0.193 0.016
Virchow 0.039 0.059 0.104 0.069 0.076 0.104

Virchow2-CLS 0.194 0.035 0.095 0.083 0.108 0.095
H-Optimus-0 0.111 0.069 0.133 0.119 0.089 0.133

Prov-GigaPath 0.412 0.297 0.215 0.194 0.035 0.215
Transcanadian p-values UBC-OCEAN p-values
Model Balanced AUROC F1 Score Balanced AUROC F1 Score
Accuracy Accuracy

RN50 0.190 0.178 0.219 0.303 0.098 0.716
RN18 0.240 0.217 0.106 0.339 0.056 0.279
ViT-L 0.014 0.109 0.014 0.001 0.006 0.021
RN18-Histo 0.578 0.774 0.973 0.212 0.182 0.620
Lunit 0.099 0.774 0.099 0.104 0.049 0.056

RN50-Histo 0.601 0.135 0.479 0.818 0.023 0.605
CTransPath 0.853 0.341 0.998 0.790 0.630 0.562

Hibou-B 0.300 0.076 0.286 0.700 0.172 0.590
Phikon 0.740 0.085 0.306 0.119 0.467 0.189
Kaiko-B8 0.213 0.125 0.342 0.102 0.014 0.028
GPFM 0.386 0.120 0.405 0.861 0.080 0.176
UNI 0.370 0.085 0.959 0.002 0.008 0.014
Hibou-L 0.087 0.040 0.003 0.142 0.004 0.196
Virchow 0.478 0.379 0.460 0.049 0.012 0.057

Virchow2-CLS 0.057 0.871 0.057 0.017 0.066 0.035
H-Optimus-0 0.167 0.751 0.192 0.866 0.054 0.168
Prov-GigaPath 0.274 0.060 0.209 0.258 0.124 0.416

Table E.19: Resulting p-values from paired t-tests comparing the subtype classification
results for each feature extractor with and without hyperparameter tuning applied to the
ABMIL classifier. Values below 0.05 are indicated in bold.
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Appendix F. Supplementary Attention Heatmap Analysis

Two pathologists (KA and NMO) qualitatively compared the UNI and
ImageNet-pretrained attention heatmaps for ten class-balanced example
WSIs from the internal hold-out test set. These WSIs (shown in Figures
[7 [F.12] and [F.13)) were selected from those in which a different classification
had been determined by each model (specifically using the first-fold model
of the five-model ensemble). Out of 39 total disagreements, the UNI-based
model gave the correct classification in 26 cases, the ResNet50-based model
in 3 cases, and neither was correct in 10 cases. The pathologists were only
provided the heatmaps, and were blinded to the models used and the predic-
tions made.

The heatmaps were determined to be similar between models, with both
giving high attention to tumour regions and low attention to most stroma
regions. Where differences occurred, the ResNet50-based model would typ-
ically give high attention to a larger tissue area, often including relevant
stromal features (e.g. necrosis and psammoma bodies), but sometimes also
including irrelevant stroma. When considering whether heatmaps had fo-
cused on diagnostically relevant regions, the pathologists expressed a pref-
erence for the UNI-based heatmap in four cases and the ResNet50-based
heatmap in three cases, with no preference expressed for the remaining three
cases due to their overwhelming similarity. In eight of the selected cases, the
UNI model had correctly determined the classification, including all three
cases in which the pathologists had preferred the ResNet50-based heatmap.
In these cases, the UNI model did not appear to give sufficient attention to
all relevant tissue, though it still determined the correct classification. Thus,
there was some level of divergence between the pathologists’ interpretations
and the model heatmaps.
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Whole Slide Image ResNet50 Heatmap UNI Heatmap

Figure F.12: Attention heatmaps from the ABMIL classifier using ImageNet-pretrained
ResNet50 and UNI foundation model features, where the classification differed between
the two models. (a) Ground truth: MC, ResNet50: CCC, UNI: MC. (b) Ground truth:
CCC, ResNet50: HGSC, UNI: CCC. (c) Ground truth: EC, ResNet50: HGSC, UNI: EC.
(d) Ground truth: LGSC, ResNet50: HGSC, UNI: LGSC.
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Whole Slide Image ResNet50 Heatmap UNI Heatmap

Figure F.13: Attention heatmaps from the ABMIL classifier using ImageNet-pretrained
ResNet50 and UNI foundation model features, where the classification differed between
the two models. (e) Ground truth: LGSC, ResNet50: HGSC, UNIL: LGSC. (f) Ground
truth: HGSC, ResNet50: HGSC, UNI: EC. (g) Ground truth: HGSC, ResNet50: HGSC,
UNI: EC. (h) Ground truth: EC, ResNet50: HGSC, UNIL: EC.
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Appendix G. TRIPOD+AI Reporting Checklist

IRANPOD+4XI
Section/Topic Ttem I/)::::Z:::" Reported
TITLE s
Title DE developing or evaluating the performance of a multivariable prediction model, the 1
n, and the outcome to be predicted
ABSTRACT
Abstract [ 27 D:E | See TRIPOD+AI for Abstracts checklist [ 1-2
INTRODUCTION
Background a D Explain the healthcare context (including whether diagnostic or prognostic) and rationale for developing | 5_g
i or evaluating the prediction model, including references to existing models
- D Describe the target population and the intended purpose of the prediction model in the context of the 2.3
s care pathway, including its intended users (¢.g.. healtheare patients, public)
3 D:E Describe any known health inequalities between soci ic groups 3
Objectives Specify the study objectives, including whether the study describes the development or validation of a
4 DE " 4
prediction model (or both)
METHODS
Data Describe the sources of data separately for the development and evaluation datascts (e.g., randomised
5a DE trial, cohort, routine care or registry data), the rationale for using these data, and representativeness of 4-5
the data
5 DE Speciy the dates of the collected participant data, including start and end of participant accrual: and. if 45
- applicable, end of follow-up
Participants Specify key elements of the study setting (e.g., primary care, secondary care, general population)
6a DiE > 4-5
including the number and location of centres
6b D:E Describe the eligibility criteria for study participants 4-5
6 i Give details of any treatments received, and how they were handled during model development or 45
> cvaluation, if relevant
Data preparation 5 DE Describe any data pre-processing and quality checking, including whether this was similar across 45
> relevant groups
Outcome Clearly define the outcome that is being predicted and the time horizon, including how and when
$a DiE assessed, the rationale for choosing this outcome, and whether the method of outcome assessment is 4-5
consistent across sociodemographic groups
. DE If outcome assessment requires subjective interpretation, describe the qualifications and demographic 45
> characteristics of the outcome assessors
8¢ D:E Report any actions to blind assessment of the outcome to be predicted N/A
Predictors N Describe the choice of initial predictors (e.g.. literature, previous models, all available predictors) and
a D ; 4-6
any pre-selection of predictors before model building
o DE Clearly define all predictors, including how and when they were measured (and any actions to blind 45
? assessment of predictors for the outcome and other predictors)
9 DE I predictor measurement requires subjective i ion, describe the quali and i | NA
of the predictor assessors
Sample size Explain how the study size was arrived at (separately for development and evaluation), and justify that
10 DE the study size was sufficient to answer the research question. Include details of any sample size 4.5
calculation
Missing data il DE Describe how missing data were handled. Provide reasons for omitting any data N/A
Analytical methods | | b Describe how the data were used (e.g., for development and evaluation of model performance) in the 6-10
analysis, including whether the data were partitioned, considering any sample size -
12 b Depending on the type of model, describe how predictors were handled in the analyses (functional form, | ¢ 0
rescaling, transformation, or any standardisation).
1 Specify the type of model, rationale?, all model-building steps, including any hyperparameter tuning,
c D f 6-10
and method for internal validation
Describe if and how any heterogencity in estimates of model parameter values and model performance
12d D:E was handled and quantified across clusters (e.g., hospitals, countries). See TRIPOD-Cluster for N/A
additional considerations®
e DE Specify all measures and plots used (and their rationale) to evaluate model performance (c.g.. 010
> iscrimi calibration, clinical utility) and, if relevant, to compare multiple models -
1ot E Describe any model updating (¢, recalibration) arising from the model evaluation, either overall o for |1/
particular sociodemographic groups or settings
1% E For model evaluation, describe how the model predictions were calculated (e.g., formula, code, object, 9-10
e application interface) -
Class imbalance I class imbalance methods were used. state why and how this was done, and any subsequent methods to
13 D:E " 9-10
recalibrate the model or the model predictions
Fairness 4 DiE Describe any approaches that were used to address model faimess and their rationale N/A
Model output s b Specify the output of the prediction model (e.g.. probabilities, classification). Provide details and 7 910
rationale for an i and how the thresholds were identified ) 9-
! D=items relevant only to the development of a prediction model; E=items relating solely to the evaluation of a prediction model; D;E=items applicable
10 both the development and evaluation of a prediction model
* Separately for all model building approaches.
* TRIPOD-Cluster is a checklist of reporting recommendations for studies developing or validating models that explicitly account for clustering or explore
heterogencity in model performance (cg, at different hospitals or centres). Debray et al, BMJ 2023; 380: €071018 [DOI: 10.1136/bmj-2022-071018]
Page 1of 2
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TRAPOD+XI

Version: 11-January-2024.

Training versus " DE Identify any differences between the development and evaluation data in healthcare setting, eligibility 45
evaluation > criteria, outcome, and predictors
Ethical approval 7 DF Name the institutional research board or ethics committee that approved the study and describe the 23
- articipant-informed consent or the ethics committee waiver of informed consent
OPEN SCIENCE
Fundin; 18a D:E Give the source of funding and the role of the funders for the present stud: 23-24
Confliets of 186 DE Declare any conflicts of interest and financial disclosures for all authors 24
Protocol I8¢ DiE Indicate where the study protocol can be accessed or state that a protocol was not prepared. 23-24
Registration Provide registration information for the study. including register name and registration number, or state | 53 o
that the study was not registered
Data sharing Provide details of the availability of the study data 23-24
Code shay Provide details of the availability of the analytical code® 24
PATIENT & PUBLI
Patient & Public 1 D Provide details of any patient and public involvement during the design, conduct, reporting, 2324
Involvement - i ion, or dissemi of the study or state no involvement.
Participants 0n DE Describe the flow of participants through the study, including the number of participants with and 47
> without the outcome and, if applicable, a summary of the follow-up time. A diagram may be helpful. -
Report the characteristics overall and, where applicable, for each data source or setting, including the
200 D key dates, key predictors (including demographics), treatments received, sample size, number of 46
. outcome events, follow-up time, and amount of missing data. A table may be helpful. Report any -
differences across key demographic groups.
200 For model evaluation, show a comparison with the development data of the distribution of important 46
predictors predictors, and outcome).
Model development || DE Specify the number of participants and outcome events in cach analysis (e.g., for model development, 46
a tuning, model evaluation)
Model Provide details of the full prediction model (c.g.. formula, code, object, application programming
specification 2 D interface) to allow predictions in new individuals and to enable third-party evaluation an 6-10
including any restrictions to access o re-use (e.g.. freely available, proprietary)*
Model Report model performance estimates with confidence intervals, including for any key subgroups (c.
performance 23 D:E sociodemographic). Consider plots to aid presentation. 11-12,28-31
1f examined, report results of any heterogeneity in model performance across clusters. See TRIPOD.
23b DiE o 3 N/A
Cluster for additional details’.
Model updating 24 E Report the results from any model updating, including the updated model and subsequent N/A
DISCUSSION
Interpretation Give an overall interpretation of the main results, including issues of faimess in the context of the
25 D:E 18-22
objectives and previous studies
Limitations 2% DIE Discuss any limitations of the study (such as a non-representative sample, sample size, overfitting, 18-22
> missing data) and their effects on any biases, statistical uncertainty, and i
Usability of the T 5 Describe how poor quality or unavailable input data (e.g.., predictor values) should be assessed and 18-22
model in the handled when the prediction model
context of current [~ > Specify whether users will be required to interact in the handling of the input data or use of the model, 21
care and what level of expertise is required of users
Discuss any next steps for future research, with a specific view to applicability and generalizability of
27c D:E 21
> the model
From: Collins GS, Moons KGM, Dhiman P, et al. BMJ 2024;385:¢078378. doi:10.1136/bmj-2023-078378
* This relates to the analysis code, for example, any data cleaning, feature engineering, model building, evaluation.
S This relates to the code to implement the model fo get estimates of risk for a new individual
Page 2 of 2
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