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Abstract

Recent advances in computational pathology have positioned deep learning as a
powerful tool to interpret digitized histology slides reaching human-level performance
on well-defined tasks. By extracting representations directly from hematoxylin and
eosin-stained tissue samples, methods aim to predict clinically relevant endpoints,
such as genetic alterations, tumor grading, or patient prognosis. However, developing
generalizable, data-efficient, and clinically relevant models for cancer diagnosis remains
challenging for various reasons.

Deep learning models show low generalization performance across diverse clinical set-
tings. Variations in tissue preparation, staining protocols, and scanner conditions create
strong batch effects, causing models to perform poorly on unseen data. To address this,
we propose generative style transfer methods for multi-domain stain augmentation in
histopathology and microscopic imaging. A second challenge is representation learning
for whole-slide images, which must distill gigapixel whole-slide images into compact
embeddings. To this end, we propose a new training routine combining different
training paradigms for patch encoding and a novel solely Transformer-based feature
aggregation network. The Transformer-based aggregation model incorporates tissue
context to predict multiple genetic alterations and demonstrates strong generalization
capabilities for biomarker prediction in colorectal cancer. Notably, the resection-trained
model predicts biomarkers from colorectal biopsies for the first time, advancing clinical
utility. Furthermore, we show that low-resource fine-tuning of vision foundation mod-
els, originally trained on natural images, can outperform specialized histopathology
encoders. Using this insight, we introduce a hematology foundation model that sets
new benchmarks for classifying white blood cells and weakly supervised leukemia
subtyping. Finally, the field of computational pathology suffers from low reproducibility,
often due to inaccessible code, limited data availability, and inconsistent evaluation
practices. We systematically assess the reproducibility and propose recommendations
to enhance code release, data sharing, and statistical analysis.

In summary, this thesis’s objective is to develop clinically relevant deep learning mod-
els for cancer diagnosis to bring models a step closer to routine clinical workflows by
improving generalization through stain augmentation, advancing representation learn-
ing with data-efficient methods, developing feature aggregation for clinical endpoint
prediction, and raising reproducibility standards.
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Zusammenfassung

Jüngste Fortschritte in der computergestützten Pathologie haben Deep Learning als ein
leistungsstarkes Werkzeug zur Interpretation digitalisierter Histologieschnitte etabliert,
wobei für klar definierte Aufgaben bereits eine dem Menschen vergleichbare Leis-
tung erreicht werden kann. Durch das direkte Extrahieren von Repräsentationen
aus Hämatoxylin- und Eosin-gefärbtem Gewebe zielen Methoden darauf ab, klin-
isch relevante Endpunkte, wie Mutationen, Tumorgrading oder Patientenprognosen
vorherzusagen. Dennoch bleibt die Entwicklung generalisierbarer, daten-effizienter
und klinisch relevanter Modelle für die Krebsdiagnostik aus verschiedenen Gründen
eine Herausforderung.

Deep-Learning-Modelle weisen eine geringe Generaliserungsfähigkeit über ver-
schiedene klinische Umgebungen hinweg auf. Unterschiede in der Gewebeaufbereitung,
in Färbeprotokollen und bei den Scannereinstellungen führen zu deutlichen Batch-
Effekten, sodass Modelle bei bisher ungesehenen Daten schlechter abschneiden. Um
dieses Problem anzugehen, schlagen wir generative Methoden für Multi-Domain-
Färbeaugmentierungen in der Histopathologie und der mikroskopischen Bildgebung
vor.

Eine zweite Herausforderung ist das Repräsentationslernen für digitalisierte Histolo-
giebilder, bei dem gigapixelgroße Bilder in kompakte Repräsentation überführt werden
müssen. Zu diesem Zweck stellen wir eine neue Trainingsroutine vor, die verschiedene
Trainingsparadigmen für die Patch-Repräsentationen kombiniert, sowie ein neuartiges
reines Transformer-basiertes Feature-Aggregationsnetzwerk. Das auf Transformern
basierende Aggregationsmodell integriert Gewebekontext, um mehrere genetische
Mutationen vorherzusagen, und zeigt starke Generalisierungsfähigkeit bei der Biomark-
ervorhersage für Darmkrebs. Bemerkenswerterweise funktioniert das Modell erst-
mals erfolgreich Biomarker aus Kolonoskopien und steigert so den klinischen Nutzen.
Darüber hinaus zeigen wir, dass ein ressourcen-effizientes Fine-Tuning von visuell
vortrainierten Deep Learning Modellen (Vision Foundation Models), die ursprünglich
auf natürlichen Bildern trainiert wurden, spezialisierte Histopathologie-Encoder übertr-
effen kann. Aufbauend auf diesen Erkenntnissen führen wir ein Hämatologie-Modell
ein, das neue Maßstäbe bei der Klassifizierung von weißen Blutkörperchen und bei
Leukämie-Klassifizierung setzt.

Abschließend leidet das Feld der computergestützten Pathologie unter einer geringen
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Zusammenfassung

Reproduzierbarkeit, häufig bedingt durch unzugänglichen Quellcode, begrenzte Daten-
verfügbarkeit und uneinheitliche Evaluationspraktiken. Wir bewerten die Reproduzier-
barkeit systematisch und geben Empfehlungen, um Codefreigabe, Datenaustausch
sowie statistische Analysen zu verbessern.

Zusammenfassend zielt diese Dissertation darauf ab, klinisch relevante Deep-Learning-
Modelle für die Krebsdiagnostik zu entwickeln, um die Modelle einen Schritt näher an
den klinischen Routineeinsatz heranzuführen. Dies geschieht durch die Verbesserung
der Generalisierung mittels Färbeaugmentierung, den Fortschritt im Repräsentation-
slernen mittels daten-effizienter Methoden, die Entwicklung von Feature-Aggregation
zur Vorhersage klinischer Endpunkte sowie die Anhebung von Reproduzierbarkeits-
standards.
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1. Introduction

Cancer diagnosis and therapy have seen rapid progress in the past decades. Today,
a state-of-the-art diagnosis involves the determination of a tumor’s phenotype via
histopathological examination and in certain cases requires a tumor’s genotype via
genetic profiling [72, 94, 56]. Histopathology describes the microscopic examination of
tissue to detect and diagnose diseases and has been part of the diagnosis routine for
over a century [137]. Recently, the advances in genetic profiling, which has become more
cost-effective and widely available, and the subsequent new developments of molecular
biomarkers for stratifying patient prognosis have cumulated in the foundation of
the field of precision oncology, facilitating targeted therapies tailored to individual
patients. Despite ongoing discussions over the importance of the phenotype versus
the genotype [115], microscopic examination remains the gold standard of anatomic
pathology as articulated by Rosai in 2007:

“The discussion of the role that microscopy plays and in all likelihood will continue
to play in ‘the molecular age’ of medicine can be divided into two separate categories:
diagnostic pathology and investigative pathology. Regarding the former, it is my
opinion that there is no available technique that provides so much information so
abundantly, so quickly and as inexpensively as conventional microscopy, in the
form colloquially known as the H&E technique.” [124].

Hence, despite all advances, hematoxylin and eosin (H&E)-staining remains the baseline
of current pathological workflows. From an information theory perspective, the field
of pathology aims to find the most effective and at the same time most efficient
representation of a disease and its related factors, which currently still is the microscopic
examination of tissue samples. Similarly, computational pathology aims to find suitable
representations of a patient’s disease from the available patient data. The emerging
research question then becomes: How can we find generalizable representations of
disease or other aspects of interest in the pathological workflow and how can we
integrate these effectively in the clinical setting? In this thesis, I work towards finding
generalizable representations in data-efficient settings to solve clinically relevant tasks
such as diagnostic biomarker prediction from digitized whole slide images (WSIs).

Technical progress has been driving digitization in histopathology in the past decade.
Coupled with advances deep learning (DL) more specifically, the field of computational
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1. Introduction

Figure 1.1.: Use cases of deep learning in pathology. After digitization of the whole
slide image, computational methods can be divided into data pre-processing
and image analysis methods. Among these (a) stain normalization, (b)
evaluation of cell-level features, (c) tissue type segmentation, (d) clinical
endpoint and biomarker prediction, (e) case retrieval, and (f) report gen-
eration are common tasks in the downstream workflow of computational
pathology.

pathology has experienced an enormous increase in relevance. While computational
means have always aimed to support pathologist, most directly in their diagnostic
workflow [57], they can also be applied for therapy and drug development [141], such
as for biomarker discovery. In particular, deep neural networks have shown early
promise in reaching performance levels of medical experts on well-defined tasks such
as skin cancer diagnosis [37], lung cancer subtype classification [28], or the recognition
of malignant white blood cells [104]. Given the increasing number of cancer cases every
year leading to an increasing caseload per pathology combined with a decline in the
number of practicing pathologists [102, 107], computational pathology bears a huge
potential to improve the clinical workflow by accelerating and aiding decision-making
of pathologists.

2



1. Introduction

1.1. Use cases of deep learning in pathology

Applications of artificial intelligence (AI) in pathology can be broadly divided along
the clinical workflow into data preparation of the digitized WSI and subsequent image
analysis tasks (Figure 1.1). To prepare tissue for microscopic examination, sections of
formalin-fixed and paraffin-embedded (FFPE) tissues are cut into thin layers (3-5mm)
using a microtome and placed onto a glass slide. The tissue is then stained to make
the cellular structures visible. Routinely, the tissue slides are stained with H&E, where
hematoxylin stains nuclei in purple-blue and eosin stains cytoplasm and extracellular
matrix pink. Further stainings can highlight specific proteins, such as immunohisto-
chemistry (IHC) stainings, or other cellular components. The stained tissue slides are
then digitized using scanners that use objective powers with high magnifications, typi-
cally of 20× or 40×, corresponding to resolutions of 0.5 to 0.25µm/pixel, respectively.
The resulting digitized WSIs can then have a size of up to 100, 000 × 200, 000 ≈ 20 Giga
pixels posing a challenge for computational models. For perspective, the ImageNet
dataset [29], which enabled advances in DL, contains 1,281,167 images—roughly equiv-
alent to the data in 128 WSIs at 20× magnification assuming every WSI contains on
average 104 images.

The resulting digitized WSIs can differ in appearance due to variations in tissue
preparation, staining protocols, and scanning properties [153, 14]. These non-biological
variations, commonly referred to as batch effects, can affect the downstream performance
of computational models leading to poor generalization to external data cohorts, e.g.,
from other clinics [135]. To counteract this, computational methods adapt image patches
to either have a uniform appearance or diversify the dataset to make the downstream
model robust to stain variances (Figure 1.1a).

After data preparation, WSIs can be analyzed to extract clinically relevant information
(Figure 1.1). The evaluation of cell-level features such as cell density, cell count [129],
and nuclei segmentation [P2.] of particular cell types is a critical task in diagnostics,
e.g., counting mitotic figures, where the number of dividing tumor cells is a prognostic
factor for grading breast cancer [142]), or tumor-infiltrating lymphocytes (TILs), which
are predictive for multiple solid tumors [61] (Figure 1.1b). Automated approaches can
improve efficiency and reliability over manual counting when applied on the entire
WSI [105, 24].

Understanding the composition and architecture of tissue types, such as epithelial,
stroma, or tumor tissue, is integral to diagnosis based on histopathological images.
Automatic segmentation of tissue types can subsequently be used to determine mea-
surements, such as the tumor-stroma-ratio, a prognostic factor in breast cancer [89],
colorectal cancer [45, 106], and lung cancer [155] (Figure 1.1c). Methods require either
pixel-level semantic segmentation, patch-level tissue types to segment at WSI-level,
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1. Introduction

or WSI-level approaches where interpretability methods can be used to derive tissue
segmentations [99].

Predicting clinical endpoints, such as grading, staging, or survival, or biomarkers,
such as genetic alterations [43, 25, 126] or protein expression [12], is an important task
in computational pathology, posing a challenge for computational approaches due to
the large mismatch in input and output dimensionality, that is mapping from gigapixel
WSIs as inputs to single numbers as outputs (Figure 1.1d). With the advent of precision
oncology, molecular assays and genome sequencing were increasingly introduced in the
diagnostic workflow of pathology. Directly predicting genetic alterations or specific
molecular profiles from H&E-stained histology can serve as a time and cost-efficient
alternative to current approaches and has invoked the developments of methods using
weakly-supervised learning as detailed in the following section [134].

To further assist in the diagnostic process, large slide archives can support case
retrieval to find visually similar cases for reference [148, 18, 127] (Figure 1.1d). This
aids pathologists in recognizing rare diseases and refining their assessments through
comparison and expert consultation of past cases.

Beyond direct prediction of clinical endpoints, AI models can also generate clin-
ical reports, describing the microscopic findings [139, 131, 32] or giving advice on
further testing to determine the disease [98] (Figure 1.1f). With recent developments in
large language models and multi-modal vision-language models, models have been
developed for patch and region captioning at several magnifications [97, 68, 70]. These
models have also been extended to the slide level, where they can be aligned with
clinical reports [158, 131] or synthetic captions and clinical reports [32].

1.2. Deep learning for clinical endpoint prediction

Discovering new biomarkers related to patient prognosis and predicting clinical end-
points of patients directly from H&E-stained images represent key goals for AI-driven
histopathology for research and diagnostic purposes [134]. This can be molecular in-
formation from additional analysis or tests, such as genetic alterations, genetic assays,
or molecular biomarkers, morphological information solely based on the WSI, such
as tumor grading or tumor staging, or clinical information such as patient prognosis
or related diagnostic measurements such as treatment response. These algorithms
can be used for diagnostic workflows, e.g., to detect microsatellite instability (MSI)
in colorectal cancer [83, 35, 146], but also for research purposes by developing new
AI-based biomarkers or discovering patterns linked to molecular profiles [90].

From a technical perspective, mapping gigapixel WSIs to clinical endpoint prediction
is inherently challenging due to the large imbalance of the input and output dimen-
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1. Introduction

Figure 1.2.: Computational workflow for clinical endpoint prediction. Challenges in
the computational workflow are detailed including the contributions of this
dissertation-based thesis (core publications are marked by *).

sionality. Typically, the workflow is partitioned into three components (Figure 1.2):
pre-processing of the WSI into smaller image patches, reducing the dimensionality of the
image patches to one-dimensional vectors using a patch encoder, and aggregating all
features per WSI, which can involve more than 104 features, with a feature aggregation
network to a final prediction of a clinical endpoint.

Current pre-processing pipelines are rarely standardized. The typical workflow
entails the semantic segmentation of tissue regions, which can be a challenging task
when dealing with artifacts, regions with low staining absorption or low staining
intensities as often present in IHC stainings, tiling of the tissue regions, typically into
patches of size 256×256 or 512×512, and other pre-processing steps such as stain
color adaptation. To reduce batch effects present in histology settings [135], stain
normalization methods aim to harmonize the visual appearance of WSIs to a chosen
reference image [120, 100, 140]. Recently, color augmentation was proposed to make
downstream DL networks robust to stain variances [135, 145, 101, 39].

Next, patch encoders extract the relevant information from histology image patches
and encode them in low-dimensional embeddings. Advances in self-supervised learning
in computer vision have led to vision foundation models that generalize well to
unknown datasets and new tasks [163, 17, 117, 47]. Applying these training recipes on
large, private repositories of WSIs, patch-level foundation models for histopathology [97,
20, 158, 144, 40, 125] have been developed and proven to yield versatile general-purpose
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1. Introduction

representations of histology patches forming a new generation of histopathology models
for further downstream tasks [110, 11].

Finally, feature aggregation networks map the low-dimensional patch features to
one or a few clinical endpoints. Early approaches such as simple pooling or clustering
methods performed this in an unsupervised manner. This approach has been improved
by attention-based networks, essentially computing a weighted average [71, 128, 99], or
Transformer-based methods [132, 146], which also consider inter-patch relationships.

1.3. Challenges on the path to the clinic and thesis
contributions

Developing AI models targeted for clinical applications in medical microscopy imaging
faces several challenges. Below, I outline the major challenges in clinical endpoint
prediction workflows, present the arising research questions, and discuss how the
publications included in this thesis contribute to a solution (core publications are
marked by *). When describing specific contributions of the publications, I use “we” to
acknowledge the work of my co-authors.

Batch effects lead to poor generalization. Variations in staining protocols and scanner
settings can cause strong batch effects leading to poor model generalization to unseen
clinical settings even when stain normalization methods are used for testing. How to
build generalizable and robust DL models that perform well on unseen datasets?

• (*) MICCAI, 2022: We propose the first generative method trained on data from
multiple hospitals that can be applied for stain augmentation, able to synthesize
a large variety of domain colors. The generative adversarial network disentangles
the style from the content and can thereby preserve the morphology [P1.].

• J.Imaging, 2022: We develop a style transfer method for microscopy images
from diverse modalities. Using this structure-preserving approach, segmentation
masks from less frequent microscopy domains can be augmented with synthetic
data using segmentation masks from more frequent microscopy domains, leading
to better downstream segmentation performance [P2.].

Finding suitable representations as patch embeddings. Current patch-based founda-
tion models are often trained on large internal WSI repositories, neglecting powerful
general-purpose foundation models trained on natural images and existing annotations.
Additionally, they do not generalize well to tasks in hematology. How to find good
representation in data-efficient settings?

6



1. Introduction

• MICCAI, 2022: We combine supervised, self-supervised, and semi-supervised
learning to leverage available annotations and improve representation quality as
evaluated on colorectal cancer histology and white blood cell classification [P3.].

• (*) ISBI, 2024: We show that low-resource finetuning of foundation models trained
on large-scale datasets of natural images outperforms state-of-the-art patch en-
coders in histopathology trained on millions of histopathology patches [P4.].

• (*) MICCAI, 2024: We introduce a foundation model for hematology trained on
the largest collection of 13 datasets of white blood cell images from peripheral
blood smears and bone marrow smears. The model outperforms existing models
on white blood cell classification and leukemia subtyping [P5.].

Data-efficient feature aggregation. New feature aggregation models are often evalu-
ated not using general-purpose Transformer-based patch encoders, non-relevant clinical
tasks, single datasets, and only resections. Additionally, most methods evaluated on
clinical tasks do not contextualize the patch features. How to build DL models for clinical
endpoint prediction and thoroughly evaluate them in diverse clinical settings?

• MICCAI, 2022: We develop a Transformer-based aggregation network using
localized self-attention to better reflect the underlying tissue biology. We evaluate
our model on mutation prediction with a multi-task objective for ten mutations
on colorectal cancer and assess the generalization capabilities [P6.].

• (*) Cancer Cell, 2023: We develop a Transformer-based aggregation network
for biomarker prediction on colorectal cancer histology. We assess the model
performance and generalization on 16 patient cohorts of over 13,000 patients. The
final model is trained on 13 patient cohorts and generalizes from resections to
biopsy samples for the first time [P7.].

Limited reproducibility. Limited code and data availability, combined with non-
standardized evaluation practices lead to low reproducibility and reusability of DL
methods in machine learning [4]. Are the results of models in computational pathology
reproducible and–if not–how can we develop reproducible and reusable models?

• (*) Modern Pathology, 2024: We systematically assess the reproducibility and
reusability of DL models in computational pathology, evaluating code availability,
data accessibility, and statistical analysis based on a reproducibility checklist for
code, data, and statistical analysis [P8.].

• Nature Medicine, 2022: Building on our analysis in P8., we propose recommen-
dations to improve reproducibility and reusability in computational pathology
[P9.].
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2. Methods

From a technical perspective, the typical workflow in clinical endpoint prediction from
hematoxylin- and eosin (H&E) stained whole slide images (WSIs) involves three main
components (Figure 1.2): (i) pre-processing of the WSI into smaller images, so-called
patches, (ii) reducing the dimensionality of the image patches to one-dimensional
vectors using a patch encoder, and (iii) mapping all features of a patient sample or
WSI with a feature aggregation network, which can involve more than 104 features, to
the final prediction of a clinical endpoint. This can be molecular information from
additional tests, such as molecular profiling via genetic assays, or protein expressions
via immunohistochemistry stainings of additional WSIs, morphological information
based on the pathologist’s assessment of the WSI, such as tumor subtype, grading,
or staging, or clinical information, such as patient prognosis, or related therapeutic
information, such as treatment response. Refer to Table 2.1 for a detailed overview
of current publicly available datasets for clinical endpoint prediction including the
available annotations. The most commonly used databases, The Cancer Genome Archiv
(TCGA) [152] and the Clinical Proteomic Tumor Analysis Consortium (CPTAC) [36],
are databases centrally collected from hospitals across the United States by the National
Institute for Health providing an abundance of WSI with clinical information of patients
linked to genomics (TCGA) and proteomics (CPTAC). Out of these pan-cancer datasets,
diverse clinical endpoint tasks can be curated for morphological, molecular, and clinical
endpoints. When using these two datasets, batch effects play an important role and
site-preserving splits should be used [67]. The evaluations of the publications included
in this thesis are mainly based on colorectal cancer cohorts from TCGA and CPTAC,
the patch-level classification datasets of colorectal tissue types NCT-CRC-HE-100K [81],
and the lymph node metastasis detection dataset Camelyon17 including data from five
different hospitals [6].

The following chapter will present the current state of the field regarding the three
components of the workflow in computational pathology for clinical endpoint predic-
tion. For each component, the methods are the current state-of-the-art, and the publica-
tions in this thesis are presented from a technical perspective and then complemented
with current applications in computational pathology. Following the applications in
this thesis, the chapter focuses on the application of molecular biomarker prediction
such as genetic alterations. Still, the underlying methods are not application-specific
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and go beyond this subfield.

Datasets Organ #Samples Targets (#classes) Task category

BCNB [157] Breast 1,058 ER (2), PR (2), HER2 (2) Mol
BRACS [9] Breast 547 (189) subtype fine (7), coarse (3) Morph
EBRAINS [62] Brain 3,115 diagnosis (32), IDH (2) Morph, mol
CPTAC [36] Pan-cancer Various Morph, mol, clinical
TCGA [152] Pan-cancer 29,763 (10,953) Various Morph, mol., clinical
PAIP [85] Pan-cancer 2,457 Various Morph, mol, clinical
Camelyon16 [95] Lymph Cancer Morph
PANDA [10] Prostate 11,000 ISUP grade (6) Morph
IMP [111] Colorectal 5,333 Grading (3) Morph

Table 2.1.: Publicly available datasets with labels for clinical endpoint prediction.
Selection of tasks that can be used for clinical endpoint prediction, which
can be categorized into molecular, morphological, and clinical labels.

2.1. Pre-processing and stain color adaptation

The process from raw tissue to digitized and patched WSIs involves multiple process-
ing steps, each introducing potential variations to the outcome. These include tissue
preparation factors such as fixation duration, the age and composition of H&E stains,
digitization parameters such as scanner settings and objectives, and WSI patching
components such as tissue segmentation and thresholding or artifact detection. These
steps result in considerable variability in color appearances of WSIs both across differ-
ent hospitals but also within the same hospital [67]. Such non-biological variations,
commonly referred to as batch effects, are a major factor in the poor generalization of
deep learning (DL) models to external datasets [135].

Although reliable tissue segmentation plays an important role in the downstream
performance, and is still a challenging task, especially for immunohistochemistry
stainings, which can be very bright and therefore difficult to detect, the largest batch
effects arise from stain color variability [135]. Approaches addressing batch effects in
histopathology fall into two categories: approaches for stain normalization that aim at
aligning all images to a reference image from the training domain, mapping images
from external dataset to the domain seen by the model during training (Figure 2.1a),
and approaches for stain color augmentation, which introduces stain color variation
during training to improve model robustness against batch effects (Figure 2.1b).

From a technical perspective, methods can be further partitioned into traditional, non-
DL-based color-matching techniques and generative networks using neural networks
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Figure 2.1.: Pre-processing and stain color adaptation. (a) Stain normalization methods
map test images to the training domain. (b) Stain augmentation methods
create diverse synthetic data augmentations to introduce stain variance dur-
ing model training. (c) Exemplary GAN architecture for style transfer with
unpaired image-to-image translation using disentangled representations
(DRIT++ [93]).

for style transfer and image-to-image translation [8]. Both approaches can serve for
stain normalization or augmentation, where traditionally stain normalization is the
more common application.

2.1.1. Color-matching methods

Color-matching techniques generally assume that the proportions of the stain color
components, i.e., the hematoxylin and the eosin components, are consistent across
images. However, this assumption does not hold across different tissue types or even
across images from the same tissue displaying different morphological structures,
where the ratio and size of nuclei can vary greatly.

To address the limitations of simple histogram matching based on color space
statistics [120], several methods have proposed to apply color deconvolution to identify
and adjust H&E components in histology patches [100, 140, 84, 74]. These methods
assume that H&E staining components stain distinct morphological structures and are
therefore orthogonal to each other in the color space, i.e., can be detected using singular
value decomposition. Under this assumption, the RGB color space is decomposed into
two principal components—one aligned with hematoxylin, the other with eosin plus
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a residual. This allows any source image to be transformed to match the stain color
matrix of a target image chosen as a reference.

Despite their wide application potential, color deconvolution methods are computa-
tionally expensive, making them impractical for workflows that involve transforming
thousands of image patches in a WSI as required for clinical endpoint prediction
workflows or large-scale self-supervised training. Additionally, they may fail when the
underlying assumption that the stain color proportions of the source and target image
are similar is violated leading to artifacts in the transformed images.

2.1.2. Generative adversarial networks

In contrast to color-matching algorithms, Generative Adversarial Networks (GANs)
learn the underlying distributions of entire datasets and are therefore not restricted to
the color distribution of a single image. Concretely, GANs learn to generate synthetic
images by optimizing a min-max objective where the generator G aims to produce
realistic samples while the discriminator D is optimized to distinguish real from
generated images [48]. Early works on image-to-image (I2I) translation, such as
Pix2Pix [73], require paired data to learn style transformations on natural images.
However, histopathological images are unavailable in a paired setting as these images
are unique to their specific clinical setting. To employ style-transfer techniques from
computer vision to histopathological images, GAN-based methods for unpaired style
transfer are required.

J.-Y. Zhu et al. [164] introduced CycleGAN for unpaired I2I translation by employing
a cycle consistency loss, i.e., mapping an input image through encoder and decoder to
the second domain and back to the original domain. Let M : X → Y and N : Y → X
be the mappings between two domains X and Y . The training objective combines the
classic adversarial loss given by

Ladv(M, DY ) = Ey[log DY (y)] + Ex[log(1 − DY (M(x)))] (2.1)

as an example for an image x ∈ X (similarly for an image y ∈ Y) with the cycle
consistency loss defined as

Lcyc(M, N) = Ex [∥N(M(x))− x∥1] + Ey [∥M(N(y))− y∥1] . (2.2)

The total loss ensures that the domain-specific mappings M and N preserve domain
characteristics and generate realistic images. In this setting, the latent spaces are
domain-specific, which can be adapted to a shared-latent space [96].

Despite its success, GANs like CycleGAN may suffer from hallucinations as the
generator-discriminator interplay can introduce and ignore artifacts that resemble
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network filters [27]. To address this, H.-Y. Lee et al. [93] propose Disentangled Repre-
sentations for Image Translation (DRIT) to disentangle image content and style into
separate representations, improving control over translation and thereby reducing
artifacts (Figure 2.1c). In DRIT, images x ∈ X and y ∈ Y are decomposed into content
zc

x ∈ C and attribute za
x ∈ Ax via encoders Ec

x and Ea
x:

{zc
x, za

x} = {Ec
X (x), Ea

X (x)}, {zc
y, za

y} = {Ec
Y (y), Ea

Y (y)}. (2.3)

To ensure that the content embedding is domain-invariant, i.g., style-invariant, a content
adversarial loss defined as

Lcontent
adv =Ex

[
1
2

log Dc(Ec
X (x)) +

1
2

log(1 − Dc(Ec
X (x)))

]
+ Ey

[
1
2

log Dc(Ec
Y (y)) +

1
2

log(1 − Dc(Ec
Y (y)))

]
, (2.4)

where Dc is the content discriminator, reinforces that the domain cannot be detected
from the content latent embedding zc. To obtain disentangled encoders and decoders
for image content and style, DRIT employs a cross-cycle consistency loss. Given a
non-paired images (x, y), style representations za

x and za
y are swapped during forward

and backward translations

u = GX (zc
y, za

x), v = GY (zc
x, za

y), x̂ = GX (zc
v, za

u), ŷ = GY (zc
u, za

v). (2.5)

The reconstruction loss is defined as

Lcc
1 = Ex,y

[
∥GX (zc

v, za
u)− x∥1 + ∥GY (zc

u, za
v)− y∥1

]
, (2.6)

enforces consistency by comparing the ℓ1-reconstruction error of the original images and
their synthetic cross-cycle counterparts. DRIT can be extended to multiple modalities by
removing the domain dependence of content and of domain encoders and decoders. The
domain encoders and decoders are formulated as a variational autoencoder conditioned
on the domain identifier.

These disentangled representations enable DRIT to achieve robust style transfer while
preserving structural integrity, making DRIT particularly suited for histopathological
applications. Recent developments of diffusion models as generative networks were
also applied to the domain of histopathology for stain color adaptation [133] or proving
to make models privacy-preserving [112].

2.2. Representation learning for encoding histology patches

“The success of machine learning algorithms generally depends on data representa-
tion, and we hypothesize that this is because different representations can entangle
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and hide more or less the different explanatory factors of variation behind the data”,
Bengio et al. [7].

Representation learning refers to training DL models to transform input data into
above mentioned lower-dimensional feature representations. Finding general-purpose
representations for histology patches is a key component for dimension reduction
necessary when developing DL models for clinical endpoint prediction, where the
representation quality of the patch embeddings directly impacts downstream perfor-
mance (Figure 2.2). Initially, the field relied on transfer learning from models pretrained
on large-scale, labeled datasets such as ImageNet [29], which enabled small histopathol-
ogy datasets to benefit from pretrained feature representations that could detect distinct
patterns [35]. However, representations from supervised learning were shown to be
suboptimal, especially for domain shifts in the data typical for natural images to
histopathology data transitions [20].

Self-supervised learning (SSL) approaches aim at learning representations from unla-
beled data to produce task-agnostic yet semantically rich representations [21]. The idea
is to learn representations with multi-view invariance. By comparing multiple augmenta-
tions (or “views”) of the same image, these methods aimed to learn representations
invariant to transformations that preserve the underlying semantic content. Such
invariances emerged naturally from proxy tasks designed around predicting missing
information, repositioning patches, or grouping similar content, ultimately guiding the
network towards representations that captured robust and task-agnostic features.

Following Balestriero et al. [5], I provide an overview of current methods in SSL
divided into early approaches, that mostly use proxy tasks as training objectives,
contrastive learning, self-distillation, and multimodal alignment. I conclude the sec-
tion with an overview of the current methods in representation learning for patch
encoders in histopathology and how the SSL recipes from computer vision translate to
computational pathology.

2.2.1. Proxy tasks for representation learning

Early attempts at self-supervised representation learning primarily focused on de-
signing so-called proxy tasks that replaced manual annotations from supervised tasks
with artificial labels of the proxy task to learn features from unlabeled images and
thereby extend the pretraining datasets to datasets orders of magnitudes larger than
annotated datasets. By solving these auxiliary problems, models are encouraged to
capture semantics and scene understandings that prove later useful when applied to
downstream tasks.

A prominent line of work explored information restoration such as colorization tasks
that require the model to predict the original RGB colors for grayscale images [161,
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91, 143]. By doing so, the network has to understand object boundaries, textures, and
spatial relationships to restore realistic colors. Similarly, inpainting tasks [118] involve
reconstructing missing parts of an image requiring the model to form a coherent
internal representation of scene structure and object semantics. Building on these ideas,
more recent approaches such as masked autoencoder (MAE) [58], extended this concept
by predicting masked patches in an image to learn representations similar to methods
in large language models [30].

Spatial context and geometric properties can be formulated as proxy tasks through
rotation prediction [46] pushing the model to identify the correct image orientation
leading to rotation-invariant features, solving “Jigsaw” puzzles, i.e., arranging shuffled
image patches into the correct spatial configuration, further encouraging the model to
focus on object parts and their relative positions [34, 114], or counting objects within an
image, pushing the model to discover recurring patterns that typically corresponded to
distinct semantic entities [114].

Another form of indirect supervision is clustering-based approaches: These methods
cluster unlabeled images in the latent space and thereby create pseudo-labels for
semi-supervised objectives [15, 16]. Additionally, generative modeling can be seen as
a precursor for SSL objectives, where classical autoencoders learn latent spaces by
reconstructing the input image from a bottleneck layer. Although the reconstructions
were often blurry and hence the representations less universal than later contrastive
methods, autoencoders set the stage for using reconstruction as a learning signal [7, 5].

2.2.2. Contrastive learning for self-supervision

Contrastive learning is a self-supervised representation learning approach with the
underlying principle that similar instances should have similar representations, i.e.,
map to nearby points in the embedding space, while dissimilar instances should have
distinct representations, i.e., be placed far apart in the embedding space.

In other words, when two data points share the same class, their representations
should be pulled closer together, and representations of data points from different
classes should be pushed apart. This concept builds on ideas from metric learning,
where the triplet loss [151] was originally proposed in a fully supervised context. Assume
we have a set of embeddings Z = {z1, z2, . . . } and a predefined set of positive pairs P

indicating which samples belong to the same class. For each anchor embedding zi, we
identify a positive embedding zj that should be close to zi, and a negative embedding
zk that should be farther away. The triplet loss, with a margin m > 0 to enforce a
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Figure 2.2.: Representation learning for encoding histology patches. Initial self-
supervised learning objectives originated from metric learning objectives
such as the triplet loss (a) and introduced contrastive learning (b). Current
successful recipes involve mostly knowledge distillation (c) or multimodal
alignment using image-caption pairs (d).

minimum gap between positive and negative distances, is formulated as

Ltriplet(Z) = ∑
(i,j)∈P

∑
(k,l)/∈P

k=i

ReLU
(
∥zi − zj∥2 − ∥zi − zk∥2 + m

)
, (2.7)

where ∥ · ∥2 denotes the Euclidean distance and ReLU ensures that the loss only applies
when the margin constraint is violated.

The classical triplet loss requires sampling techniques such that a batch contains
all relevant examples, also called negative mining. Since unsupervised data does not
include class labels, contrastive self-supervised learning introduces a new paradigm:
images and transformed versions of it (“views”) are used as proxies for being of the
same class (positives) while other images are treated as negative pairs (Figure 2.2b). As
transformations, simple augmentations are applied to each image to generate views
of the image, which preserve the underlying semantics. These augmentations can be
transformations such as random crops, color jittering, or Gaussian blurring.

Oord et al. proposed the InfoNCE loss [116] for contrastive learning, which is closely
related to Noise-Contrastive Estimation [154]. Suppose we have a set of representations
{z1, z2, . . . , zN} extracted from a batch of N samples. For a pair (i, j) ∈ P, i.e., i and j
are positive pairs corresponding to augmented views of the same image, the InfoNCE
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loss is defined as

LinfoNCE = − ∑
(i,j)∈P

log

(
ecos(zi ,zj)/τ

∑N
k=1 ecos(zi ,zk)/τ

)

= − ∑
(i,j)∈P

log
(

softmaxj

(
cos(zi, zj)

τ

))
, (2.8)

where the cosine similarity between two embeddings is defined as cos(zi, zj) =
z⊤i zj

∥zi∥2∥zj∥2
,

and the temperature τ > 0 is a hyperparameter that controls the sharpness of the
distribution. Unlike the triplet loss, InfoNCE takes advantage of a non-parametric
softmax normalization over all samples in the batch.

This direct, pairwise comparison approach avoids the need for explicit negative min-
ing, i.e., the need to create representative batches that contain negative examples, and
naturally encourages learning robust, transferable representations without requiring
any labels. On the downside, however, contrastive learning objectives such as the
InfoNCE loss require large batch sizes to have representative examples and cover many
different images and variations.

2.2.3. Self-distillation for self-supervision

Knowledge or self-distillation methods employ a pair of encoders using the same
architecture, commonly referred to as the teacher and student networks, to learn robust
representations without negative samples. This paradigm was first introduced by BYOL
(Bootstrap Your Own Latent) [51], which showed that SSL can bootstrap meaningful
features by predicting the representation of one network from another for the same
input image transformed by different augmentations (Figure 2.2c).

Concretely, consider an unlabeled dataset X and two distributions of semantic-
preserving transformations T1 and T2. For an input image x ∈ X, we draw two
transformed views t1(x) and t2(x), with t1 ∼ T1 and t2 ∼ T2. Let fθs and fθt denote
the student and teacher networks parameterized by θs and θt, respectively, and let pγ

be a predictor parameterized by γ that is added to the student’s output. The BYOL
objective encourages the student’s representation of one view to predict the teacher’s
representation of the other as follows

LBYOL(θs, γ) = E(x,t1,t2)

[
∥renorm (pγ ( fθs(t1(x))))− renorm ( fθt(t2(x)))∥2

2

]
, (2.9)

where renorm(v) normalizes the embedding vector v by

renorm(v) =
v

max(∥v∥2, ϵ)
, (2.10)
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∥ · ∥2 is the Euclidean norm, and ϵ > 0 is a small constant to avoid division by zero. By
preventing gradients from flowing back into the teacher encoder and instead updating
its parameters by the exponential moving average (EMA) of the student’s parameters,
BYOL avoids collapsing the network outputs to trivial solutions. X. Chen et al. [22]
show that the stop-gradient operation is the critical factor to avoid collapse and EMA
update additionally boosts performance.

Building on this framework, DINO [17] replaces the mean-squared error objective and
ℓ2-normalization with a cross-entropy (CE) loss over a softmax distribution. Letting τ

be the fixed temperature parameter of the softmax and sg(·) indicate the stop-gradient
operation, the DINO objective is given by

LDINO(θs, γ) = E(x,t1,t2)

[
CE

(
e fθs (t1(x))/τ

∑k e( fθs (t1(x))k/τ)
, sg

(
ecenter( fθt (t2(x)))/τ

∑k e(center( fθt (t2(x)))k/τ)

))]
. (2.11)

In this formulation, the teacher’s output is first centered to reduce sensitivity to
large batch sizes. The teacher’s weights are also updated by the EMA of the student’s
weights. The resulting framework can be interpreted as implicitly clustering repre-
sentations into discrete modes. Further enhancements, such as iBoT [163], integrate
masked image modeling inspired by masked token prediction in large language mod-
els [30]. Subsequent work, e.g., DINOv2 [117] refines these ideas and is trained on
the largest collection of images dataset to date, demonstrating that self-distillation is
a powerful method at scale, and yielding transferable and semantically meaningful
visual representations.

2.2.4. Multimodal alignment for self-supervision

Self-supervised representation learning has evolved beyond single-modal vision en-
coders or large language models, extending to multimodal models combining modali-
ties, e.g., visual data with text or audio [47]. By combining multiple modalities, models
can learn a joint embedding space in which the modalities, e.g. image and text, are
aligned, allowing them to interpret and leverage richer semantic cues than vision
alone can offer [119, 77]. In analogy to the view creation through transformations in
vision-only models, the core idea is to treat matched image-caption pairs as positive
instances and unrelated image-text combinations as negatives, thus applying a con-
trastive objective that encourages semantically consistent alignment across modalities
(Figure 2.2d).

Radford et al. propose Contrastive Language-Image Pre-training (CLIP) [119], which
learns a shared embedding space for images and their corresponding captions. Let
{(xi, yi)}N

i=1 be a batch of N image-caption pairs, where xi and yi denote the image
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and text inputs, respectively. Two encoders, fθI for images and fθT for text, produce
normalized feature embeddings zI

i = fθI (xi) and zT
i = fθT (yi). Defining the cosine

similarity by cos(za, zb) = z⊤a zb
∥za∥2∥zb∥2

and employing a temperature parameter τ, the
CLIP objective is defined as

LCLIP =
1
2

− 1
N

N

∑
i=1

log
ecos(zI

i ,zT
i )/τ

∑N
j=1 ecos(zI

i ,zT
j )/τ

− 1
N

N

∑
i=1

log
ecos(zT

i ,zI
i )/τ

∑N
j=1 ecos(zT

i ,zI
j )/τ

 . (2.12)

The symmetric contrastive objective encourages each image to match closely with
its paired caption and each caption with its paired image, pushing the two modalities
to share the same semantics in a joint latent space. Models trained with vision-
language objectives often yield representations that transfer robustly to a wide range of
downstream tasks, including zero-shot classification and retrieval. Nevertheless, this
language-based semantic alignment sometimes biases the model toward semantic over
visual similarity, which may not be optimal for certain computer vision problems [108].
Subsequent work such as CoCa [160] extends the contrastive objective with generative
text prediction enabling the models to also generate captions.

2.2.5. Self-supervised learning for patch encoder in histopathology

Learning representations for histopathology images faces unique challenges due to
the considerable domain shift between pathology image patches and natural images,
such that neural networks pre-trained on datasets of natural images like ImageNet
often produce suboptimal representations for this domain. In addition, pathology
image patches can be highly homogeneous for a human observer while still exhibiting
strong batch effects. As we have seen above, vision representation learning is based
on the assumption that semantically close inputs should have representations that
are closely embedded in the latent space and vice versa for different inputs. This
assumption is based on semantic preserving view creation through standard transforms
such as cropping, color jitter, and Gaussian blurring. Defining such semantic-preserving
augmentation in the medical domain, however, is not straightforward and standard
transformation can violate underlying semantics [88]. Particularly for the domain
of histopathology, transformations for SSL recipes need to be adapted as pathology
images have no inherent orientation and color transformation can change the semantics.

To address this, early efforts leveraged large public WSI repositories, such as
TCGA [152] to train models specifically on histopathology data. These domain-specific
models improved sensitivity to the homogeneity and appearance of image patches.
These models were trained applying early SSL recipes often using a proxy tasks (refer to
Section 2.2.1 for more details) such as tissue site classification [122], a readily available
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Data Method Availability
Model WSIs Patches Datasets Training Backbone D C M

KimiaNet [122] 7K 240K TCGA Supervised DenseNet121 ✓ ✓ ✓
CiGa [26] 25K 4M 57 public SimCLR - ✓ - ✓
CTransPath [149] 32.2K 15M TCGA, PAIP MoCov3 Swin-T ✓ ✓ ✓
RetCCL [148] 32K 15M TCGA, PAIP Custom ResNet50 ✓ - ✓
Remedis [3] 29K 50M TCGA SimCLR ResNet50 ✓ - ✓
Lunit [79] 37K 33M TCGA,TULIP Various ViT-S - - ✓
Phikon [40] 6K 46M TCGA iBOT ViT-B - - ✓
PLIP [68] - 243K Med. Twitter CLIP (VL) ViT-B - - ✓
CONCH [97] - 1.17M PubMed CoCa (VL) ViT-B - - ✓
UNI [20] 100K 100M MASS-100K DINOv2 ViT-S - - ✓
Quilt-1M [70] - 1M YouTube CLIP (VL) ViT-B - - ✓
Virchow [144] 1.5M 380M MSKCC DINOv2 ViT-H - - ✓
Campanella et al. [13] 400K 3B Mount Sinai MAE/DINO ViT-S - - ✓
Rudolf-V [33] 103K 750M TCGA,Prop. DINOv2 ViT-L - - -
Roth et al. P4. 632 2.5M TCGA DINOv2 ViT-S/g ✓ ✓ ✓
PLUTO [78] 158K 195M Prop. Various ViT-S - - ✓
Prov-GigaPath [158] 170K 1.3B Providence DINOv2 ViT-g - - ✓
Hibou [109] 1.1M 1.2B Prop. DINOv2 ViT-L - - ✓
H-Optimus-0 [125] 500K - Prop. DINOv2 ViT-g - - ✓
Virchow2 [165] 3.1M 1.9B MSKCC DINOv2 ViT-G - - ✓
Phikon v2 [41] 60K 450M 3 public DINOv2 ViT-L - - ✓

Table 2.2.: Overview of existing patch encoders sorted by their release date. The fol-
lowing information was collected for every model if the information was
available: information about the training datasets including the number of
WSIs (patients) and the number of patches used during training, methodolog-
ical details such as training framework, backbone architecture, and whether
the latent space is trained with vision-language (VL) alignment, finally, the
data (D), training code (C), and model (M) availability is noted.

annotation. Other approaches introduced clustering-based loss terms designed for
WSIs, ensuring that patches from the same WSI were embedded closer together than
those from different WSIs [148], or extended state-of-the-art SSL algorithms, such as
MoCov3 [23], with pathology-specific adaptations [149].

Recent advances in SSL, coupled with the increasing availability of digitized WSIs,
have pushed representation learning in computational pathology to the next level.
Successful SSL recipes such as knowledge distillation with DINO [17], masked au-
toencoders (MAE) [58], the combination of masked image modeling with knowledge
distillation in iBot [163] and its extensions in DINOv2 [117], improved representation
learning in natural images (Section 2.2.3). These recipes were subsequently heav-
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ily adopted in computational pathology leading to emerging patch-level foundation
models trained on large repositories of WSIs exceeding the publicly available reposito-
ries (Table 2.2).

Parallel to the developments in SSL for general computer vision, where models such
as CLIP [119] used image captions to contrast vision embeddings with orthogonal
information from language descriptions, vision-language training recipes were adopted
in computational pathology, e.g., using databases such as Twitter [68], YouTube [70],
and medical textbooks together with PubMed [97] to generate paired pathology image-
caption data opening up new use cases such as zero-shot classification.

2.3. Weakly-supervised learning for histopathology

In computational pathology, weakly-supervised learning uses slide-level annotations
rather than pixel- or patch-level annotations in the training procedure and comes with
a lower manual annotation effort. After dimensionality reduction via patch encoding, a
WSI is represented as a collection of feature vectors, referred to as a bag. In the context
of clinical endpoint prediction, each bag corresponds to one or more clinical labels. This
framework, known as multiple instance learning (MIL), addresses the inherent ambiguity
in weakly-supervised settings, where there is no explicit one-to-one correspondence
between individual instances (patches) in the bag and the slide-level label. Instead,
individual instances contribute to the predicted target to a variable extent, reflecting
their varying relevance to the clinical outcome.

Let x = {x1, . . . , xK} represent a bag of K embeddings extracted from K patches of
a WSI. Weakly-supervised learning aims to aggregate the bag x into a single vector z,
which can further be mapped to a target y using a classifier. Two simple, parameter-free
aggregation methods are max pooling and mean pooling. For max pooling, the maximum
value of all embeddings along the embedding dimension is chosen, i.e.,

z = max
k∈{1,...,K}

xk, (2.13)

while for mean pooling, the patch embeddings are averaged along the embedding
dimension, i.e.,

z = mean
k∈{1,...,K}

xk. (2.14)

Both methods require no optimization and serve as a robust unsupervised baseline,
outperforming other supervised trained aggregation methods when combined with
powerful patch encoders [75, 76].
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Figure 2.3.: Weakly-supervised learning for histopathology. Architectures for feature
aggregation networks can be divided into (a) attention-based networks, (b)
graph-based networks, (c) multi-scale networks, and (d) Transformer-based
networks.

In the following, I will introduce MIL approaches that go beyond simple pooling
mechanisms, including attention-based networks, graph convolutional networks, multi-
scale approaches, and Transformer-based networks, which all improve aggregation by
transforming and weighting the bag instances in x.

2.3.1. Attention-based networks

Attention-based networks improve upon simple pooling aggregation methods by learn-
ing a weighted average of patch embeddings. Ilse et al. [71] propose to apply a
two-layer multi-layer perceptron (MLP) to each feature vector, producing an attention
score for each patch embedding. These attention scores are then used to calculate a
weighted average of the individual patch embeddings to obtain a single WSI embedding
(Figure 2.3a).

Given a bag of embeddings x = {x1, . . . , xK}, where xk ∈ Rd represents the d-
dimensional embedding of the k-th patch, the final aggregated representation z ∈ RL is
given by

z =
K

∑
k=1

akxk, (2.15)
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where ak is the attention score for xk. The attention scores are calculated by

ak =
ew⊤ tanh(Vx⊤k )

∑K
j=1 ew⊤ tanh(Vx⊤j )

, (2.16)

, where tanh introduces a non-linearity, w ∈ RL and V ∈ RL×d are trainable parameters
of the MLP, and the softmax function ensures the attention weights sum to 1.

This mechanism allows the network to prioritize regions of interest, such as tumor
regions, within the WSI, producing a weighted representation z that is subsequently
passed to a classification head for clinical endpoint prediction. Attention-based net-
works can vary in their size and architecture of their MLP by including pre-attention
transformations, multi-head attention [75], and post-processing techniques like feature
clustering [99].

However, a limitation of attention-based networks is that each patch is taken inde-
pendently, ignoring relationships between patches by neglecting the spatial context
of patches from the WSI. While patches may capture local contexts, such as cell inter-
actions within regions approximately of size 256 µm2 at 20× magnification (512×512
pixels at 0.5 µm/pixel), broader contextual information at the region or slide level is
lost. Context-aware approaches address this limitation by modeling interactions between
feature vectors, enabling a more holistic understanding of the tissue microenvironment.

2.3.2. Graph neural networks and multi-scale networks

Graph neural networks (GNNs) offer a natural way to incorporate spatial and topo-
logical information into patch feature aggregating models. Rather than treating each
patch independently, GNN-based approaches represent a WSI as a graph, where each
node corresponds to a feature embedding of a patch, cell, or other relevant tissue
structure, such as glands [162, 50]. The edges between nodes capture spatial adjacency,
enabling the model to propagate contextual information across the graph through
graph convolutional layers. Additionally, GNNs can handle unstructured or missing
data more naturally than grid-based methods, a common challenge when handling
irregularly shaped WSIs.

For instance, one can form a graph by connecting patches that are spatially close
within the WSI, and then apply graph convolutions or related GNN operations to model
local context and interactions [162]. Alternatively, the graph can be constructed at a
finer granularity, representing cells or glands as nodes to capture distinct morphological
or functional relationships [50]. Hierarchical or multilevel GNNs further enrich this
representation by modeling the information from multiple resolutions of the WSI
separately, capturing both fine-grained cellular details and higher-level structural
organization, and fusing the information later in the network [65, 55, 64].
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Similarly, multi-scale networks take inspiration from the pathologist’s workflow,
where tissue is examined across varying magnifications, e.g., the tumor outlines can be
detected at 2-5× up to cell-level features at 40×. Such approaches process image
features derived from multiple pyramid levels of a WSI and fuse them into one
representation throughout aggregation. By combining low-magnification global context
with high-magnification local detail, these networks can improve performance in tasks
such as tumor classification and grading [136] (Figure 2.3c).

2.3.3. Transformer-based networks

The shift from recurrent architectures to self-attention-based networks, called Trans-
formers, has expanded modeling capabilities in computational pathology following
their success in natural language processing. With Transformer-based models, large
sequences of patch embeddings from WSIs can be processed to produce a single output
capturing the interdependencies of all patches among each other [146].

Transformers are based on the self-attention mechanism, also called scaled dot-product
attention, which computes pairwise interactions between elements of an input sequence
(Figure 2.3d). In particular, assuming that x ∈ RN×d is the input sequence representing
a WSI with N patch embeddings of dimension d, the self-attention layer computes a
query-key product by

SA(Q, K, V) = softmax
(

QK⊤
√

dk

)
V, (2.17)

where queries Q ∈ RN×dk , keys K ∈ RN×dk , and values V ∈ RN×dv such that
SA(Q, K, V) ∈ RN×dv . These are computed from the input sequence x by

Q = x · WQ, K = x · WK, and V = x · WV , (2.18)

where WQ ∈ Rd×dk , WK ∈ Rd×dk , and WV ∈ Rd×dv are learnable parameters and dk and
dv are the dimensionality of the queries, keys, and values, respectively. Multi-headed
self-attention applies self-attention in parallel and concatenates each head in a weighted
manner

MultiHead(Q, K, V) = Concat(head1, . . . , headh)WO, (2.19)

where

headi = SA
(

Q(i), K(i), V(i)
)

for i ∈ {1, ..., h}, (2.20)

and WO ∈ Rhdv×d the projection of the concatenated h heads.
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While self-attention provides a powerful mechanism for modeling sequence de-
pendencies, its quadratic complexity constitutes a computational limitation for long
sequences as common for WSIs consisting of 104 patch embeddings or more. To address
this, various approximations such as Nystroem-attention [132] or local-attention [121]
have been proposed, allowing the model to handle long feature sequences more ef-
ficiently. More recent advances in handling long sequences from large language
models have quickly informed histopathology modeling. For instance, state space mod-
els [54, 52, 53] provide an alternative to self-attention and have been adapted as Mam-
baMIL [159] and similar works [42, 38]. Improvements in long-context self-attention
mechanisms, such as dilated attention [31], have also translated to histopathology, as
demonstrated by LongViT [147].

The above-mentioned methods ensure that patch features are not considered indepen-
dently. However, contextualizing patch embeddings with plain multi-head self-attention
in Transformers does not encode the position among the features yet to retain the global
context. Unlike natural images, WSIs are irregularly shaped with greatly varying dimen-
sions and hence are represented by a variable number of patch features. Additionally,
WSIs lack an absolute orientation. While for natural images orientations are a crucial
factor in visual reasoning, orientation can be neglected in pathology images. Designing
suitable two-dimensional positional encodings that preserve the spatial context and
handle variable-size inputs is therefore non-trivial. Approaches include rearranging
features into 2D grids [132], restricting self-attention to local neighborhoods [121],
defining a maximal WSI size and learning fixed embeddings for all smaller sizes [158],
or using absolute positional encodings within fixed regions of interest (ROIs) [19]. Each
of these strategies aims to retain global context and spatial structure without imposing
assumptions about orientation or uniform size that are common in natural images, still,
a universal solution for this challenge has not been proposed yet.

2.3.4. Representation learning on slide-level

Rather than training a feature aggregation network from scratch, whole slide repre-
sentation models can be pretrained to distill pathology-specific knowledge from large
WSI collections to simplify clinical endpoint prediction. The challenge then lies in
developing a suitable pretraining strategy for the feature aggregation network that can
encode tissue context from sequences of patch embeddings while handling arbitrarily
large WSIs.

Although relatively underexplored, slide-level self-supervision can be performed
with vision-only pretraining, either through masked image reconstruction [158], using
tissue classification as proxy task [150], or intra-slide contrastive learning[92, 66,
87], or in a multimodal fashion involving pathology reports, bulk transcriptomics,
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or immunohistochemistry [139, 131, 158, 75, 76, 2]. Furthermore, long-range context
modeling can either be neglected, essentially treating a WSI as a bag of independent
features[92, 75, 131, 158, 150], or explicitly modeled using Transformers[19, 139, 158,
66].

As research into general-purpose slide representations intensifies, adapting successful
patch-level representation learning strategies to the entire WSIs holds the promise
of powerful general-purpose slide representations that can be used off-the-shelf for
downstream tasks. Inspired by knowledge distillation and masked-image modeling[163,
117] for patch encoder pretraining (Section 2.2.3), we developed a multimodal, vision-
language pretraining paradigm that leverages millions of high-resolution regions-of-
interests (ROIs at 8, 192 × 8, 192 pixels) for large-scale, resolution-agnostic pretraining
and scalable WSI encoding. Trained using 336K WSIs across 20 organ types, our
vision-only trained model produces general-purpose slide representations that can
readily be applied to slide-level tasks such as cancer subtyping, biomarker prediction,
outcome prognosis, and slide retrieval tasks, outperforming supervised baselines and
existing multimodal slide foundation models [32]. This work is currently under review
and hence not included in the scope of this thesis.
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In the following, I present the publications included in this thesis by detailing for
each publication, first, the motivation and background, second, the existing work
and its shortcomings, then, the methods proposed in the publication, and finally,
my contributions. The publications tackle challenges arising when developing deep
learning (DL) for clinical endpoint prediction from digitized whole-slide images (WSIs)
in computer-aided cancer diagnosis (Figure 3.1).

Figure 3.1.: Overview of publications included in this thesis, positioning the publi-
cations in the context of the computational workflow for clinical endpoint
prediction in computer-aided cancer diagnosis.
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3.1. Structure-preserving multi-domain stain color
augmentation using style-transfer with disentangled
representations

Variations in staining procedures and scanner settings across different laboratories
introduce strong color differences in WSIs [153]. When applied to external datasets,
these color shifts lead to poor generalization of DL models trained on WSIs [135].

Existing methods to counteract this can be divided into stain color normalization
techniques and stain color augmentation methods. For stain color normalization,
recent approaches have utilized style-transfer methods like cycle-consistent generative
adversarial networks (CycleGANs) to transfer different styles between domains [130].
While effective in matching target distributions, these models can inadvertently alter the
tissue’s morphological structure, referred to as hallucinations. Alternatively, approaches
for stain color augmentations have been proposed to make the downstream neural
networks robust to stain color variations already during training [135] (Section 2.1).
However, both approaches are simple color space transformations and are therefore
restricted in handling a wide variability in staining appearances while preserving the
morphological structures.

To overcome these limitations, I developed HistAuGAN, a stain color augmentation
technique based on a generative adversarial network (GAN) for image-to-image
translation [P1.]. Based on the multi-domain version of DRIT++ [93], HistAuGAN
disentangles the morphological content of histological images from their stain color
attributes. This separation allows the model to alter the color while preserving the
tissue structure, thus preventing the GAN from hallucinating. By training on multiple
domains, HistAuGAN learns to simulate a wide variety of realistic histology stain colors.
When used as a stain augmentation technique during the training of a neural network
for a downstream task, HistAuGAN renders the network stain-invariant. This means the
trained models generalize better to external datasets without additional normalization
steps during testing as shown on a binary tumor classification task using the publicly
available dataset Camelyon17 including data from five hospitals [6]. Networks trained
with HistAuGAN color augmentation outperform networks trained with conventional
color augmentation techniques on external datasets. Through clustering analysis, we
confirm that HistAuGAN disentangles morphological structures and stain colors and
can therefore help to counteract present batch effects more effectively.

Contributions. I developed the concept of the study together with my supervisor
Tingying Peng. I implemented the code for training and evaluating HistAuGAN. I
drafted the manuscript and the figures except for the clustering analysis.
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3.2. Multi-modality microscopy image style augmentation for
nuclei segmentation

Nuclei segmentation in microscopy images is a critical task in histopathology and is
essential for determining cell-level features. It facilitates correct cancer type identifica-
tion, grading, and prognosis and strengthens clinical diagnoses. However, annotating
images for nuclei segmentation is laborious and time-consuming, requiring medical
experts to create accurate segmentation masks. The performance of DL models for
automated nuclei segmentation heavily relies on the quality and quantity of these
annotations. Additionally, the diversity of microscopy imaging modalities—such as
bright-field and fluorescence microscopy—and the various cell assay types introduce
challenges. Models often struggle with less-represented image types, and a decreasing
accuracy and generalizability across different datasets.

The 2018 Data Science Bowl (DSB) [49] competition aimed at developing unified
segmentation algorithms capable of handling various microscopy setups, cell lines, and
imaging modalities. Top-performing methods predominantly utilized segmentation
architectures like Mask R-CNN [59] and U-Net [123], with performance influenced
by the amount of training data, complex pre- and post-processing techniques, and
ensemble learning strategies. An early identified issue was dataset bias: models
achieved high accuracy on fluorescent images, which comprised most of the training
set, but performed poorly on minority imaging modalities like bright-field images of
stained tissue sections. While some teams employed style transfer methods for data
augmentation, these approaches trained one network per imaging domain [63].

We propose a GAN-based style augmentation technique [P2.]. The method handles
images from multiple domains such as varying cell assay types, lighting conditions,
and imaging modalities, including bright-field and fluorescence microscopy. Disen-
tangled representations for content and style preserve the original image’s structure
(nuclei locations and shapes) while altering its style during augmentation. Using this
augmentation technique, synthetic images of less-represented image types can be
generated from well-represented ones preserving the segmentation mask, effectively
increasing the number of minority modalities in the training set without resampling.
We evaluate the style augmentation technique on the DSB dataset, by incorporating
the augmented images into the training process of two top-ranked Mask R-CNN-based
nuclei segmentation algorithms from the competition, which increased segmentation
accuracy.

Contributions. I conceptualized the study and provided the initial code base. I
contributed to the writing of the manuscript and figures.
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3.3. S5CL: unifying fully-supervised, self-supervised, and
semi-supervised learning through hierarchical contrastive
learning

In computational pathology, annotating histopathological images to obtain labels for
semantic segmentation is very time-consuming due to the gigapixel scales of WSIs.
This results in a scarcity of annotated WSIs for segmentation tasks but an abundance of
unlabeled data, making it challenging to train supervised DL models. The imbalance of
little labeled and mostly unlabeled data provides a perfect use case for semi-supervised
learning, which leverages the information from unlabelled data to improve model
performances.

Current semi-supervised methods typically involve a two-stage process: First, SSL
is used to learn suitable representations from unlabeled data (Section 2.2), and, sub-
sequently, the model is fine-tuned using labeled data. However, these methods have
limitations: SSL recipes often require large batch sizes, long training times, and many
parameters. Additionally, self-supervised representations may struggle with highly
imbalanced datasets due to biases towards the majority classes.

To address these challenges, we developed S5CL, a unified framework that combines
fully supervised, self-supervised, and semi-supervised learning into a single-stage
training process using hierarchical contrastive learning [P3.]. S5CL employs three
contrastive losses simultaneously for labeled, unlabeled, and pseudo-labeled images.
This approach constructs an embedding space that reflects a hierarchy of distance
relationships, where similar images are closest, different images from the same class
further, and images from different classes furthest apart. The framework is flexible,
allowing adaptation to different scenarios by adjusting the weights of the contrastive
losses, and can function in fully supervised, self-supervised, or semi-supervised modes
depending on the available data. We evaluate the method on two public histopatho-
logical datasets: the NCT-CRC-HE-100K colorectal cancer dataset [81] and the Munich
AML Morphology dataset of single white blood cells from leukemia patients [104].
Our results show that S5CL improves performance, especially in sparse-label scenarios.
For the colorectal cancer dataset, S5CL increases accuracy by up to 9% compared
to a supervised cross-entropy loss. For the highly imbalanced leukemia dataset, it
improves the F1-score by up to 6%. These findings demonstrate that S5CL effectively
leverages both labeled and unlabeled data, handles class imbalances, and enhances
feature representation learning in computational pathology.

Contributions. I contributed the idea of hierarchy loss, dataset evaluations, and
supervised the project throughout. I further helped with writing the manuscript.
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3.4. Low-resource finetuning of foundation models beats
state-of-the-art in histopathology

Foundation models in computer vision have shown that distilling knowledge from vast
amounts of data can substantially improve feature quality and lead to general-purpose
representations that can be used across datasets and tasks such as classification, object
detection, or semantic segmentation [117, 47, 138, 86].

These recipes have been adopted in computational pathology to train patch-level
foundation models on millions of patches (Table 2.2). However, none of the existing
models in computational pathology leverage the knowledge of these large-scale pre-
trained models from computer vision, e.g., trained on curated datasets constructed from
1.2B unique images [117]. Efforts to scale up the pre-training for histopathology-specific
feature extractors have been resource-intensive, requiring extensive computational
power and time and large repositories of clinical data, which are not publicly available,
limiting their accessibility and reproducibility.

To overcome these limitations, we propose a shift toward low-resource fine-tuning
of large foundation models from classical computer vision for specific histopathology
tasks [P4.]. We benchmark four prominent vision foundation models as feature extrac-
tors for histopathology data, SAM [86], ImabeBind [47], DINOv2 [117], DEit [138], and
two feature extractors for histopathology, CTransPath [149], RetCCL [148], evaluating
them in both slide-level and patch-level classification settings for colorectal cancer.
Specifically, we fine-tune Vision Transformer (ViT) models repurposing the pretrained
checkpoints of the effective knowledge distillation approach DINOv2, which is the best
performning of the computer vision foundation models. We finetune the checkpoints on
publicly available colorectal cancer patches and WSIs from NCT-CRC-100K and TCGA,
respectively. Our experiments demonstrate that fine-tuning these foundation models on
task-specific data can match or even outperform state-of-the-art domain-specific feature
extractors like CTransPath and RetCCL. Remarkably, this performance is achieved
using significantly fewer resources––a single GPU for only two hours to three days,
depending on the dataset––compared to the large-scale resources required for training
such models from scratch. This approach makes high-quality feature extraction accessi-
ble to institutions with limited computational capabilities and therefore represents a
considerable shift from the current state, where only few institutions with substantial
resources can develop such models.

Contributions. I conceptualized the study with Valentin Koch, supported Benedikt
Roth in model implementation and training, selected downstream tasks, and wrote
large parts of the manuscript.
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3.5. DinoBloom: A Foundation Model for Generalizable Cell
Embeddings in Hematology

Microscopic examination of peripheral blood and bone marrow smears are essential
to make accurate diagnoses in Hematology. For these examinations, experts manually
analyze hundreds of white blood cells (WBCs) per patient, making the process labor-
intensive and susceptible to variability among observers.

Recent advancements in DL have shown promising attempts in automating manual
work such as required for acute myeloid leukemia (AML) subtype classification from
microscopic images [60] or human-level blast recognition in AML [104]. However,
clinical adoption is limited because existing models rely on supervised learning with
small, labeled datasets, restricting their ability to generalize across diverse samples.
Challenges include large batch effects, varying cell phenotypes, and poor transfer
learning performance from models pretrained on natural images.

To address these limitations, we introduce DinoBloom, the first foundation model
specifically designed for single-cell image analysis in hematology [P5.]. DinoBloom
leverages a customized DINOv2 [117] self-supervised learning (SSL) pipeline based on
vision transformers to learn rich visual features from unlabeled images. We trained
the model on the largest assembled hematology cohort to date, comprising 13 diverse,
publicly available datasets of peripheral blood and bone marrow smears, totaling over
380,000 WBC images. This extensive multi-source dataset enhances the model’s ability
to generalize across different domains and mitigates batch effects. These models enable
applications in few-shot classification, MIL, and cell embeddings for disease profiling.
We evaluate our trained models for WBC classification in peripheral blood smears on
the external dataset Acevedo [1] and in bone marrow smears on a held-out test set of
the dataset BMC [103], as well as in weakly supervised AML subtyping on a held-out
test set of the dataset AML Hehr [60]. Our models outperform existing medical and
non-medical vision models on all tasks, even on external datasets with challenging
domain shifts. By publicly releasing all DinoBloom models, along with the source code
and training parameters, we encourage the research community to build upon our
work and advance the field collaboratively.

Contributions. I conceptualized the study together with Valentin Koch and supported
Valentin Koch in the methods implementation and model training. I created the figures
of the manuscript including the contained analysis and wrote the manuscript together
Valentin Koch.
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3.6. Local attention graph-based transformer for multi-target
genetic alteration prediction

The gigapixel size of WSIs makes their direct analysis challenging, if not impossible.
The analysis usually requires a preprocessing step in which WSIs are divided into
smaller patches, but diagnoses are typically only available at the slide not at the patch
level. Multiple instance learning (MIL) addresses this problem by treating a WSI as a
bag of instances (patches). Traditional MIL methods often assume that these instances
are independent and identically distributed, neglecting the rich contextual information
and spatial relationships between tiles, which are crucial for accurate diagnosis and
prediction [71, 128, 99].

Attention-based pooling layers have been used to weight tiles based on their relevance
but do not model inter-tile dependencies. Transformers with global self-attention have
been proposed to model these relationships comprehensively [132]. However, global
self-attention is computationally expensive, especially for WSIs containing thousands
of tiles, due to its quadratic complexity in the sequence length. Z. Shao et al. [132]
propose to use the linear approximation of self-attention, Nyström-attention [156], to
address the long sequence length. However, approximating self-attention always comes
at the cost of performance degradation compared to normal self-attention.

Alternatively, we propose LA-MIL, a local attention graph-based Transformer tai-
lored for MIL in computational pathology [P6.]. We hypothesize that cells and other
cellular structures only affect the neighboring tissue. Therefore, LA-MIL restricts
self-attention computations to local neighborhoods by constructing k-nearest neighbor
(kNN) graphs among tiles within a WSI, effectively modeling local dependencies with-
out the computational burden of global attention. This method introduces an inductive
bias by explicitly contextualizing instances in adaptive local regimes, capturing both
spatial and morphological relationships. An adapted loss function facilitates learning
multi-task supervision for the joint analysis of multiple biomarkers. We evaluate the
architecture for genetic alteration prediction on colorectal and gastric cancer using
TCGA [152] and CPTAC [36] as external evaluation cohorts when possible. Our experi-
mental results demonstrate that LA-MIL achieves state-of-the-art performance, notably
outperforming existing models in predicting important biomarkers like microsatellite
instability in colorectal cancer. These findings suggest that local self-attention mecha-
nisms are sufficient for modeling dependencies in WSIs, providing a computationally
efficient and effective alternative to global self-attention Transformers.

Contributions. I conceptualized the study, supervised the project, and helped to write
the manuscript.
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3.7. Transformer-based biomarker prediction from colorectal
cancer histology: A large-scale multicentric study

Colorectal cancer (CRC) treatment increasingly depends on the identification of ge-
netic biomarkers like microsatellite instability (MSI) and mutations in the BRAF and
NRAS/KRAS genes. Traditional methods for detecting these biomarkers – such as
polymerase chain reaction (PCR), sequencing, or immunohistochemical assays – are
costly, time-consuming, and often inaccessible in low-resource settings.

Recent studies have shown that DL can predict these biomarkers directly from
hematoxylin and eosin (H&E)-stained pathology slides, which are routinely available
for all patients with CRC [43, 82]. However, existing DL approaches primarily use
convolutional neural networks (CNNs) for feature extraction [83, 35] combined with
simple aggregation methods [113]. Furthermore, they have mostly been validated
only on small patient cohorts [121]. These methods exhibit limitations in performance
and generalizability, especially to biopsy tissues, and fail to capture the contextual
relationships between image patches crucial for accurate diagnosis.

To address these limitations, I propose a fully transformer-based pipeline for end-
to-end biomarker prediction from pathology slides [P7.]. Transformers, originally
developed for natural language processing tasks, have shown superior capabilities in
modeling long-range dependencies and contextualizing information, making them
promising for image analysis tasks that require an understanding of both local and
global context. I combine a pre-trained Transformer-based patch encoder for feature
extraction with a Transformer-based network for feature aggregation. In our evaluations,
this Transformer-based approach improves performance, generalizability, data efficiency,
and interpretability compared to current state-of-the-art algorithms that rely on CNNs
with attention-based feature aggregation. I evaluate the proposed methods on a
large, multi-centric cohort with over 13,000 patients from 16 colorectal cancer cohorts
worldwide and on two cohorts of CRC biopsies, totaling over 1,500 patients. The results
demonstrate that the Transformer-based approach substantially improves performance
for biomarker prediction of microsatellite instability (MSI) and the genetic alterations
BRAF and KRAS. Notably, the model trained exclusively on resection specimens
generalizes well to endoscopic biopsy tissues, solving a long-standing diagnostic
problem by enabling accurate MSI testing on initial biopsy samples.

Contributions. I developed the concept of the study together with Tingying Peng
and Jakob Nikolas Kather. I implemented methods and evaluations, evaluated all
experiments, and created the figures. I drafted the manuscript with all co-authors.
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3.8. Built to last? Reproducibility and reusability of deep
learning algorithms in computational pathology

“More than 70% of researchers have tried and failed to reproduce another scientist’s
experiments, and more than half have failed to reproduce their own experiments.”
states a provoking analysis about a Nature survey of 1,576 researchers [4]. These
tendencies are further fortified in the fields of machine learning [69] or applications of
AI [80].

In computational pathology, we can observe that despite a vastly increasing amount of
publications only a few have reached clinical implementation. We hypothesize that this
is due to challenges in reproducibility, reusability, and generalizability: Many studies
lack available code or provide insufficient instructions, making it difficult for non-DL
experts – especially pathologists without computational background – to reproduce
results or reuse methods in a clinical setting for research purposes. Additionally,
DL algorithms often fail to generalize across different datasets because of variations
in staining or scanner settings, underscoring the need for external validation and
robustness analysis.

In our analysis, we first define the terms reproducibility, robustness, reusability, and repli-
cable in the context of computational pathology. Further, we compile a reproducibility
checklist concerning methods, data, and statistical analysis. We systematically analyzed
DL methods for the analysis of H&E–stained (WSIs) published between January 2019
and March 2021 [P8.]. We collected 160 studies for cancer diagnosis and treatment, cat-
egorizing them into five use cases: (1) stain normalization, (2) tissue type segmentation,
(3) evaluation of cell-level features, (4) genetic alteration prediction, and (5) inference of
grading, staging, and prognostic information. We introduce each use case, review the
latest DL methods—focusing on those that provide accompanying code—and analyze
their reproducibility. Additionally, we provide an overview of current data handling
tools essential for reading, annotating, and sharing histopathological data. We found
that only every fourth publication provides code with the methods, varying drastically
between the use cases and can hence conclude that there is a reproducibility issue in
methods for computational pathology.

Contributions. I compiled the reproducibility criteria and checklist in discussion
with all authors. I analyzed one use case section and coordinated the analysis of the
remaining use cases among the authors. I created the figures and the main part of the
manuscript with the feedback of all authors. The use case sections were written by the
respective authors who analyzed the use cases.

34



3. Publications

3.9. Make deep learning algorithms in computational pathology
more reproducible and reusable

Computational pathology, enhanced by DL algorithms, has the potential to revolutionize
diagnostic medicine through the assessment of digitized histological slides. These
algorithms can match or surpass human experts in specific tasks and predict information
not easily discernible from microscopic images. Despite thousands of publications in
this field, only a small fraction of algorithms have been reused by other researchers
or integrated into clinical workflows [P8.]. This gap between research advancements
and clinical application highlights the urgent need for improved reproducibility and
reusability to optimize clinical workflows and enhance patient health.

A review of 161 peer-reviewed articles published between January 2019 and March
2021 revealed significant issues with reproducibility and reusability in computational
pathology e.g., only 26% of these publications made their code publicly available and
met minimum requirements for reproducibility [P8.]. Based on these findings, in this
comment, we compiled the recommendations on how to address the gap in reusability,
reproducibility, and generalizability of methods in computational pathology [P9.].

First, we suggest to involve clinicians early in the development process. Engaging
domain experts, e.g., pathologists, from the outset ensures that algorithms address
clinically relevant tasks and incorporate necessary modifications. This collaboration
helps define the required data and avoids biases during model training. Second, we
recommend publishing the data including the splits used. Whenever possible, publicly
shared multi-institutional datasets facilitate future research. Data splits should be
performed at patient- and cohort levels to prevent data leakage and overestimation of
model performance. Third, transparent data preprocessing and model hyperparameters
are required. Detailed documentation of data handling tools, preprocessing steps, and
parameters used need to be shared, as well as well-documented code along with final
model weights to allow independent external validation. In the best case, ready-to-use
scripts and information on hyperparameters, hardware specifications, and training
times to enhance reusability.

Finally, comprehensive evaluation and publication practices are necessary. The use of
external test sets for final evaluations to assess generalizability including appropriate
statistical analyses should be standard practice. Overall, our recommendations sum-
marize the different aspects contained in enhancing reproducibility, reusability, and
generalizability in computational pathology.

Contributions. Together with Christian Matek, I compiled the suggestions out of the
analysis and checklists compiled in P8..
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Learning good representations for whole slide images (WSIs) is challenging due to
the images’ gigapixel size and the limited availability of clinical data and annotations.
This is the case in routine cancer diagnostics and even more so for rare diseases. The
overall goal of computational pathology algorithms is to help pathologists in their
clinical workflow by accelerating diagnostics for routine cases, automating tedious
manual tasks such as cell counting, detecting rare cases, and supporting the overall
decision-making process [44].

This thesis has dealt with the technical use case of clinical endpoint prediction of mor-
phological, molecular, or clinical markers. Typically, pathologists assess such markers
with the help of additional tests such as molecular profiling or immunohistochemistry
or are collected from a patient’s clinical history. Linking the histopathology image to
clinical outcomes or treatment response prediction is the ultimate goal of pathological
workflows whether the relevant information was obtained manually or in an automated
way using AI. Ultimately, better AI models for pathological workflows will improve
clinical applications and potentially new diagnostic insights [134].

As a first objective, batch effects and the resulting low generalization of DL models
were tackled. We proposed a generative method to model different visual appearances
from multiple clinics to introduce realistic staining variations during training even
when the training data was only from a single data source. Our model HistAuGAN
was the first generative network that implemented stain augmentation instead of stain
normalization. HistAuGAN introduced more realistic color augmentations designed
for histopathology images making downstream models more robust as proven by our
downstream analysis for lymph node metastasis detection. However, the method is
computationally less efficient than conventional color augmentations. Finding realistic
H&E-specific augmentations that can be used for large-scale self-supervised training
for patch-level foundation models in histopathology remains an open research question.
Currently, this question is only addressed by training the models on as much and
diverse data as possible to introduce enough variance during training.

Next, the research presented in this thesis aimed to improve the current state of rep-
resentation learning for patch encoders in histopathology. Frameworks for improving
self-supervised learning recipes by including available annotations with supervised
contrastive losses and semi-supervised approaches and resource-efficient finetuning of

36



4. Discussion

existing vision foundation models were proposed to overcome current limitations in
resource-heavy foundation model training. Further, we collected the most extensive col-
lection of publicly available datasets to build the first foundation model for hematology.
These works were solely based on vision, i.e., histology or hematology microscopic
data. In contrast, most recent works show that vision-based representations can be
further improved using multimodal objectives including data from other modalities
such as image captions or genomics [97].

Using the patch embeddings, feature aggregation networks map WSI inputs to clinical
endpoints. In the scope of this thesis, a biology-inspired Transformer-based aggregation
with local attention linking every patch only to other patches in a neighborhood was
proposed for multi-task genetic alteration prediction on colorectal cancer histology.
Similarly, a fully-Transformer-based pipeline including a SwinTransformer as patch
encoder and Transformer-based aggregation was evaluated on a large-scale multicentric
patient cohort of over 13,000 patients for the three biomarkers commonly tested for in
colorectal cancer as recommended by the World Health Organization. This evaluation
demonstrated the clinical utility of deep learning workflows, especially by proving for
the first time that such algorithms could generalize from resections to biopsies. Our
model therefore allows a much earlier application in the clinical workflow than models
only working on resections. While recent developments of patch-level foundation
models have proven that weakly-supervised learning pipelines reach unpreceded
performances, no end-to-end training is currently possible: Patch encoder and feature
aggregation networks are still trained separately.

Finally, our analysis has shown that the deep learning methods in computational
pathology lack reproducibility and reusability. This holds especially true for code
and data sharing but many studies also lack statistical analysis of results and external
validations. With the recent developments of patch-level foundation models, we observe
that the training code base is not shared as many corporate interests entered the field.
While this impacts research around computational pathology, model weights are still
shared and the documentation on how to use them improved, hinting towards a better
clinical implementation in the future.

The thesis aimed to advance computer-aided cancer diagnosis by building gener-
alizable and data-efficient DL models. With AI developments progressing at a fast
pace together with an increasing availability of digitized data in the clinical workflow,
representation learning for histopathology slides will be brought to a new level.
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Outlook

The ultimate goal of pathology is to find the best description of a patient’s disease in
terms of the disease’s biology and progression status to determine the most adequate
diagnosis. In analogy, computational pathology aims to improve pathology by accel-
erating existing workflows and making diagnoses more accurate. In Chapter 1, we
learned that pathologists seek to find the best and most efficient representations of
disease in the diagnostic workflow, especially in the case of cancer. Rosai reflects on
the achievements accomplished by the interplay of the fields of molecular biology and
surgical pathology:

“Actually, if one thinks about the major advances that have been made in the field
in recent years, one realizes that most of them [...] have occurred as a result of
the symbiosis of pathologists and molecular biologists, rather than each working
in isolation. [...] Prediction of therapeutic response by molecular profiling is the
logical and natural extension of the work of the surgical pathologist. [...] it needs to
be said that a key requirement for integration is a close cooperation among surgical
pathologists and molecular biologists.” [124]

Hence, Rosai advocates for interdisciplinary collaboration between molecular bi-
ologists and pathologists to find the best disease representations. Similarly, compu-
tational pathology should aim to integrate molecular information into the currently
morphology-based diagnostic workflow, thus enhancing the gold standard of micro-
scopic examination.

Recent work in computational has already demonstrated that combining multiple
data modalities such as clinical reports [98, 2] or transcriptomics [75] improve whole-
slide image representations. Based on these findings, I am convinced that AI can help
bridge the phenotype-genotype gap by integrating both molecular and morphological
information into model training, ultimately providing better-informed representations
that advance clinical diagnostic workflows. This holds especially for molecular infor-
mation but additional data such as clinical reports or other imaging modalities also
provide further knowledge.

To pursue this, new models need to be trained on a broader range of data requiring
structured data access across departments. For such an endeavor, data sharing and
interdisciplinary and international research collaborations are important to pave the
way for successful clinical implementation.
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Abstract. In digital pathology, different staining procedures and scan-
ners cause substantial color variations in whole-slide images (WSIs), es-
pecially across different laboratories. These color shifts result in a poor
generalization of deep learning-based methods from the training domain
to external pathology data. To increase test performance, stain normal-
ization techniques are used to reduce the variance between training and
test domain. Alternatively, color augmentation can be applied during
training leading to a more robust model without the extra step of color
normalization at test time. We propose a novel color augmentation tech-
nique, HistAuGAN, that can simulate a wide variety of realistic histology
stain colors, thus making neural networks stain-invariant when applied
during training. Based on a generative adversarial network (GAN) for
image-to-image translation, our model disentangles the content of the
image, i.e., the morphological tissue structure, from the stain color at-
tributes. It can be trained on multiple domains and, therefore, learns
to cover different stain colors as well as other domain-specific variations
introduced in the slide preparation and imaging process. We demon-
strate that HistAuGAN outperforms conventional color augmentation
techniques on a classification task on the publicly available dataset Came-
lyon17 and show that it is able to mitigate present batch effects. 1

Keywords: color augmentation · style-transfer · disentangled represen-
tations.

1 Introduction

Modern cancer diagnosis relies on the expert analysis of tumor specimen and
biopsies. To highlight its structure and morphological properties, conventionally,
the tissue is stained with hematoxylin and eosin (H&E) [5]. The path from the
raw tissue to the final digitized image slide however consists of many different

1 Code and model weights are available at https://github.com/sophiajw/HistAuGAN.
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processing steps that can introduce variances, such as tissue fixation duration,
the age and the composition of the H&E-staining, or scanner settings. Therefore,
histological images show a large variety of colors, not only differing between
laboratories, but also within one laboratory [3].

This variability can lead to poor generalization of algorithms that are trained
on WSIs from a single source. One strategy to account for this is stain color nor-
malization. Traditionally, this is either done by aligning the color distribution
of the test images to a reference tile in the training domain [12] or by decom-
posing the color space of a reference tile into hematoxylin and eosin components
[10,17]. Then, H&E components of the test tiles can be aligned while keeping
the structure intact.

Recently, the focus shifted toward the application of style-transfer meth-
ods such as cycle-consistent generative adversarial networks, cycleGAN [19], for
stain normalization [16]. However, these models aim to match the target distri-
bution possibly leading to undesired changes in the morphological structure [6].
To circumvent this, other approaches propose color space transformations [14],
structural similarity loss functions [9], or residual learning [4].

We propose a novel histological color transfer model, HistAuGAN, based
on a GAN architecture for image-to-image translation. In contrast to previous
approaches, HistAuGAN disentangles the content of a histological image, i.e., the
morphological tissue structure, from the stain color attributes, hence preserving
the structure while altering the color. Therefore, HistAuGAN can be used as
a stain augmentation technique during training of a task-specific convolutional
neural network (CNN). We demonstrate that this helps to render the trained
network color-invariant and makes it transferable to external datasets without
an extra normalization step at test time. Applied as an augmentation technique,
HistAuGAN significantly outperforms other color augmentation techniques on
a binary tumor-classification task. Furthermore, clustering results suggest that
HistAuGAN can capture sources of domain shifts beyond color variations, such
as noise and artefacts introduced in the staining or digitization process, e.g.,
image compression or blurring.

To the best of our knowledge, HistAuGAN is the first GAN-based color
augmentation technique that generates realistic histological color variations.

2 Method

2.1 Model architecture

We build our model based on a multi-domain GAN using disentangled rep-
resentations, inspired by DRIT++ [8]. Originally designed for image-to-image
translation on natural images using a predefined style, we propose its applica-
tion on histological images to disentangle the morphological tissue structure from
the visual appearance. In contrast to previous cycleGAN-based color normaliza-
tion methods that use only a single encoder, HistAuGAN is able to separate
two essential image properties from each other as visualized in Figure 1b: the
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Fig. 1: We propose HistAuGAN for structure-preserving multi-domain stain color
augmentation. (a) Histological slides from different laboratories (domains) ex-
hibit color variations. (b) Model architecture. Here, the domain information flow
is visualized by colored arrows. (c) At inference, HistAuGAN can be used as an
augmentation technique by sampling attribute za and domain d.

domain-invariant content encoder Ec encodes the histopathological structure
of the tissue, e.g., size and position of the nuclei, whereas the domain-specific
attribute encoder Ea learns the domain-specific color appearance. The model
can be trained on data from multiple domains and thereby captures both inter-
laboratory variability between multiple domains and intra-laboratory variability
within each domain at the same time. Finally, the generator G takes as input a
content vector zc, an attribute vector za, and the one-hot-encoded domain vector
d and outputs a simulated histological image. The objective function is given by

Ltotal = wccL
cc +wcL

c +wdL
d +wreconL

recon +wlatentL
latent +wKLL

KL, (1)

where Lcc is the cycle-consistency loss, Lc and Ld are adversarial losses for
the content and the attribute encoder, Lrecon is an L1-loss for image reconstruc-
tion, Llatent is an L1-loss for latent space reconstruction, and LKL enforces the
latent attribute space to be distributed according to the standard normal distri-
bution. Please refer to [8] for a detailed explanation of each loss and the precise
hyperparameter setting.

At inference, using the fixed content encoding of the input image zc, we can
sample the attribute vector za and the one-hot encoded domain vector d as vi-
sualized in Figure 1c. Hence, we can map one image to many different structure-
preserving augmentations. More specifically, we sample a random color attribute
za from a normal distribution that parametrizes the stain color variabilities in
one domain. Figure 2b shows randomly sampled outcomes of intra-domain aug-
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Fig. 2: Overview of the color variation in the dataset and the augmentation
techniques used in this paper using the framed image as example tile.

mentations. Additionally, we can change the one-hot-encoded domain vector d
to project the input image into multiple target domains as visualized in Figure
2c. In addition to sampling from the training domains, we can also interpolate
between these domains to obtain an even broader variety of realistic color ap-
pearances for histopathological images. Figure 2d demonstrates this by linearly
interpolating the domain from domain RUMC to domain UMCU according to

d = (1− t) · dRUMC + t · dUMCU, for t ∈ [0, 1]. (2)

2.2 Competitive methods for stain color augmentation

Most existing stain color transfer methods are used for stain normalization, i.e.,
to transfer the stain color of the test domain to that of the training domain.
Recently, it has been shown that simple stain color augmentations, such as per-
turbing the HSV color space of the histological images, perform better and lead
to more robust models than traditional and network-based normalization tech-
niques [15]. Therefore, we compare our HistAuGAN to the HSV augmentations
used in [15]. Besides HSV augmentation, there is a more complicated augmenta-
tion technique based on the Wasserstein distance of different domains [11]. But
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the method is much slower than HSV and HistAuGAN, thus difficult to be used
as an on-the-fly augmentation technique.

For a quantitative evaluation of our augmentation technique, we consider the
following augmentation methods:

– Geometric augmentations: vertical and horizontal flipping, as well as 90◦,
180◦, and 270◦ rotations.

– HSV color augmentations: geometric augmentations with Gaussian blur and
contrast and brightness perturbations applied with probability 0.25 and 0.5,
respectively. We tried both light and strong color augmentations, as sug-
gested in [15]. Strong color augmentations can generate unrealistic color
appearances. However, applying hue and saturation jittering with factor 0.5
and probability 0.5, which results in relatively strong color perturbanceas
shown in Figure 2e, performed best for us.

– HistAuGAN : geometric augmentations combined with our augmentation
technique applied to half of the images during training. For each image,
we randomly pick a target domain from the training domains and sample a
color attribute vector za ∈ R8 from the standard normal distribution.

2.3 Evaluation

We evaluate HistAuGAN on three different aspects, in particular, i) whether it
can remove batch effects present in histological images collected from multiple
medical laboratories, ii) how it affects the out-of-domain generalization of a deep
learning model trained for a specific down-stream task, and

iii) how HistAuGAN preserves morphological structure during augmentation.
For ii), we choose a binary classification task of classifying WSI tiles into

the classes tumor versus non-tumor as described in more detail in Section 3.3.
Question iii) is evaluated by asking a pathology expert to check image similarity
before and after augmentation. To explore how generalizable our model is, we
extend the HistAuGAN training data (lypmh nodes) by tiles from unseen tissue
and tumor types, in particular, breast tissue [13].

3 Results and Discussion

3.1 Dataset

For the quantitative evaluation of HistAuGAN, we choose the publicly available
Camelyon17 dataset [1] that provides WSIs from five different medical centers
(denoted by RUMC, CWZ, UMCU, RST, and LPON) with different scanning
properties and stain colors as shown in Figure 2a. Pixel-wise annotations are
given for 50 WSIs in total, 10 from each medical center. To create the training
patches, we first threshold the images with naive RGB thresholding combined
with Otsu thresholding and then patch the tissue regions of each WSI at the
highest resolution based on a grid into tiles of size 512× 512 pixels. Each tile is
labeled as tumor if the ratio of pixels annotated as tumor pixels is larger than
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Fig. 3: Effect of color augmentation on batch effects in color statistics. (a-d)
UMAP embeddings of color statistics of training data, color-coded by source
domains. (e) The quantification of mixing based on mean local diversity (mLD,
higher is better) suggests HistAuGAN effectively mitigates batch effects.

1%, otherwise, it is labelled as non-tumor. The tiled dataset has an imbalanced
class distribution, i.e., overall, 7% of the tiles are labeled as tumor and the ratio
of tumor tiles is in the same order of magnitude across all medical centers.

3.2 Evaluation of batch-effect removal

To evaluate how color augmentation mitigates batch effects, we quantify the mix-
ing of images from different medical centers with respect to their color statistics.
A random set of 1000 image tiles were extracted from the WSIs from each center
and analyzed in terms of the average values of each component after transfor-
mation to various color spaces (RGB, HSV, LAB, HED, grayscale). To visually
observe batch effects, we reduced dimensionality to 2D using UMAP [2] and
labeled points according to their domain as shown in Figure 3a-d. To quan-
tify mixing of different domains, we measured the mean over the local diversity
(mLD) for all k-nearest neighborhoods (k = 10) in the 2D projection using
Shannon’s equitability which varies between 0 for non-mixed and 1 for perfectly
mixed populations (cf. Figure 3e).

Without color augmentation, we observe a clear batch effect: tiles from differ-
ent domains form distinct clusters (mLD=0.20, Figure 3a). HSV augmentations
improve data mixing but domain-correlated clusters are still visible (mLD=0.48,
Figure 3b) and single domains, e.g. LPON, are not mixed with other domains.
In contrast, HistAuGAN mixes data from multiple domains (Figure 3c,d) with
a high local diversity (mLD=0.85). If HistAuGAN is used to transfer colors to
discrete domains, the distinct domain clusters are retained, but each cluster con-
tains well-mixed image samples transferred from all domains (Figure 3c). When
HistAuGAN is used to randomly interpolate between domains, a continuous
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Fig. 4: Precision-recall AUC (left) and F1-score (right) of our binary classification
task. The bold bars depict the results on the out-of-domain centers averaged
across all runs. The most-right, pale bars denote the in-domain test performance
of the classifiers trained with geometric augmentations.

well-mixed color subspace is obtained without any clustering structure (Figure
3d).

These results show that HistAuGAN is highly effective in removing batch
effects present in color statistics of images sampled from different medical centers.

3.3 Evaluation on down-stream classification task

To evaluate the effect of our proposed augmentation method, we trained a CNN
on a binary tumor classification task and compare the performance on different
out-of-domain test sets based on the Camelyon17 dataset. Due to the relatively
small size of our dataset, in particular the small number of tumor tiles, we
choose a small CNN, namely, a pre-trained ResNet18 [7], and fine-tune the last
two ResNet-blocks together with the fully-connected layer on our dataset. For
training, we use weighted cross-entropy-loss to rebalance the contribution of each
class, with a learning rate of 1e-5 and an L2-regularization of 1e-5 across all runs
and for all augmentation techniques. Furthermore, we used random erasing on all
augmentation techniques [18]. Since our dataset is highly imbalanced, we report
the F1-score of the tumor class in addition to the area under the precision-recall
curve (PR-AUC).

Figure 4 shows the results of the quantitative evaluation of different aug-
mentation techniques on the binary tumor-classification task. For each medical
center, we trained three classifiers, one for each augmentation type, and aggre-
gated the results evaluated on the test domains. All experiments were repeated
three times. On both metrics, HistAuGAN shows better performance on all of
the out-of-domain test sets. As visualized in Figure 2, the appearance of images
from medical center UMCU and LPON deviates strongly from the other cen-
ters, explaining their lower scores. In comparison to HSV color augmentation,
HistAuGAN performs better in handling the stain color discrepancy between
training and test domain and is therefore able to generate a more robust classifi-
cation model that generalizes better to out-of-domain test sets. This can also be
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Tissue type High Moderate Low Total

Lymph nodes 10 7 3 20
Breast 14 4 2 20

Table 1: Expert evaluation. Fig. 5: HistAuGAN on unseen tissue.

measured in the standard deviation of the results across the out-of-domain test
sets centers. For our model, the standard deviation of the PR-AUC for the tumor
class amounts to 0.08, whereas it higher for geometric (0.22) and color (0.14)
augmentations, respectively, which demonstrates that our model is more robust
to underlying stain color variations. The right-most group shows the in-domain
test results for geometric augmentations. It can be seen as an upper bound for
any stain normalization technique, and thus shows that HistAuGAN can even
outperform stain normalization techniques on some of the five domains.

3.4 Qualitative evaluation by an expert pathologist

We further check the quality of HistAuGAN by an expert pathologist on the
structural similarity of original and augmented WSI tiles from the training set,
i.e., the Camelyon17 dataset, and an unseen dataset of breast tissue [13]. We
define three levels of similarity: a) High similarity: a pathologist would find
it difficult to distinguish the original tile from the augmented tile. b) Moderate
similarity: some structural variations are observed, but do not affect pathological
diagnosis. c) Low similarity: the augmentated tiles can not be used for diagnostic
purposes. As shown in Table 1, most of the augmented images do not have a
structural modification that affects diagnosis and over half of them can even fool
an expert pathologist. It is worth to mention that HistAuGAN is not trained
on any of the breast cancer images but is still able to transfer its color in a
structure-preserving manner as shown in Figure 5 on a sample tile.

4 Conclusion

In summary, we propose a novel GAN-based technique, HistAuGAN, for color
augmentation of histopathological images. Based on the disentangled represen-
tations of content and style, HistAuGAN is able to change the color appearance
of an histological image while preserving its morphological structure. Moreover,
HistAuGAN captures both intra-domain and inter-domain color variations. It is
able to interpolate between domains and can therefore span a continuous color
space covering a large variety of realistic stain colors. When applied as an aug-
mentation technique, HistAuGAN yields a robust down-stream classifier that
generalizes better to out-of-domain test sets than other color augmentations
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techniques and, therefore, renders additional stain normalization steps unneces-
sary. Finally, HistAuGAN can mitigate batch effects present in histopathological
data which suggests that it is also able to cover domain shifts beyond color vari-
ations, such as noise and artefacts introduced in image compression. The code
is publicly available at https://github.com/sophiajw/HistAuGAN together with
a model of HistAuGAN trained on the five medical centers of the Camelyon17
dataset.
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Alberola-López, C., Fichtinger, G. (eds.) Medical Image Computing and Computer
Assisted Intervention - MICCAI 2018 - 21st International Conference, Granada,
Spain, September 16-20, 2018, Proceedings, Part I. Lecture Notes in Computer
Science, vol. 11070, pp. 529–536. Springer (2018). https://doi.org/10.1007/978-3-
030-00928-1 60, https://doi.org/10.1007/978-3-030-00928-1 60

7. He, K., Zhang, X., Ren, S., Sun, J.: Deep residual learning for image recognition. In:
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition
(CVPR) (June 2016)

8. Lee, H.Y., Tseng, H.Y., Mao, Q., Huang, J.B., Lu, Y.D., Singh, M., Yang, M.H.:
DRIT : Diverse Image-to-Image translation via disentangled representations (2020)

9. Liang, H., Plataniotis, K.N., Li, X.: Stain style transfer of histopathology images
via Structure-Preserved generative learning. In: Machine Learning for Medical Im-
age Reconstruction. pp. 153–162. Springer International Publishing (2020)

10. Macenko, M., Niethammer, M., Marron, J.S., Borland, D., Woosley, J.T., Guan,
X., Schmitt, C., Thomas, N.E.: A method for normalizing histology slides for quan-
titative analysis. In: 2009 IEEE International Symposium on Biomedical Imaging:
From Nano to Macro. pp. 1107–1110. IEEE (2009)



10 S. J. Wagner et al.

11. Nadeem, S., Hollmann, T., Tannenbaum, A.: Multimarginal wasserstein barycenter
for stain normalization and augmentation. Med. Image Comput. Comput. Assist.
Interv. 12265, 362–371 (Oct 2020)

12. Reinhard, E., Adhikhmin, M., Gooch, B., Shirley, P.: Color transfer between im-
ages. IEEE Comput. Graph. Appl. 21(5), 34–41 (Jul 2001)

13. Roux, L.: Mitos-atypia-14 grand challenge. https://mitos-atypia-14.
grand-challenge.org/, accessed: 2021-03-03

14. Shaban, M.T., Tarek Shaban, M., Baur, C., Navab, N., Albarqouni, S.: Staingan:
Stain style transfer for digital histological images (2019)

15. Tellez, D., Litjens, G., Bándi, P., Bulten, W., Bokhorst, J.M., Ciompi, F., van der
Laak, J.: Quantifying the effects of data augmentation and stain color normaliza-
tion in convolutional neural networks for computational pathology. Med. Image
Anal. 58, 101544 (Dec 2019)

16. Tschuchnig, M.E., Oostingh, G.J., Gadermayr, M.: Generative adversarial net-
works in digital pathology: A survey on trends and future potential. Patterns (N
Y) 1(6), 100089 (Sep 2020)

17. Vahadane, A., Peng, T., Sethi, A., Albarqouni, S., Wang, L., Baust, M., Steiger, K.,
Schlitter, A.M., Esposito, I., Navab, N.: Structure-Preserving color normalization
and sparse stain separation for histological images. IEEE Trans. Med. Imaging
35(8), 1962–1971 (Aug 2016)

18. Zhong, Z., Zheng, L., Kang, G., Li, S., Yang, Y.: Random erasing data augmenta-
tion. Proceedings of the AAAI Conference on Artificial Intelligence 34(07), 13001–
13008 (Apr 2020). https://doi.org/10.1609/aaai.v34i07.7000, https://ojs.aaai.org/
index.php/AAAI/article/view/7000

19. Zhu, J.Y., Park, T., Isola, P., Efros, A.A.: Unpaired image-to-image translation
using cycle-consistent adversarial networks. In: Proceedings of the IEEE interna-
tional conference on computer vision. pp. 2223–2232 (2017)



16.12.24, 22:29RightsLink Printable License

Page 1 of 7https://s100.copyright.com/CustomerAdmin/PLF.jsp?ref=66496e8e-a7c5-4b71-87ea-370bb494fe6b

SPRINGER NATURE LICENSE
TERMS AND CONDITIONS

Dec 16, 2024

This Agreement between Sophia J. Wagner ("You") and Springer Nature ("Springer
Nature") consists of your license details and the terms and conditions provided by
Springer Nature and Copyright Clearance Center.

License Number 5930430618998

License date Dec 15, 2024

Licensed Content Publisher Springer Nature

Licensed Content Publication Springer eBook

Licensed Content Title
Structure-Preserving Multi-domain Stain Color
Augmentation Using Style-Transfer with Disentangled
Representations

Licensed Content Author Sophia J. Wagner, Nadieh Khalili, Raghav Sharma et al

Licensed Content Date Jan 1, 2021

Type of Use Thesis/Dissertation

Requestor type academic/university or research institute

Format print and electronic

Portion full article/chapter



16.12.24, 22:29RightsLink Printable License

Page 2 of 7https://s100.copyright.com/CustomerAdmin/PLF.jsp?ref=66496e8e-a7c5-4b71-87ea-370bb494fe6b

Will you be translating? no

Circulation/distribution 1 - 29

Author of this Springer Nature
content yes

Title of new work Generalizable and Data- efficient Deep Learning for
Computer-aided Cancer Diagnosis

Institution name Technical University Munich

Expected presentation date Feb 2025

The Requesting Person /
Organization to Appear on the
License

Sophia J. Wagner

Requestor Location

Sophia Wagner
Ingolstädter Landstraße 1

Neuherberg, 85764
Germany

Billing Type Invoice

Billing Address

Sophia Wagner
Ingolstädter Landstraße 1

Neuherberg, Germany 85764

Total 0.00 EUR    

Terms and Conditions

Springer Nature Customer Service Centre GmbH Terms and Conditions



16.12.24, 22:29RightsLink Printable License

Page 3 of 7https://s100.copyright.com/CustomerAdmin/PLF.jsp?ref=66496e8e-a7c5-4b71-87ea-370bb494fe6b

The following terms and conditions ("Terms and Conditions") together with the terms
specified in your [RightsLink] constitute the License ("License") between you as
Licensee and Springer Nature Customer Service Centre GmbH as Licensor. By
clicking 'accept' and completing the transaction for your use of the material ("Licensed
Material"), you confirm your acceptance of and obligation to be bound by these Terms
and Conditions.

1. Grant and Scope of License

1. 1. The Licensor grants you a personal, non-exclusive, non-transferable, non-
sublicensable, revocable, world-wide License to reproduce, distribute, communicate
to the public, make available, broadcast, electronically transmit or create derivative
works using the Licensed Material for the purpose(s) specified in your RightsLink
Licence Details only. Licenses are granted for the specific use requested in the order
and for no other use, subject to these Terms and Conditions. You acknowledge and
agree that the rights granted to you under this License do not include the right to
modify, edit, translate, include in collective works, or create derivative works of the
Licensed Material in whole or in part unless expressly stated in your RightsLink
Licence Details. You may use the Licensed Material only as permitted under this
Agreement and will not reproduce, distribute, display, perform, or otherwise use or
exploit any Licensed Material in any way, in whole or in part, except as expressly
permitted by this License.

1. 2. You may only use the Licensed Content in the manner and to the extent
permitted by these Terms and Conditions, by your RightsLink Licence Details and
by any applicable laws.

1. 3. A separate license may be required for any additional use of the Licensed
Material, e.g. where a license has been purchased for print use only, separate
permission must be obtained for electronic re-use. Similarly, a License is only valid
in the language selected and does not apply for editions in other languages unless
additional translation rights have been granted separately in the License.

1. 4. Any content within the Licensed Material that is owned by third parties is
expressly excluded from the License.

1. 5. Rights for additional reuses such as custom editions, computer/mobile
applications, film or TV reuses and/or any other derivative rights requests require
additional permission and may be subject to an additional fee. Please apply to
journalpermissions@springernature.com or bookpermissions@springernature.com
for these rights.

2. Reservation of Rights

Licensor reserves all rights not expressly granted to you under this License. You
acknowledge and agree that nothing in this License limits or restricts Licensor's rights
in or use of the Licensed Material in any way. Neither this License, nor any act,
omission, or statement by Licensor or you, conveys any ownership right to you in any
Licensed Material, or to any element or portion thereof. As between Licensor and you,
Licensor owns and retains all right, title, and interest in and to the Licensed Material
subject to the license granted in Section 1.1. Your permission to use the Licensed



16.12.24, 22:29RightsLink Printable License

Page 4 of 7https://s100.copyright.com/CustomerAdmin/PLF.jsp?ref=66496e8e-a7c5-4b71-87ea-370bb494fe6b

Material is expressly conditioned on you not impairing Licensor's or the applicable
copyright owner's rights in the Licensed Material in any way.

3. Restrictions on use

3. 1. Minor editing privileges are allowed for adaptations for stylistic purposes or
formatting purposes provided such alterations do not alter the original meaning or
intention of the Licensed Material and the new figure(s) are still accurate and
representative of the Licensed Material. Any other changes including but not
limited to, cropping, adapting, and/or omitting material that affect the meaning,
intention or moral rights of the author(s) are strictly prohibited.

3. 2. You must not use any Licensed Material as part of any design or trademark.

3. 3. Licensed Material may be used in Open Access Publications (OAP), but any
such reuse must include a clear acknowledgment of this permission visible at the
same time as the figures/tables/illustration or abstract and which must indicate that
the Licensed Material is not part of the governing OA license but has been
reproduced with permission. This may be indicated according to any standard
referencing system but must include at a minimum 'Book/Journal title, Author,
Journal Name (if applicable), Volume (if applicable), Publisher, Year, reproduced
with permission from SNCSC'.

4. STM Permission Guidelines

4. 1. An alternative scope of license may apply to signatories of the STM
Permissions Guidelines ("STM PG") as amended from time to time and made
available at https://www.stm-assoc.org/intellectual-
property/permissions/permissions-guidelines/.

4. 2. For content reuse requests that qualify for permission under the STM PG, and
which may be updated from time to time, the STM PG supersede the terms and
conditions contained in this License.

4. 3. If a License has been granted under the STM PG, but the STM PG no longer
apply at the time of publication, further permission must be sought from the
Rightsholder. Contact journalpermissions@springernature.com or
bookpermissions@springernature.com for these rights.

5. Duration of License

5. 1. Unless otherwise indicated on your License, a License is valid from the date of
purchase ("License Date") until the end of the relevant period in the below table:

Reuse in a medical
communications
project

Reuse up to distribution or time period indicated in
License

Reuse in a
dissertation/thesis Lifetime of thesis

Reuse in a



16.12.24, 22:29RightsLink Printable License

Page 5 of 7https://s100.copyright.com/CustomerAdmin/PLF.jsp?ref=66496e8e-a7c5-4b71-87ea-370bb494fe6b

journal/magazine Lifetime of journal/magazine

Reuse in a
book/textbook Lifetime of edition

Reuse on a website 1 year unless otherwise specified in the License

Reuse in a
presentation/slide
kit/poster

Lifetime of presentation/slide kit/poster. Note:
publication whether electronic or in print of
presentation/slide kit/poster may require further
permission.

Reuse in conference
proceedings Lifetime of conference proceedings

Reuse in an annual
report Lifetime of annual report

Reuse in
training/CME
materials

Reuse up to distribution or time period indicated in
License

Reuse in newsmedia Lifetime of newsmedia
Reuse in
coursepack/classroom
materials

Reuse up to distribution and/or time period indicated
in license

6. Acknowledgement

6. 1. The Licensor's permission must be acknowledged next to the Licensed
Material in print. In electronic form, this acknowledgement must be visible at the
same time as the figures/tables/illustrations or abstract and must be hyperlinked to
the journal/book's homepage.

6. 2. Acknowledgement may be provided according to any standard referencing
system and at a minimum should include "Author, Article/Book Title, Journal
name/Book imprint, volume, page number, year, Springer Nature".

7. Reuse in a dissertation or thesis

7. 1. Where 'reuse in a dissertation/thesis' has been selected, the following terms
apply: Print rights of the Version of Record are provided for; electronic rights for
use only on institutional repository as defined by the Sherpa guideline
(www.sherpa.ac.uk/romeo/) and only up to what is required by the awarding
institution.

7. 2. For theses published under an ISBN or ISSN, separate permission is required.
Please contact journalpermissions@springernature.com or
bookpermissions@springernature.com for these rights.

7. 3. Authors must properly cite the published manuscript in their thesis according
to current citation standards and include the following acknowledgement:
'Reproduced with permission from Springer Nature'.

8. License Fee



16.12.24, 22:29RightsLink Printable License

Page 6 of 7https://s100.copyright.com/CustomerAdmin/PLF.jsp?ref=66496e8e-a7c5-4b71-87ea-370bb494fe6b

You must pay the fee set forth in the License Agreement (the "License Fees"). All
amounts payable by you under this License are exclusive of any sales, use,
withholding, value added or similar taxes, government fees or levies or other
assessments. Collection and/or remittance of such taxes to the relevant tax authority
shall be the responsibility of the party who has the legal obligation to do so.

9. Warranty

9. 1. The Licensor warrants that it has, to the best of its knowledge, the rights to
license reuse of the Licensed Material. You are solely responsible for ensuring
that the material you wish to license is original to the Licensor and does not
carry the copyright of another entity or third party (as credited in the
published version). If the credit line on any part of the Licensed Material indicates
that it was reprinted or adapted with permission from another source, then you
should seek additional permission from that source to reuse the material.

9. 2. EXCEPT FOR THE EXPRESS WARRANTY STATED HEREIN AND TO
THE EXTENT PERMITTED BY APPLICABLE LAW, LICENSOR PROVIDES
THE LICENSED MATERIAL "AS IS" AND MAKES NO OTHER
REPRESENTATION OR WARRANTY. LICENSOR EXPRESSLY DISCLAIMS
ANY LIABILITY FOR ANY CLAIM ARISING FROM OR OUT OF THE
CONTENT, INCLUDING BUT NOT LIMITED TO ANY ERRORS,
INACCURACIES, OMISSIONS, OR DEFECTS CONTAINED THEREIN, AND
ANY IMPLIED OR EXPRESS WARRANTY AS TO MERCHANTABILITY OR
FITNESS FOR A PARTICULAR PURPOSE. IN NO EVENT SHALL LICENSOR
BE LIABLE TO YOU OR ANY OTHER PARTY OR ANY OTHER PERSON OR
FOR ANY SPECIAL, CONSEQUENTIAL, INCIDENTAL, INDIRECT,
PUNITIVE, OR EXEMPLARY DAMAGES, HOWEVER CAUSED, ARISING
OUT OF OR IN CONNECTION WITH THE DOWNLOADING, VIEWING OR
USE OF THE LICENSED MATERIAL REGARDLESS OF THE FORM OF
ACTION, WHETHER FOR BREACH OF CONTRACT, BREACH OF
WARRANTY, TORT, NEGLIGENCE, INFRINGEMENT OR OTHERWISE
(INCLUDING, WITHOUT LIMITATION, DAMAGES BASED ON LOSS OF
PROFITS, DATA, FILES, USE, BUSINESS OPPORTUNITY OR CLAIMS OF
THIRD PARTIES), AND WHETHER OR NOT THE PARTY HAS BEEN
ADVISED OF THE POSSIBILITY OF SUCH DAMAGES. THIS LIMITATION
APPLIES NOTWITHSTANDING ANY FAILURE OF ESSENTIAL PURPOSE
OF ANY LIMITED REMEDY PROVIDED HEREIN.

10. Termination and Cancellation

10. 1. The License and all rights granted hereunder will continue until the end of the
applicable period shown in Clause 5.1 above. Thereafter, this license will be
terminated and all rights granted hereunder will cease.

10. 2. Licensor reserves the right to terminate the License in the event that payment
is not received in full or if you breach the terms of this License.

11. General



16.12.24, 22:29RightsLink Printable License

Page 7 of 7https://s100.copyright.com/CustomerAdmin/PLF.jsp?ref=66496e8e-a7c5-4b71-87ea-370bb494fe6b

11. 1. The License and the rights and obligations of the parties hereto shall be
construed, interpreted and determined in accordance with the laws of the Federal
Republic of Germany without reference to the stipulations of the CISG (United
Nations Convention on Contracts for the International Sale of Goods) or to
Germany ́s choice-of-law principle.

11. 2. The parties acknowledge and agree that any controversies and disputes
arising out of this License shall be decided exclusively by the courts of or having
jurisdiction for Heidelberg, Germany, as far as legally permissible.

11. 3. This License is solely for Licensor's and Licensee's benefit. It is not for the
benefit of any other person or entity.

Questions? For questions on Copyright Clearance Center accounts or website issues
please contact springernaturesupport@copyright.com or +1-855-239-3415 (toll free in
the US) or +1-978-646-2777. For questions on Springer Nature licensing please visit
https://www.springernature.com/gp/partners/rights-permissions-third-party-distribution

Other Conditions:

Version 1.4 - Dec 2022

Questions? customercare@copyright.com.



A. Original Publications

A.2. Multi-modality microscopy image style augmentation for
nuclei segmentation

This publication was published in the peer-reviewed international journal Journal of
Imaging in 2022. The one-page summary can be found in Section 3.2.

Liu, Y., Wagner, S. J., & Peng, T. (2022). Multi-modality microscopy image style aug-
mentation for nuclei segmentation. Journal of Imaging, 8(3), 71.

Copyright: © 2022 by the authors. Licensee MDPI, Basel, Switzerland. This article is
an open access article distributed under the terms and conditions of the Creative Com-
mons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).
The license is attached after the original publication.

77

https://creativecommons.org/licenses/by/4.0/


Citation: Liu, Y.; Wagner, S.J.; Peng, T.

Multi-Modality Microscopy Image

Style Transfer for Nuclei

Segmentation. J. Imaging 2022, 8, 71.

https://doi.org/10.3390/

jimaging8030071

Academic Editor: Lotfi Chaari

Received: 1 February 2022

Accepted: 9 March 2022

Published: 11 March 2022

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2022 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

Journal of

Imaging

Article

Multi-Modality Microscopy Image Style Augmentation for
Nuclei Segmentation
Ye Liu 1, Sophia J. Wagner 1,2 and Tingying Peng 2,*

1 Department of Mathematics, Technical University Munich, 85748 Garching, Germany;
yeliu0724@hotmail.com (Y.L.); sophia.wagner@helmholtz-muenchen.de (S.J.W.)

2 Helmholtz AI, Helmholtz Munich, 85764 Neuherberg, Germany
* Correspondence: tingying.peng@helmholtz-muenchen.de

Abstract: Annotating microscopy images for nuclei segmentation by medical experts is laborious
and time-consuming. To leverage the few existing annotations, also across multiple modalities,
we propose a novel microscopy-style augmentation technique based on a generative adversarial
network (GAN). Unlike other style transfer methods, it can not only deal with different cell assay
types and lighting conditions, but also with different imaging modalities, such as bright-field and
fluorescence microscopy. Using disentangled representations for content and style, we can preserve
the structure of the original image while altering its style during augmentation. We evaluate our
data augmentation on the 2018 Data Science Bowl dataset consisting of various cell assays, lighting
conditions, and imaging modalities. With our style augmentation, the segmentation accuracy of the
two top-ranked Mask R-CNN-based nuclei segmentation algorithms in the competition increases
significantly. Thus, our augmentation technique renders the downstream task more robust to the test
data heterogeneity and helps counteract class imbalance without resampling of minority classes.

Keywords: style transfer; data augmentation; nuclei segmentation

1. Introduction

The evaluation of cell-level features is a key task in the histopathological workflow.
Features, such as nuclei shape and distribution, are used to determine cell, tissue, and
cancer types and are therefore relevant for the clinical diagnosis of cancer, e.g., for cancer
identification, grading, and prognosis [1]. Deep learning serves as a promising tool to
quantify these features in an automated manner [2]. However, the performance of these
models depends heavily on the quality and quantity of training data since they require
accurate and time-consuming segmentation masks. To tackle this, the Kaggle competition
2018 Data Science Bowl (DSB) (https://www.kaggle.com/c/data-science-bowl-2018 (ac-
cessed on 15 January 2022)) was initiated to find segmentation algorithms that are robust
and effective in various microscopy set-ups, cell lines, and, most significantly, types of light
microscopy. The nuclei presented in the images are from a variety of creatures, including
humans, mice, and flies. In this dataset, most of the images are stained primarily with
DAPI or Hoechst. Hematoxylin and eosin-stained tissue samples are also included in
the dataset. Among 3891 submissions during the challenge, the top-performing methods
were mostly based on the common segmentation network architectures, Mask R-CNN [3]
and U-Net [4]. The most important factors influencing the competition ranking were the
amount of training data (some teams also used private training data aside from the data
provided by the challenge organizer), complex pre-processing and post-processing, and
ensemble learning. A common problem that encumbers the performance is the dataset’s
bias: while segmenting fluorescent images, which make up most of the training set, is
relatively easy and accurate, segmenting less-represented image types, such as bright-field
images of stained tissue sections, is difficult and inaccurate [5].

J. Imaging 2022, 8, 71. https://doi.org/10.3390/jimaging8030071 https://www.mdpi.com/journal/jimaging
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Style transfer has been widely used for image synthesis from one modality to another,
e.g., from computed tomography (CT) to magnetic resonance imaging (MRI) [6], from MRI
to CT [7], from MRI to Positron Emission Tomography (PET) [8]. It has also been shown to
be effective for histological images, e.g., for stain color augmentation [9]. In terms of style
transfer architectures, conditional GAN (cGAN) [10] can be used for aligned image pairs
and its generator can generate images of a certain class. For instance, Pix2pix [11] is a type
of cGAN for paired image translation, in which the input image is conditional on the output
pair. It receives a whole image as input rather than noise and class vector. The discriminator
of Pix2Pix [11], called PatchGAN, generates a matrix of classifications instead of a single
output for optimization. Additionally, Pix2pix [11] changed the generator to a U-Net [4]
architecture. CycleGAN [12], on the other hand, introduces the cycle-consistency loss to
overcome the dependency of paired images. It can be trained on two independent datasets.
Unlike CycleGAN which uses a single encoder, DRIT++ [13] introduces a structure with
two encoders and is capable of decomposing the image into domain-invariant content
and domain-specific feature encoding. Another well-known architecture is StyleGAN [14],
which increases the diversity of outputs and has more control over image features by better
disentangling the latent factors of variations.

Among the top-25 submissions in the competition, the team BIOMAGic introduced
the only approach using style transfer. They refined their approach after the competition
and named it NucleAlzer [15]. In addition to the DSB dataset, they included annotated
data from twelve data sources increasing the number of training images from 735 to 1102
and the number of annotated nuclei from 33,814 to 80,692. For style transfer, they trained
a Pix2pix [11] style transfer network (from the original image to segmentation mask) for
each cluster of similar images in the unannotated data, resulting in a total of 134 networks.
With these, 20 synthetic image/mask pairs of each style with nuclei at certain places are
generated and added to the training set to train Mask R-CNN [3] for instance segmentation.
The winner [5] of the competition used an ensemble technique of a total of 32 models
based on eight different model architectures. Pretrained Resnets, Dual Path networks, and
Inception-Resnets are used as encoders and U-Net or feature pyramid networks (FPN) [16]
as decoder architectures. The second-best approach used a single pretrained FPN-based
neural network model and two customized output layers. A multitask framework is used
to train the customized output layers. Additionally, they introduced a new loss function
that penalizes the instance errors based on the object’s size.

In this paper, we propose to facilitate network training by a GAN-based style transfer
data augmentation technique. By synthesizing less-represented image types from well-
represented ones, our style augmentation increases the number of images of minority types
in the training set. More specifically, we use disentangled representations in the style
transfer, i.e., we decompose the input into its content and style representations and only
alter the style without changing the content. Since the structure is thereby preserved, the
style augmented images have the same nuclei locations and shapes as the original image.
Therefore, our augmentation technique presents the segmentation network a multitude
of styles already during training, rendering it more robust to the heterogeneity in the
test data. Our experiments on the DSB challenge dataset demonstrate that by increasing
the variety in the training dataset, our augmentation technique improves the overall
segmentation accuracy.

2. Materials and Methods

Our nuclei segmentation workflow consists of three steps: data augmentation (split into
clustering and training of a style transfer network), training of an instance segmentation net-
work, and evaluating the segmentation network with test time augmentation (see Figure 1).
In the following, we detail each of the three steps.
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Figure 1. (a) Overview of our nuclei segmentation pipeline with multi-modality style transfer as data
augmentation, Mask R-CNN as instance segmentation network, and test time augmentation for the
final prediction. (b) Our style transfer GAN is trained with a cross-cycle consistency loss that does
not need paired data. The right box shows how it is applied for data augmentation during training of
the nuclei segmentation network.

2.1. Dataset

The dataset was provided by the competition organizers and is publicly available in
the Broad Bioimage Benchmark Collection with access number BBBC038 (https://bbbc.
broadinstitute.org/BBBC038 (accessed on 15 January 2022)) . It is divided into three sets:
a training set of 670 images with nuclei segmentation masks provided (29,464 nuclei), a
first-stage test set of 65 images (4152 nuclei), and a second-stage test set, which includes
3019 images (37,333 nuclei). The evaluation of nuclei segmentation for the annotated first-
stage test set was disclosed later by the organizers. However, the official evaluation and
ranking of a segmentation algorithm are based on the performance of the second-stage test
set, which hides the annotated nuclei masks from the participants. Both training and test
images are highly varied in terms of large experimental settings such as lighting conditions,
cell lines, nuclei densities, and microscopy imaging modalities (with a few examples shown
in Figures 1a and 2). It is worth noting that the test set is not only substantially larger than
the training set, but also includes novel image modalities rendering the segmentation task
extremely challenging.

Figure 2. (a) PCA decomposition of hue saturation values of all training images and their class
distribution. Each point represents one image, colored according to the corresponding cluster.
(b) Exemplary images for each cluster.
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2.2. Data Augmentation Step I: Clustering Training Images into Different Modalities

Since the dataset does not contain any metadata that can be used to determine the
image modalities, we first divide our training images into multiple domains to perform
image style transfer. Each cluster should ideally correspond to one imaging modality.
We used the classic K-means algorithm to divide the training images into six distinct
clusters based on their hue saturation value (HSV). Furthermore, we observed that the
fluorescent images are typically dark and have low contrast. So we use the Contrast Limited
Adaptive Histogram Equalization (CLAHE) (https://scikit-image.org/docs/dev/auto_
examples/color_exposure/plot_equalize.html (accessed on 15 January 2022)) for contrast
enhancement. For each section of an image, CLAHE computes a contrast histogram and
adjusts the local contrast accordingly if that section is darker or brighter than the rest of
the image.

2.3. Data Augmentation Step II: Multi-Modality Style Transfer

As shown in Figure 1b, for two exemplary images from different domains, the modality
transfer model based on [13] first decomposes each image into a domain-invariant content
encoding using the content encoder Ec and a domain-specific attribute encoding using
the attribute encoder Ea, respectively. The content encoding and the attribute encoding,
together with the domain information, can then be used to generate a synthetic image,
where the structure is preserved. To create various synthetic images as augmentation
during training of the segmentation network, we sample attribute encoding and domain
vector randomly, while leaving the content-encoding fixed (see Figure 1b). We apply this
augmentation technique randomly to half of the training images additionally to standard
augmentations.

The underlying assumption of the style-transfer model is that the content space
is shared across the domains. Therefore, during training, the content vector zc can be
exchanged between the modalities. Since the dataset is unpaired, i.e., we do not have
ground truth for the style transfer, we use a cross-cycle consistency loss Lcc for training
(see Figure 1b): The content encoding of two images from different modalities is swapped
and a first image translation is generated. Subsequently, the translation is repeated, again
by computing the encodings and then swapping the content encoding. The second image
translation should resemble the original input, which is enforced by applying a loss based
on the L1-norm. A classical adversarial loss Ld to enforce realistic synthetic images and
an adversarial loss on the content encoder Lc to eliminate domain-specific information in
the content encodings are also applied. Additionally, an L1-loss for image reconstruction,
Lrecon, is applied: the original image is decomposed into its content and attribute encodings
and then reconstructed using those representations. To enable sampling from the latent
space, Llatent is an L1-loss for latent space reconstruction, and the loss LKL enforces the
latent attribute space to be distributed according to a prior Gaussian distribution. Please
refer to [13] for a detailed explanation of each loss. The final objective function is given by

Ltotal = wccLcc + wcLc + wdLd + wreconLrecon + wlatentLlatent + wKLLKL, (1)

where the parameters w are used to weight the loss terms.
Since the content encoding is fixed during augmentation, the augmented image has

the same nuclei locations and shapes as the input image and thus inherits the nuclei
segmentation mask from the original image. This is a key difference between our approach
and a common CycleGAN-based image style transfer [12], as there is no guarantee of
content invariance after the CycleGAN style transfer.

2.4. Mask R-CNN for Instance Segmentation

For nuclei segmentation, we used two implementations published in the competi-
tion leaderboard (https://github.com/Lopezurrutia/DSB_2018 (accessed on 15 January
2022)) (https://github.com/mirzaevinom/data_science_bowl_2018 (accessed on 15 Jan-
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uary 2022)) as baselines. Both teams use Mask R-CNN [3] for segmentation. The imple-
mentations differ in the image pre-processing and preparation of the network training.
We choose these two methods because of their publicly accessible code, sufficient doc-
umentation, excellent performance (both methods were ranked among the top-5 in the
leaderboard), as well as relatively simple network training (only one model needs to be
trained, by contrast, the top-1 approach trained 32 models, which would consume con-
siderably more training time and resources). Notably, the second approach developed by
the team mirzaevinom. used additional data beyond the data provided by the organizer.
However, we only used the annotated training data provided by the organizer to train our
model, so our model performance differs slightly from their results reported in the leader-
board. For each method, we train two models, one with and one without multi-modality
style transfer as augmentation technique.

2.5. Test Time Augmentation

In the inference stage, we use test time augmentation (TTA). TTA applies simple
augmentations on the test images, e.g., rotating, flipping, color jittering, and image rescaling,
and aggregates the model predictions on the augmented images. Thereby, TTA improves
the robustness of Mask R-CNN without any additional training cost, leading to an increase
in segmentation accuracy when compared to predicting only on the original image [17].

2.6. Implementation Details

All models were trained on Intel Xeon 6230 system with 128 GB of RAM and a Tesla
V100 graphics card. The style transfer model is trained with batch size two and a learning
rate of 0.0001 for 600 epochs. For the optimizer, we used the Adam optimizer with β1
0.5 and β2 0.999 and a weight decay of 0.0001. We trained the model on five domains
and applied the style transfer augmentation with probability 0.5 in the segmentation
downstream task.

3. Results
3.1. Clustering into Modalities

Figure 2b shows that the training set can be clustered into six sets that correspond
indeed to the different imaging modalities present in the dataset. These clusters can also
be seen in the low-dimensional principal component analysis (PCA) embedding of the
training data visualized in Figure 2a. We observe that the training set is highly imbalanced:
over 75% of all training images are fluorescent images, whilst the remaining bright-field
images are grouped into five distinct, partly very small clusters.

3.2. Improved Segmentation Performance by Style Transfer Augmentation

Figure 3 shows a few examples of images created by our multi-modality style transfer
GAN from one domain to the others. Visual assessment reveals that our generated images
resemble real ones, implying that they are well suited for the augmentation task.

We quantify the add-on value of our proposed augmentation method by training
models with and without augmentation of the multi-modality style transfer GAN. The final
evaluation score is based on the object-level errors. If the predicted mask and segmented
object have an Intersection-over-Union (IoU) score greater than a predefined threshold,
they are regarded as correctly identified. The official competition metric S computes a
precision score for semantic segmentation by evaluating true positives (TP), false positives
(FP), and false negatives (FN) at several IoU thresholds t and then averaging over these, i.e.,

S =
1
|T| ∑

t∈T

TP(t)
TP(t) + FP(t) + FN(t)

, where T = {0.1, 0.15, . . . , 0.95}. (2)

After that, the average of all the score is calculated over all images. By submitting
our segmentation results of the second-stage test dataset to the Kaggle competition (https:
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//www.kaggle.com/c/data-science-bowl-2018/submit (accessed on 15 January 2022)), we
obtain the final evaluation score. As shown in Table 1, including style transfer augmentation
in the method increased the nuclei segmentation accuracy from 53.2% to 60.9% for the
method Deep Retina and 59.9% to 61.3% for method Inom Mirzaev, respectively. Notably,
a score around 61% was ranked among the top-5 and almost only achieved by using
additional datasets. In Figure 4, we can observe that our augmentation technique using
the multi-modality style transfer GAN improves the segmentation results, especially in
less-represented image modalities such as bright-field images of stained tissue sections and
fluorescent images of large nuclei (most fluorescent images in the training set contain only
small nuclei).

Figure 3. Examples of the outcome of multi-modality style transfer. First column: original images.
Remaining columns: result of each domain’s multi-modality style transfer with self-reconstruction
on the diagonal, highlighted in blue boxes.

Figure 4. Nuclei segmentation results without (first row) and with (second row) our augmenta-
tion. Agreeing mask contours are shown in blue. Yellow contours in the second row show the
improvements compared to the first row.
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Table 1. Evaluation scores of different segmentation methods.

Method Score [↑]
BIOMAGic 0.570

Deep Retina w/o our augmentation 0.532
Deep Retina w/ our augmentation 0.609

Inom Mirzaev w/o our augmentation 0.599
Inom Mirzaev w/our augmentation 0.613

In addition to the above two baseline methods, we also quote the result from the
team BIOMAGic (57.0% IoU), as it was the only one to use style transfer among the top-25
submissions during the competition. Unlike our style transfer between multiple microscopy
image modalities, BIOMAGic (and its successor nucleAIzer [15]) performed style transfer
between images and their segmentation masks, which can be trained only by annotated
images. In contrast, our method can be trained in an unsupervised fashion using images
without annotated segmentation masks. In particular, their style transfer approach required
training 134 networks for fine-grained image clusters for the same competition, whereas
our approach only required the training of one network.

4. Discussion

Although our approach is effective in transferring style across the majority of modali-
ties, it also has limitations. When using our style transfer GAN from image modalities that
only show nuclei to another modality where both nuclei and cytoplasm are visible, unre-
alistic images are generated as demonstrated in Figure 5. This is because the underlying
assumption of our model is violated. In particular, these two modalities do not only differ
in style, but also in content; hence, the content and style cannot be efficiently disentangled.

Our style transfer model is built based on the DSB dataset, which mostly consists
of images from fluorescence microscopy, primarily stained with DAPI or Hoechst, but
also includes tissue samples stained with hematoxylin and eosin. Currently, our model is
able to transfer the style between the five modalities contained in this dataset. Generally,
it can be trained on all kinds of imaging modalities that share the same morphological
structure and thereby fulfill our training assumption. Apart from the standard microscopy
approaches above, our work can also be applied to images acquired by alternative mi-
croscopy technologies such as lens-free microscopy, a more cost-effective option that does
not require expensive optical lenses and has a wider field of view. As a result, a much more
affordable microscopy technique capable of monitoring cells continuously within an incu-
bator and ideal for low-cost point-of-care devices aiming at resource-limited settings [18].
Our future work will involve transferring the style of lens-free microscopy images to the
existing modalities.

Figure 5. The style transfer GAN fails when images at two modalities contain different content.

5. Conclusions

In summary, we developed an augmentation technique using a multi-modality style
transfer GAN to transfer microscopy nuclei images from one modality to another. During
training a Mask R-CNN for nuclei segmentation, this augmentation strategy facilitates the
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training by increasing the diversity of the training images, hence making it more robust to
the test data heterogeneity and resulting in better segmentation accuracy.
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License:

Attribution 4.0 International

=======================================================================

Creative Commons Corporation ("Creative Commons") is not a law firm and
does not provide legal services or legal advice. Distribution of
Creative Commons public licenses does not create a lawyer-client or
other relationship. Creative Commons makes its licenses and related
information available on an "as-is" basis. Creative Commons gives no
warranties regarding its licenses, any material licensed under their
terms and conditions, or any related information. Creative Commons
disclaims all liability for damages resulting from their use to the
fullest extent possible.

Using Creative Commons Public Licenses

Creative Commons public licenses provide a standard set of terms and
conditions that creators and other rights holders may use to share
original works of authorship and other material subject to copyright
and certain other rights specified in the public license below. The
following considerations are for informational purposes only, are not
exhaustive, and do not form part of our licenses.

Considerations for licensors: Our public licenses are
intended for use by those authorized to give the public
permission to use material in ways otherwise restricted by
copyright and certain other rights. Our licenses are
irrevocable. Licensors should read and understand the terms
and conditions of the license they choose before applying it.
Licensors should also secure all rights necessary before
applying our licenses so that the public can reuse the
material as expected. Licensors should clearly mark any
material not subject to the license. This includes other CC-
licensed material, or material used under an exception or
limitation to copyright. More considerations for licensors:

wiki.creativecommons.org/Considerations_for_licensors

Considerations for the public: By using one of our public
licenses, a licensor grants the public permission to use the
licensed material under specified terms and conditions. If
the licensor’s permission is not necessary for any reason--for
example, because of any applicable exception or limitation to
copyright--then that use is not regulated by the license. Our
licenses grant only permissions under copyright and certain
other rights that a licensor has authority to grant. Use of
the licensed material may still be restricted for other
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reasons, including because others have copyright or other
rights in the material. A licensor may make special requests,
such as asking that all changes be marked or described.
Although not required by our licenses, you are encouraged to
respect those requests where reasonable. More considerations
for the public:

wiki.creativecommons.org/Considerations_for_licensees

=======================================================================

Creative Commons Attribution 4.0 International Public License

By exercising the Licensed Rights (defined below), You accept and agree
to be bound by the terms and conditions of this Creative Commons
Attribution 4.0 International Public License ("Public License"). To the
extent this Public License may be interpreted as a contract, You are
granted the Licensed Rights in consideration of Your acceptance of
these terms and conditions, and the Licensor grants You such rights in
consideration of benefits the Licensor receives from making the
Licensed Material available under these terms and conditions.

Section 1 -- Definitions.

a. Adapted Material means material subject to Copyright and Similar
Rights that is derived from or based upon the Licensed Material
and in which the Licensed Material is translated, altered,
arranged, transformed, or otherwise modified in a manner requiring
permission under the Copyright and Similar Rights held by the
Licensor. For purposes of this Public License, where the Licensed
Material is a musical work, performance, or sound recording,
Adapted Material is always produced where the Licensed Material is
synched in timed relation with a moving image.

b. Adapter’s License means the license You apply to Your Copyright
and Similar Rights in Your contributions to Adapted Material in
accordance with the terms and conditions of this Public License.

c. Copyright and Similar Rights means copyright and/or similar rights
closely related to copyright including, without limitation,
performance, broadcast, sound recording, and Sui Generis Database
Rights, without regard to how the rights are labeled or
categorized. For purposes of this Public License, the rights
specified in Section 2(b)(1)-(2) are not Copyright and Similar
Rights.

d. Effective Technological Measures means those measures that, in the
absence of proper authority, may not be circumvented under laws
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fulfilling obligations under Article 11 of the WIPO Copyright
Treaty adopted on December 20, 1996, and/or similar international
agreements.

e. Exceptions and Limitations means fair use, fair dealing, and/or
any other exception or limitation to Copyright and Similar Rights
that applies to Your use of the Licensed Material.

f. Licensed Material means the artistic or literary work, database,
or other material to which the Licensor applied this Public
License.

g. Licensed Rights means the rights granted to You subject to the
terms and conditions of this Public License, which are limited to
all Copyright and Similar Rights that apply to Your use of the
Licensed Material and that the Licensor has authority to license.

h. Licensor means the individual(s) or entity(ies) granting rights
under this Public License.

i. Share means to provide material to the public by any means or
process that requires permission under the Licensed Rights, such
as reproduction, public display, public performance, distribution,
dissemination, communication, or importation, and to make material
available to the public including in ways that members of the
public may access the material from a place and at a time
individually chosen by them.

j. Sui Generis Database Rights means rights other than copyright
resulting from Directive 96/9/EC of the European Parliament and of
the Council of 11 March 1996 on the legal protection of databases,
as amended and/or succeeded, as well as other essentially
equivalent rights anywhere in the world.

k. You means the individual or entity exercising the Licensed Rights
under this Public License. Your has a corresponding meaning.

Section 2 -- Scope.

a. License grant.

1. Subject to the terms and conditions of this Public License,
the Licensor hereby grants You a worldwide, royalty-free,
non-sublicensable, non-exclusive, irrevocable license to
exercise the Licensed Rights in the Licensed Material to:

a. reproduce and Share the Licensed Material, in whole or
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in part; and

b. produce, reproduce, and Share Adapted Material.

2. Exceptions and Limitations. For the avoidance of doubt, where
Exceptions and Limitations apply to Your use, this Public
License does not apply, and You do not need to comply with
its terms and conditions.

3. Term. The term of this Public License is specified in Section
6(a).

4. Media and formats; technical modifications allowed. The
Licensor authorizes You to exercise the Licensed Rights in
all media and formats whether now known or hereafter created,
and to make technical modifications necessary to do so. The
Licensor waives and/or agrees not to assert any right or
authority to forbid You from making technical modifications
necessary to exercise the Licensed Rights, including
technical modifications necessary to circumvent Effective
Technological Measures. For purposes of this Public License,
simply making modifications authorized by this Section 2(a)
(4) never produces Adapted Material.

5. Downstream recipients.

a. Offer from the Licensor -- Licensed Material. Every
recipient of the Licensed Material automatically
receives an offer from the Licensor to exercise the
Licensed Rights under the terms and conditions of this
Public License.

b. No downstream restrictions. You may not offer or impose
any additional or different terms or conditions on, or
apply any Effective Technological Measures to, the
Licensed Material if doing so restricts exercise of the
Licensed Rights by any recipient of the Licensed
Material.

6. No endorsement. Nothing in this Public License constitutes or
may be construed as permission to assert or imply that You
are, or that Your use of the Licensed Material is, connected
with, or sponsored, endorsed, or granted official status by,
the Licensor or others designated to receive attribution as
provided in Section 3(a)(1)(A)(i).

b. Other rights.
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1. Moral rights, such as the right of integrity, are not
licensed under this Public License, nor are publicity,
privacy, and/or other similar personality rights; however, to
the extent possible, the Licensor waives and/or agrees not to
assert any such rights held by the Licensor to the limited
extent necessary to allow You to exercise the Licensed
Rights, but not otherwise.

2. Patent and trademark rights are not licensed under this
Public License.

3. To the extent possible, the Licensor waives any right to
collect royalties from You for the exercise of the Licensed
Rights, whether directly or through a collecting society
under any voluntary or waivable statutory or compulsory
licensing scheme. In all other cases the Licensor expressly
reserves any right to collect such royalties.

Section 3 -- License Conditions.

Your exercise of the Licensed Rights is expressly made subject to the
following conditions.

a. Attribution.

1. If You Share the Licensed Material (including in modified
form), You must:

a. retain the following if it is supplied by the Licensor
with the Licensed Material:

i. identification of the creator(s) of the Licensed
Material and any others designated to receive
attribution, in any reasonable manner requested by
the Licensor (including by pseudonym if
designated);

ii. a copyright notice;

iii. a notice that refers to this Public License;

iv. a notice that refers to the disclaimer of
warranties;

v. a URI or hyperlink to the Licensed Material to the
extent reasonably practicable;
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b. indicate if You modified the Licensed Material and
retain an indication of any previous modifications; and

c. indicate the Licensed Material is licensed under this
Public License, and include the text of, or the URI or
hyperlink to, this Public License.

2. You may satisfy the conditions in Section 3(a)(1) in any
reasonable manner based on the medium, means, and context in
which You Share the Licensed Material. For example, it may be
reasonable to satisfy the conditions by providing a URI or
hyperlink to a resource that includes the required
information.

3. If requested by the Licensor, You must remove any of the
information required by Section 3(a)(1)(A) to the extent
reasonably practicable.

4. If You Share Adapted Material You produce, the Adapter’s
License You apply must not prevent recipients of the Adapted
Material from complying with this Public License.

Section 4 -- Sui Generis Database Rights.

Where the Licensed Rights include Sui Generis Database Rights that
apply to Your use of the Licensed Material:

a. for the avoidance of doubt, Section 2(a)(1) grants You the right
to extract, reuse, reproduce, and Share all or a substantial
portion of the contents of the database;

b. if You include all or a substantial portion of the database
contents in a database in which You have Sui Generis Database
Rights, then the database in which You have Sui Generis Database
Rights (but not its individual contents) is Adapted Material; and

c. You must comply with the conditions in Section 3(a) if You Share
all or a substantial portion of the contents of the database.

For the avoidance of doubt, this Section 4 supplements and does not
replace Your obligations under this Public License where the Licensed
Rights include other Copyright and Similar Rights.

Section 5 -- Disclaimer of Warranties and Limitation of Liability.

a. UNLESS OTHERWISE SEPARATELY UNDERTAKEN BY THE LICENSOR, TO THE
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EXTENT POSSIBLE, THE LICENSOR OFFERS THE LICENSED MATERIAL AS-IS
AND AS-AVAILABLE, AND MAKES NO REPRESENTATIONS OR WARRANTIES OF
ANY KIND CONCERNING THE LICENSED MATERIAL, WHETHER EXPRESS,
IMPLIED, STATUTORY, OR OTHER. THIS INCLUDES, WITHOUT LIMITATION,
WARRANTIES OF TITLE, MERCHANTABILITY, FITNESS FOR A PARTICULAR
PURPOSE, NON-INFRINGEMENT, ABSENCE OF LATENT OR OTHER DEFECTS,
ACCURACY, OR THE PRESENCE OR ABSENCE OF ERRORS, WHETHER OR NOT
KNOWN OR DISCOVERABLE. WHERE DISCLAIMERS OF WARRANTIES ARE NOT
ALLOWED IN FULL OR IN PART, THIS DISCLAIMER MAY NOT APPLY TO YOU.

b. TO THE EXTENT POSSIBLE, IN NO EVENT WILL THE LICENSOR BE LIABLE
TO YOU ON ANY LEGAL THEORY (INCLUDING, WITHOUT LIMITATION,
NEGLIGENCE) OR OTHERWISE FOR ANY DIRECT, SPECIAL, INDIRECT,
INCIDENTAL, CONSEQUENTIAL, PUNITIVE, EXEMPLARY, OR OTHER LOSSES,
COSTS, EXPENSES, OR DAMAGES ARISING OUT OF THIS PUBLIC LICENSE OR
USE OF THE LICENSED MATERIAL, EVEN IF THE LICENSOR HAS BEEN
ADVISED OF THE POSSIBILITY OF SUCH LOSSES, COSTS, EXPENSES, OR
DAMAGES. WHERE A LIMITATION OF LIABILITY IS NOT ALLOWED IN FULL OR
IN PART, THIS LIMITATION MAY NOT APPLY TO YOU.

c. The disclaimer of warranties and limitation of liability provided
above shall be interpreted in a manner that, to the extent
possible, most closely approximates an absolute disclaimer and
waiver of all liability.

Section 6 -- Term and Termination.

a. This Public License applies for the term of the Copyright and
Similar Rights licensed here. However, if You fail to comply with
this Public License, then Your rights under this Public License
terminate automatically.

b. Where Your right to use the Licensed Material has terminated under
Section 6(a), it reinstates:

1. automatically as of the date the violation is cured, provided
it is cured within 30 days of Your discovery of the
violation; or

2. upon express reinstatement by the Licensor.

For the avoidance of doubt, this Section 6(b) does not affect any
right the Licensor may have to seek remedies for Your violations
of this Public License.

c. For the avoidance of doubt, the Licensor may also offer the
Licensed Material under separate terms or conditions or stop
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distributing the Licensed Material at any time; however, doing so
will not terminate this Public License.

d. Sections 1, 5, 6, 7, and 8 survive termination of this Public
License.

Section 7 -- Other Terms and Conditions.

a. The Licensor shall not be bound by any additional or different
terms or conditions communicated by You unless expressly agreed.

b. Any arrangements, understandings, or agreements regarding the
Licensed Material not stated herein are separate from and
independent of the terms and conditions of this Public License.

Section 8 -- Interpretation.

a. For the avoidance of doubt, this Public License does not, and
shall not be interpreted to, reduce, limit, restrict, or impose
conditions on any use of the Licensed Material that could lawfully
be made without permission under this Public License.

b. To the extent possible, if any provision of this Public License is
deemed unenforceable, it shall be automatically reformed to the
minimum extent necessary to make it enforceable. If the provision
cannot be reformed, it shall be severed from this Public License
without affecting the enforceability of the remaining terms and
conditions.

c. No term or condition of this Public License will be waived and no
failure to comply consented to unless expressly agreed to by the
Licensor.

d. Nothing in this Public License constitutes or may be interpreted
as a limitation upon, or waiver of, any privileges and immunities
that apply to the Licensor or You, including from the legal
processes of any jurisdiction or authority.

=======================================================================

Creative Commons is not a party to its public
licenses. Notwithstanding, Creative Commons may elect to apply one of
its public licenses to material it publishes and in those instances
will be considered the “Licensor.” The text of the Creative Commons
public licenses is dedicated to the public domain under the CC0 Public
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Domain Dedication. Except for the limited purpose of indicating that
material is shared under a Creative Commons public license or as
otherwise permitted by the Creative Commons policies published at
creativecommons.org/policies, Creative Commons does not authorize the
use of the trademark "Creative Commons" or any other trademark or logo
of Creative Commons without its prior written consent including,
without limitation, in connection with any unauthorized modifications
to any of its public licenses or any other arrangements,
understandings, or agreements concerning use of licensed material. For
the avoidance of doubt, this paragraph does not form part of the
public licenses.

Creative Commons may be contacted at creativecommons.org.
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A.3. S5CL: unifying fully-supervised, self-supervised, and
semi-supervised learning through hierarchical contrastive
learning

This publication was published in the proceedings of the peer-reviewed international
conference Medical Image Computing and Computer Assisted Intervention (MICCAI)
in 2022. The one-page summary can be found in Section 3.3.

Tran, M., Wagner, S. J., Boxberg, M., & Peng, T. (2022, September). S5CL: unifying
fully-supervised, self-supervised, and semi-supervised learning through hierarchical
contrastive learning. In International Conference on Medical Image Computing and Computer-
Assisted Intervention (pp. 99-108). Cham: Springer Nature Switzerland.

Copyright: Copyright © 2022, Springer Nature. Reproduced with permission from
Springer Nature. The license is attached after the original publication.
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Abstract. In computational pathology, we often face a scarcity of anno-
tations and a large amount of unlabeled data. One method for dealing
with this is semi-supervised learning which is commonly split into a self-
supervised pretext task and a subsequent model fine-tuning. Here, we
compress this two-stage training into one by introducing S5CL, a uni-
fied framework for fully-supervised, self-supervised, and semi-supervised
learning. With three contrastive losses defined for labeled, unlabeled, and
pseudo-labeled images, S5CL can learn feature representations that reflect
the hierarchy of distance relationships: similar images and augmentations
are embedded the closest, followed by different looking images of the same
class, while images from separate classes have the largest distance. More-
over, S5CL allows us to flexibly combine these losses to adapt to different
scenarios. Evaluations of our framework on two public histopathological
datasets show strong improvements in the case of sparse labels: for a H&E-
stained colorectal cancer dataset, the accuracy increases by up to 9% com-
pared to supervised cross-entropy loss; for a highly imbalanced dataset of
single white blood cells from leukemia patient blood smears, the F1-score
increases by up to 6% (Code: https://github.com/manuel-tran/s5cl).

Keywords: Contrastive learning · Self-supervision · Semi-supervision

1 Introduction

Pixel-wise annotation of histopathological data is highly time-consuming due to
the large scale of whole-slide images (WSIs). Therefore, sparse annotations are
commonly used [2], but this results in small amounts of labeled data and an
abundance of unlabeled data – an ideal use case for semi-supervised learning.

Current semi-supervised methods often depend on self-supervised pre-
training which applies domain-specific pretext tasks or contrastive learning tech-
niques to extract useful features from the input data without relying on label
c⃝ The Author(s), under exclusive license to Springer Nature Switzerland AG 2022
L. Wang et al. (Eds.): MICCAI 2022, LNCS 13432, pp. 99–108, 2022.
https://doi.org/10.1007/978-3-031-16434-7_10
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information [12,18]. Examples of methods that use domain-specific pretext tasks
are COCO [23] and PC-CHiP [5] which utilize cross-stain prediction and tissue
prediction on histopathological datasets, respectively. The quality of the learned
representations, however, highly depends on the designed pretext task [11]. Sim-
CLR [3], BYOL [7], and Barlow Twins [24], on the other hand, use contrastive
techniques to learn feature representations that are invariant to various dis-
tortions of the input sample. These methods usually define positive pairs (two
differently augmented versions of the same image) and negative pairs (two differ-
ent images). A contrastive loss then pushes the representations of positive pairs
toward each other while pushing the representations of negative pairs away. A
common problem with this approach is that the extracted features can differ sig-
nificantly from the ones learned through full-supervision [17]. Therefore, recent
approaches in semi-supervised learning propose to train with both labeled and
unlabeled images at the same time. S4L-Exemplar [25], for instance, combines a
supervised cross-entropy loss on labeled images and a self-supervised triplet loss
on the whole dataset. MOAM [25] and FixMatch [19] extend this approach by
further applying pseudo-labels on unlabeled images. To overcome a confirmation
bias toward large classes [1], Noisy Student [22] and Meta Pseudo Labels [16]

Fig. 1. (a) Overview of S5CL: Colors represent classes; shapes represent instances.
Different shades or stretches indicate strongly and weakly augmented data points. (b)
Examples of weak and strong augmentations on the two datasets we use.
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use a teacher-student framework and additionally apply noise or a feedback sys-
tem, respectively. Yet, these models still have difficulties with highly imbalanced
datasets as they are usually biased toward the majority classes [15].

Contributions. To solve these issues, we propose a novel framework, called
S5CL, that unifies fully-supervised, self-supervised, and semi-supervised learn-
ing through hierarchical contrastive learning. We train our models with three
contrastive losses simultaneously to construct an embedding space that takes
into account the hierarchy of distance relationships between images with respect
to their class labels and consistency with different degrees of augmentations. The
resulting framework is easy to use and highly flexible: We can omit unlabeled
images and train fully-supervised; we can also set the weights of the supervised
and semi-supervised loss to zero and train self-supervised; or we train with both
labeled and unlabeled images in a semi-supervised way.

Unlike CoCo or PC-CHiP, S5CL does not require an artificially created pre-
text task. And different from SimCLR or BYOL, S5CL does not require, large
batch sizes, long training times, and high-capacity networks [4]. Further, our
approach does not need to be fine-tuned on labeled data in a second step like all
self-supervised methods. In fact, as mentioned above, self-supervised training is
even a special case of our framework. Similar to semi-supervised techniques like
S4L or FixMatch, S5CL also learns from labeled and unlabeled images simul-
taneously, but neither applies a contrastive loss on labeled images directly: S4L
treats labeled images as unlabeled instances in their triplet loss and FixMatch
applies a consistency loss. It can be seen in Sect. 3 that a qualitative embedding
space does indeed correspond with better classification performance.

We validate our method on two public datasets: a colorectal cancer dataset
with H&E-stained image patches (NCT-CRC-HE-100K) [9] and a highly imbal-
anced dataset of single white blood cells from leukemia patients (Munich AML
Morphology) [13].

2 Method

S5CL combines three contrastive losses as visualized in Fig. 1a. First, a super-
vised contrastive loss embeds images with the same class label into the same
cluster and pushes images from other classes away. We improve this by adding
weakly and strongly augmented images (see Fig. 1b for some examples) to the
loss function (S1CL). Now, weak augmentations and similar images are embed-
ded the closest, followed by different-looking images of the same class or strongly
augmented views. Images from different classes are the furthest away. Next, a
self-supervised contrastive loss additionally pulls the feature representation of
unlabeled images and their augmentations toward each other (S3CL). Since both
losses act on the same embedding space, the unlabeled image is also forced to
have a representation close to its actual but not available class cluster. We fur-
ther improve the performance by adding pseudo-labels. Instead of applying them
to the supervised branch of our method, we add a semi-supervised contrastive
loss to circumvent the confirmation bias mentioned above (S5CL). As contrastive



102 M. Tran et al.

loss, we choose the state-of-the-art SupConLoss [10]. It outperforms other losses
like SimCLR [3], only has one hyperparameter, the temperature, and does not
require hard negative mining like the triplet loss. However, our framework is
more general and also works with other contrastive losses.

2.1 Description of S5CL

Given a labeled dataset L, we sample a batch XL of labeled images. From XL

two batches of distorted images Y 1
L and Y 2

L are created via data augmentation.
Y 1
L is weakly augmented with simple color and geometric transformations. It is

used for the supervised contrastive loss and the cross-entropy loss. The second
batch Y 2

L , on the contrary, is strongly augmented and used for supervised con-
trastive learning only. Both batches are passed on to the encoder network. The
last layer of the encoder is followed by a bottleneck layer called the embedder,
producing embeddings Z1

L and Z2
L. The labeled embeddings are then assessed

by the supervised SupConLoss LL [10]:

LL(τ) =
∑

i∈I

−1
|P (i)|

∑

p∈P (i)

log
exp(zi · zp/τ)∑

a∈A(i) exp(zi · za/τ)
. (1)

Here, the anchor zi ∈ Zj
L is an embedding vector with class label yi. As a

measure of similarity, SupConLoss calculates the inner product of the anchor
with all positive samples in the batch I that belong to the same class, P (i) =
{p ∈ A(i) : yi = yp}. It then applies an exponential function that amplifies large
values. The outputs are summed up and normalized over all samples A = I \{i}.
An important hyperparameter is the supervised temperature τ = TL that helps
distinguishing positive and negative samples. TL controls the cluster density
since intuitively, after training, we have zi · zp > TL > zi · zn with n ∈ P (i)C .

Similar to the labeled dataset, given an unlabeled dataset U , a batch XU of
unlabeled images is sampled and two distorted views Y 1

U and Y 2
U of weakly and

strongly augmented images are created. The unlabeled embeddings Z1
U and Z2

U
are then processed by the self-supervised SupConLoss LU . It has the same form
as Eq. 1 but with a different temperature TU . In LU , the positive samples z′

i are
the different augmented versions of the same image while the negative samples
are different images. This could give rise to two contradicting loss objectives:
two different samples from the same class are pulled together in the supervised
loss LL (as they belong to the same class) but get pushed away in the self-
supervised loss LU (as they are different samples). In S5CL, we solve this by
choosing TU > TL and achieve a hierarchy of distance relationships:

zi · z′
i > TU > zi · zp > TL > zi · zn. (2)

After a fixed number t of epochs e, the classifier can be applied to Z1
U ,

yielding pseudo-labels. This is passed on to LU . The loss is now semi-supervised
and called LP with temperature TP . The total loss function is thus

LT = 1e<t · wULU + 1e>t · wPLP + wLLL + wCLC , (3)
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where 1e<t and 1e>t are indicator functions. The positive parameters wU , wP ,
wL, and wC are the weights of each loss which are always one in our case.

2.2 Augmentations

Each input image is augmented weakly and strongly. Weak augmentations con-
sist of rotations by 0◦, 90◦, 180◦, and 270◦; vertical and horizontal flipping; as
well as color jitter (with brightness, contrast, saturation, and hue values all set
to 0.1). We always apply rotations and color jitter while flipping is performed
with a probability of 0.5.

Strong augmentations include all augmentations above except that color jit-
ter is replaced by light HED jitter. Additionally, we apply Inception-crop for
tissue images [20]. For single-cell images, we crop between 50% and 100% of the
image around the center and re-scale the image to its original size. We lastly
employ random affine linear transformations with interpolation (see Fig. 1b).

2.3 Competitive Methods and Implementation Details

We compare S5CL to the following baseline models: (i) a fully-supervised model
that is trained with a cross-entropy loss only (CrossEntropy); (ii) another fully-
supervised model that is trained with both a supervised contrastive loss and a
cross-entropy loss (SupConLoss); (iii) a state-of-the-art semi-supervised learning
method based on a teacher-student network, Meta Pseudo Labels (MPL) [16],
which outperforms other frameworks such as BYOL [7] or Noisy Student [22].

All models use the same encoder – a ResNet18 [8] pre-trained on ImageNet
without the final classification layer. The output of dimension 512 is fed into the
embedder which consists of a linear layer without activation and batch normal-
ization layer. The embedder is followed by a linear classifier. MPL uses the same
architecture for both student and teacher networks. We employ the following
training script for both S5CL and MPL: For each unlabeled batch sampled from
the unlabeled dataloader, a labeled batch is sampled from the labeled dataloader.

We tune the hyperparameters, including all temperatures and batch sizes,
for each model separately using an internal validation set that differs from the
test set. Afterward, we fix the parameters and report the mean ± std over 5
runs. In particular, for MPL training, we use Adam with a learning rate of 1e−5
for the student and a learning rate of 3e−5 for the teacher. The weight decay
is always 1e−4. On NCT-CRC-HE-100K, the remaining models work well with
Adamax while Adam is better on Munich AML Morphology. The learning rate
and weight decay are set to 1e−4.

3 Results and Discussions

3.1 Evaluation on the Colon Cancer Histology Dataset

The NCT-CRC-HE-100K dataset1 contains 100,000 non-overlapping image
patches from H&E-stained WSIs of colorectal cancer and normal tissue. The
1 https://zenodo.org/record/1214456#.YhZI1ZYo-Uk.
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Fig. 2. Results for (a) NCT-CRC-HE-100K and (b, c) Munich AML Morphology. Per-
centages refer to the full dataset for NCT-CRC-HE-100K and to the majority classes
in the case of Munich AML Morphology. Models depicted with a gray line are SOTA
supervised models in the literature (Ghosh et al. [6] and Matek et al. [13]). *Yang et
al. [23] is a SOTA semi-supervised baseline on the colon cancer dataset. They train
with 8 labels without the background, here we assume 100% accuracy on that class.

images are 224 × 224 pixels large at 0.5 mpp and are color-normalized using
Macenko’s method. They are annotated into nine well-balanced classes.

We split the 100,000 images into a training set of 91,000 images and a valida-
tion set of 9,000 images (1,000 per class). Next, the original dataset is split into
a labeled set containing 5, 10, 20, 50, and 500 images per class which are approx-
imately 0.05%, 0.1%, 0.2%, 0.5%, and 5% of all labeled images. The remaining
images are assigned to the unlabeled set. For the test set, we use CRC-VAL-HE-
7K, an independent dataset with 7,180 patches from an external cohort [9].

The CrossEntropy and SupConLoss models are trained for 130, 30, and 5
epochs on the sets with 0.05%–0.2%, 0.05%–5%, and 100% labeled images. Both
S5CL and MPL are trained for five epochs. The unlabeled set has a batch size
of 128 while the labeled batch size is 32 (for 100% labeled images, the batch size
is also 128). All the embedding spaces have a dimension of 64. The supervised
temperature is set to 0.2, and both the self-supervised as well as the semi-
supervised temperature are set to 0.7 (see Ablations 3.3 for details).

As shown in Fig. 2, on all reduced labeled sets, S5CL achieves higher accuracy
than the three competitive models including MPL. With only 50 labeled images
per class (0.5%), S5CL has an accuracy of 95%, which is already comparable to
the two reference models in the literature [9] and [6] that are trained with the
full dataset. With 500 labeled images per class (5%), S5CL almost reaches the
accuracy of the full SupConLoss model with 96.6% accuracy.

In addition to improving the classification accuracy on small labeled datasets,
S5CL also makes the feature embedding space more compact and explicable. To
see this, we plot the feature representations as a UMAP in Fig. 3 and measure
the embedding quality with the MAP@R score [14], where 100% implies perfect
clustering and separation. S5CL achieves a MAP@R of 74% whereas CrossEn-
tropy has a score of 67%. In Fig. 3, we can see that CrossEntropy, might split the
representation of the same class (e.g. DEB = debris) into two different clusters –
unlike S5CL. Within a cluster, S5CL also achieves more robust embeddings, i.e.,
images are ordered hierarchically: weakly augmented images and similar images
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Fig. 3. UMAP of feature embeddings for the test set with 300 sampled images per
class including weak and strong augmentations using (b) CrossEntropy and (c) S5CL.

are embedded the closest to their origins, then come strong augmentations as
well as different looking images from the same class.

3.2 Evaluation on the Leukemia Single-Cell Dataset

The Munich AML Morphology dataset2 contains 18,365 labeled single-cell
images taken from peripheral blood smears of 100 patients diagnosed with acute
myeloid leukemia (AML). All smears are scanned at 100× magnification with
oil immersion at a resolution of 14.14 mpp and have a patch size of 400 × 400
pixels. The dataset’s classes are heavily imbalanced, ranging from 8,484 images
in the largest class to 11 images in the smallest class. In addition, some of the
15 cell types are morphologically similar as they are biologically related.

The dataset is split into a training set of size 11,025; a validation set of size
3,666; and a test set of size 3,674. The training set is further split into a labeled
and unlabeled set. To preserve the class distribution, we sample 2%, 10%, 20%,
50%, and 100% images from the large classes for the labeled set and keep all
labeled images from small classes that have less than 100 instances per class.

We train the CrossEntropy and SupConLoss models with a labeled batch size
of 128; S5CL in addition has an unlabeled batch size of 64. Early stopping is
used to avoid overfitting as in [13]. The number of epochs is thus 40, 25, 20, 15,
and 15, respectively for each data subset. MPL models use smaller labeled and
unlabeled batches of size 32 since training is very memory intensive. However,
the batch size does not have a large effect on the results. Due to overfitting, we
train the models for two epochs. In addition, we have to include the validation
set into the training set, as otherwise, the student model would never see images
from the minority class [16]. But we note the class proportions are still the same.
For all models, the embedding dimension is 256. The supervised temperature is
always set to 0.1 and the self-supervised, as well as the semi-supervised one, are
both set to 0.6.

2 https://wiki.cancerimagingarchive.net/pages/viewpage.action?pageId=61080958.
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As shown in Fig. 2, S5CL also outperforms CrossEntropy and SupConLoss
for all reduced labeled datasets. Remarkable is that S5CL also exceeds the full
models in terms of F1-score, indicating that S5CL is less biased toward the large
classes and can also achieve good performance within the minority classes. It is
also worth noting that MPL does not perform well on this dataset, which could
be due to a confirmation bias toward the majority classes, as described in [21].

3.3 Ablation Study

To investigate the contribution of each loss, we first start from a model trained
with supervised SupConLoss and progressively build two intermediate models,
S1CL and S3CL, to arrive at S5CL (please refer to Fig. 1a). We can see that as the
model complexity grows, so does the test accuracy (Fig. 4a). Next, we analyze the
effect of different augmentation techniques. We start with no augmentations, add
weak augmentations and then vary different types of strong augmentations. Our
results suggest that both weak and strong augmentations are important and dif-
ferent types of strong augmentations can change the accuracy by ∼3% (Fig. 4b).
We also investigate the choice of the self-supervised temperature TU with respect
to the supervised temperature TL. We set TL = 0.2 and vary the temperature
TU . As expected, a higher distance to TL resolves the problem of conflicting loss
objectives (Fig. 4c). The last ablation analyzes the effect of pseudo-labels. If no
pseudo-labels are used after the first epoch, the accuracy drops (Fig. 4d). Also, if
we use pseudo-labels for the classification loss, the accuracy decreases, possibly
due to flawed pseudo-labels.

Fig. 4. Ablation study for different choices of hyperparameters and architectures.
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4 Conclusion

We propose S5CL as a unified framework for supervised, self-supervised, and
semi-supervised contrastive learning. It combines the cross-entropy loss with
three contrastive losses for labeled, unlabeled and pseudo-labeled data. In par-
ticular, by altering the temperature of the SupConLoss, S5CL can simultane-
ously train supervised and self-supervised on both labeled and unlabeled data.
We evaluate S5CL on two public datasets where it outperforms several baseline
methods including Meta Pseudo Labels, a SOTA semi-supervised method. Due
to its easy implementation and flexibility, we believe that S5CL can be employed
in many problems in computational pathology with sparsely labeled datasets.
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ABSTRACT

To handle the large scale of whole slide images in computa-
tional pathology, most approaches first tessellate the images
into smaller patches, extract features from these patches, and
finally aggregate the feature vectors with weakly-supervised
learning. The performance of this workflow strongly depends
on the quality of the extracted features. Recently, founda-
tion models in computer vision showed that leveraging huge
amounts of data through supervised or self-supervised learn-
ing improves feature quality and generalizability for a variety
of tasks. In this study, we benchmark the most popular vision
foundation models as feature extractors for histopathology
data. We evaluate the models in two settings: slide-level clas-
sification and patch-level classification. We show that foun-
dation models are a strong baseline. Our experiments demon-
strate that by finetuning a foundation model on a single GPU
for only two hours or three days depending on the dataset,
we can match or outperform state-of-the-art feature extrac-
tors for computational pathology. These findings imply that
even with little resources one can finetune a feature extractor
tailored towards a specific downstream task and dataset. This
is a considerable shift from the current state, where only few
institutions with large amounts of resources and datasets are
able to train a feature extractor. We publish all code used for
training and evaluation as well as the finetuned models 1.

Index Terms— Self-supervised learning, foundation
models, medical imaging, histopathology

1. INTRODUCTION

Recent progress in natural language processing, in partic-
ular the success of large language models [1], has shown
that huge data sources can be leveraged to build models that
generalize well to a wide variety of tasks. These models,

* contributed equally to this work
† corresponding author, carsten.marr@helmholtz-munich.de
† corresponding author, tingying.peng@helmholtz-munich.de

1https://github.com/beneroth13/dinov2

Fig. 1. We propose finetuning a DINOv2 ViT-S, which
yields at least equal performance compared to CTransPath
and RetCCL but in a fraction of domain specific training time.
Performance is measured on three datasets: TCGA & CPTAC
(WSI-level classification) and NCT-CRC (patch-level classi-
fication).

also called foundation models [2], are trained on large-scale
datasets without task-specific supervision and can be adapted
for specialized downstream applications.

Similar approaches have been developed for computer vi-
sion, where the most influential aspects for a good perfor-
mance lie in large-scale datasets and self-supervised learning
techniques. The core concept is to efficiently represent com-
plex visual data in a lower-dimensional space. One common
approach is contrastive learning, which involves pushing sim-
ilar instances closer in the learned representation space while
separating dissimilar ones [3]. Training networks with con-
trastive loss often needs a large batch size and has the risk
to collapse to one representation. To account for this, non-
contrastive methods, such as MoCov3 [4], were proposed.
MoCov3 creates a dynamic dictionary of negative examples
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using a momentum update mechanism. A similar approach is
student-teacher network training, where the student only gets
a masked version of the input and tries to learn similar repre-
sentations as the teacher network. The student is updated dur-
ing training whereas the teacher is updated with the exponen-
tial moving average of the student weights [5]. This strategy
can be used for knowledge distillation, where the knowledge
from a larger model is transferred to a smaller one.

Translating these efforts to medical tasks would be highly
beneficial but is challenging for several reasons: Large-
scale and publicly available data sources are scarce, imaging
modalities and downstream tasks are very diverse, high per-
formance on very specific tasks is preferred over a good
performance on a broad set of tasks, and, finally, the pa-
tients’ privacy needs to be preserved. Nevertheless, a few
models were proposed as potential foundation models that
are trained on medical imaging data, but not extensively on
histopathology data [6, 7].

In computational pathology, self-supervised feature ex-
tractors are commonly used to compute a low-dimensional
representation of a whole slide image that was tessellated into
smaller patches [8, 9, 10]. These low-dimensional features are
then usually aggregated for a downstream task using weakly-
supervised learning. The largest dataset used for pre-training
these feature extractors comprises 15 million patches [10].
However, this is still magnitudes smaller than the large-scale
pre-training datasets used in classical computer vision, e.g.,
142 million images curated from a dataset of 1.2 billion im-
ages for DINOv2 [11]. There has been a recent effort to scale-
up the pre-training for histopathology-specific feature extrac-
tors using private datasets [12, 13, 14] but none of the models
is currently publicly available and could be included in this
study.

Chen et al. [12] report using 32 NVIDIA A100 80GB
GPUs and a batch size of 3,072 for 125,000 iterations without
specifying the exact training time. CTransPath was trained for
250 hours on 48 NVIDIA V100 GPUs [10]. RetCCL [9] used
32 NVIDIA V100 32G GPU for 300 hours. Virchow [13] and
REMEDIS [6] do not specify their setup but the scale of the
data and the trained model suggest a similar compute heavy
setup. As the compute resources needed to train such a model
is out of reach for many institutions, only publicly available
models such as CTransPath [10] or RetCCL [9] are used.

In our work, we propose a shift towards low-resource fine-
tuning on specific datasets and show its applicability. We
present a benchmark of four of the largest foundation models
in classical computer vision on histopathology downstream
tasks and compare the models to the state-of-the-art domain-
specific feature extractors CTransPath and RetCCL. We fine-
tune ViT models of the best performing self-supervised learn-
ing method DINOv2 on a single GPU and show that fine-
tuning foundation models on task-specific data can outper-
form large-scale trained domain-specific models while need-
ing only a fraction of resources and training time (Figure 1).

2. EXPERIMENTS & METHODS

Our comparative analysis includes ResNet50 [15], pre-trained
on ImageNet and its truncated variant as baseline models. We
benchmark four vision foundation models that have been
trained on natural images: ImageBind, a multi-modal model
trained on paired data consisting of images and a corre-
sponding second modality such as text or depth-maps [16];
Segment Anything (SAM), a segmentation model, trained
with supervision on a large amount of images with segmen-
tation masks [17]; BEiT, a vision transformer (ViT) trained
with self-supervision based on masked image modeling [18];
DINOv2, a self-supervised teacher-student model trained
on a large curated dataset [11]. As histopathology-specific
feature extractors, we evaluate the state-of-the-art models
CTransPath [10] and RetCCL [9], which are specifically de-
signed for patches from whole-slide images and are trained
on 15 million histopathology patches.

2.1. Experimental setup

We evaluate the methods on three datasets of colorectal cancer
tissue, two with annotations for slide-level classification and
one with patch-level annotations.

Slide-level classification. The public repository The Can-
cer Genome Atlas (TCGA) [19] contains whole-slide images
of 632 patients with colorectal cancer (CRC) from the co-
horts COAD and READ with annotations of microsatellite
instability (MSI). We perform 5-fold cross validation using
three folds for training, one for validation, and one for test-
ing. As an external test set, we use the CRC cohort of the
public database The Clinical Proteomic Tumor Analysis Con-
sortium, (CPTAC) [20] with 110 patients.

We tessellate the whole slide images at 10× magnifica-
tion in patches of size 256 × 256 pixels (px) and extract the
features2. Subsequently, we train a slide-level classifier using
transformer-based aggregation following Wagner et al. [21].

Patch-level classification. The NCT-CRC-100K (NCT)
dataset [22] contains 100,000 non-overlapping image patches
from H&E-stained WSIs from nine classes of colorectal
cancer and normal colon tissue. The images are of size
224 × 224 pixels (px) at 0.5 µm/px magnification and are
color-normalized using Macenko’s method [23]. We use the
full dataset for training. For testing, we use CRC-VAL-HE-
7K [22], an independent dataset of 7,180 patches from an
external cohort with the same tissue classes.

We extract the features using the introduced models as
feature extractors and evaluate the classification using the
sklearn K-nearest neighbors implementation with K = 20
as well as the sklearn implementation of logistic regression
classifier with 1,000 iterations and ℓ2-regularization coeffi-
cient λ of 100

MC , where M is the embedding dimension and C

2Code for the pre-processing pipeline available at https://github.
com/peng-lab/HistoBistro/tree/feature_extraction.
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AUROC

Model Histo TCGA CPTAC

ResNet50 0.67±0.10 0.65±0.05

ResNet50 truncated 0.68±0.02 0.68±0.02

SAM (ViT-B) 0.56±0.07 0.62±0.03

SAM (ViT-H) 0.55±0.05 0.64±0.02

BEiT (ViT-B) 0.52±0.07 0.51±0.02

ImageBind (ViT-h) 0.64±0.06 0.71±0.02

DINOv2 (ViT-S) 0.73±0.07 0.72±0.06

DINOv2 (ViT-g) 0.66±0.12 0.60±0.03

RetCCL (ResNet50) ✓ 0.84±0.08 0.77±0.05

CTransPath (Swin-T) ✓ 0.85±0.05 0.82±0.04

DINOv2 (ViT-S) ✓ 0.89±0.05 0.85±0.02

DINOv2 (ViT-g) ✓ 0.84±0.05 0.79±0.03

Table 1. Finetuned DINOv2 outperforms dedicated feature
extractors CTransPath and RetCCL on AUROC scores on
WSI classification (MSI detection) in CRC tissue from TCGA
and CPTAC (external). Also, DINOv2 ViT-S notably outper-
forms the ViT-g variant.

is the number of classes. The choice of hyperparameters and
evaluation methods follows Chen et al. [24].

2.2. Finetuning and implementation details

To evaluate performance improvements of the foundation
models by finetuning, we focus on DINOv2 in the smallest
and largest variants ViT-S/14 (21M parameters, Table 3) and
ViT-g/14 (1.1B parameters), respectively. We finetune both
models using the original DINOv2 implementation3 on the
NCT and TCGA dataset. As a starting point, the publicly
available pretrained weights for the backbones were loaded
into both the student and the teacher network. Since the
weights for the DINO-heads are not publicly available, a ran-
dom initialization is used. As an additional augmentation we
add vertical flipping.

Similar as proposed in [11], we use input images of size
224× 224 px with a local crop size of 98× 98 px. In order to
adapt the positional encoding from its original size of 518 ×
518 px to the desired size of 224×224 px, we employ bicubic
interpolation.

In our finetuning experiments, we utilize the provided
configuration file from the training pipeline with a base learn-
ing rate of 2× 10−4. To account for the comparatively small
datasets, we adjust the number of iterations per pseudo-epoch
and the number of pseudo-epochs. As batch-size we use 256
for ViT-S and 32 for ViT-g. Using a smaller batch size of 128
for ViT-S yielded similar results as with batch size 256. In the
KoLeoLoss the hyperparameter ϵ was changed from 1×10−8

to 1×10−4 to avoid infinite values in the loss. The remaining

3https://github.com/facebookresearch/dinov2

20-NN linear probe

Model Histo ACC F1 ACC F1

ResNet50 0.78 0.81 0.86 0.88
ResNet50 truncated 0.87 0.91 0.88 0.89
SAM (ViT-B) 0.75 0.76 0.83 0.81
SAM (ViT-H) 0.69 0.71 0.79 0.84
BEiT (ViT-B) 0.63 0.66 0.59 0.65
ImageBind (ViT-h) 0.87 0.89 0.90 0.91
DINOv2 (ViT-S) 0.88 0.90 0.90 0.92
DINOv2 (ViT-g) 0.91 0.93 0.92 0.94
RetCCL (ResNet50) ✓ 0.91 0.93 0.92 0.94
CTransPath (Swin-T) ✓ 0.95 0.96 0.94 0.95
DINOv2 (ViT-S) ✓ 0.94 0.95 0.93 0.94
DINOv2 (ViT-g) ✓ 0.93 0.95 0.94 0.96

Table 2. Finetuned DINOv2 matches the performance of the
best-scoring feature extractor, CTransPath, on balanced ac-
curacy (ACC) and weighted F1-scores (F1) for CRC tissue
classification on NCT-patches.

hyperparameters are kept consistent with the values specified
in the configuration file provided in the official implemen-
tation. Training was done on a single NVIDIA A100 GPU
(80GB).

Slide-level classification. For finetuning on TCGA, we
tessellate the whole slide image into patches of size 512×512
px at 20× magnification. We thereby obtain a training dataset
of 2.5M patches, which are downsampled using RandomRe-
sizeCrop to 224 × 224 px as input to the vision transformer.
We set the iterations per epoch to 500 and the number of
pseudo-epochs to 200.

Patch-level classification. We use the full training dataset
NCT of 100,000 images for finetuning and set the iterations
per epoch to 100 and the number of pseudo-epochs to 100,
respectively.

2.3. Results

Slide-level classification. In our experiments, DINOv2 out-
performs all other computer vision foundation models, i.e.,
SAM, BEiT, and ImageBind, in both the small (ViT-S) and
giant (ViT-g) variant (Table 1). Notably, the giant variant
performs substantially worse than the small variant (e.g., 0.66
vs. 0.73 on TCGA, 0.6 vs. 0.72 on CPTAC). The performance
of the larger network is surpassed by the truncated version
of ResNet50 trained on ImageNet, which consistently out-
performs its full counterpart. Interestingly, the features from
ImageBind lead to a strong generalization on CPTAC, where
the external validation almost matches the performance of
DINOv2 (0.71 vs. 0.72) despite a low performance on the
in-domain test set TCGA (0.64). These models are all out-
performed by the histopathology feature extractors, RetCCL
and CTransPath, showing that feature quality benefits from
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Fig. 2. Performance over time of finetuning a ViT-s with DINOv2: a) on NCT-CRC and evaluating on the external NCT-
CRC testset on patch-level classification and b) on TCGA and testing on TCGA (5-fold cross-validation) and CPTAC (external
testset) on WSI-level classification.

training on histopathology-specific data. However, finetuning
DINOv2 on our 2.5M patches from TCGA further improves
the performance and outperforms the state-of-the-art feature
extractors, where the smaller variant based on ViT-S per-
forms better than the large version. Compared to CTransPath
we only utilize 0.6% (72 h vs. 12,000 h) of GPU hours to
reach peak performance for training the ViT-S models (Fig-
ure 1). Peak performance is reached at approximately 30,000
to 40,000 iterations for ViT-S compared to around 60,000 for
ViT-g (Figure 2).

Patch-level classification. As for slide-level classifica-
tion, DINOv2 outperforms all other computer vision founda-
tion models, where the margin to ImageBind and the trun-
cated ResNet50 version is small. Histopathology-specific
pre-training improves also in this case, and CTransPath
achieves best results accross all metrics (Table 2). How-
ever, RetCLL obtains an almost identical performance. Fine-
tuning both DINOv2 variants also almost match the perfor-
mance of CTransPath with only two GPU hours (0.08% of
CTransPath’s) of training (Figure 1). The peak performance
is approximately reached at 2,000 iterations for ViT-S com-
pared to around 10,000 for ViT-g (Figure 2).

In both tasks, all foundation models show a very simi-
lar behavior: ImageBind and the truncated ResNet50 follow
DINOv2 regarding the performance, where ImageBind has
roughly 20 times more parameters (Table 3). Conversely, both
variants of SAM as well as BEiT underperform compared to
other models. The training duration for NCT is significantly
shorter than for TCGA due to the smaller number of slides
in the training set. To ensure no overfitting is happening, we
evaluate each task on an external test set, CPTAC and CRC-
VAL-HE-7K, repsecitvely, as well as the in-domain TCGA
test set.

Model #params feature size

ResNet50 25.6 M 1024
ResNet50 truncated 8.5 M 1024
SAM (ViT-B) 91 M 256
SAM (ViT-H) 636 M 256
BEiT (ViT-B) 85.7 M 768
ImageBind (ViT-h) 630 M 1024
RetCCL (ResNet50) 23.5 M 2048
CTransPath (Swin-T) 27.5 M 768
DINOv2 (ViT-S) 21 M 384
DINOv2 (ViT-g) 1.1 B 1536

Table 3. Parameter count and feature dimension of bench-
marked models.

3. CONCLUSION

In our study, we benchmarked four of the most popular pub-
licly available state-of-the-art foundations models in the field
of computer vision as feature extractors. By fine-tuning
the most promising model with the DINOv2 framework,
we achieved notable improvements that are comparable or
better than the current state-of-the-art feature extractor in
histopathology CTransPath, while only using 0.08% or 0.6%
of their compute budget, which amounts to two hours or
three days of training on one single A100 GPU depending
on the dataset. Our experiments were conducted with a lim-
ited scope, utilizing two datasets for training and three for
testing purposes. To fully conclude a superior performance
compared to established feature extractors, more experiments
are needed on more diverse benchmarks. Using the provided
code, further experiments can be conducted in the future.
These may include exploring different benchmark datasets,
and tasks like segmentation or detection.
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DinoBloom: A Foundation Model for
Generalizable Cell Embeddings in Hematology

Valentin Koch1,2,⋆, Sophia J. Wagner1,2,⋆, Salome Kazeminia1,2, Ece Sancar1,2,
Matthias Hehr2,3, Julia A. Schnabel1,2,4, Tingying Peng1,2, Carsten Marr2,�

1 School of Computation, Information and Technology, Technical University of
Munich, Munich, Germany
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3 Dr. von Haunersches Kinderspital, Ludwig-Maximilians-University Munich,
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4 School of Biomedical Engineering and Imaging Sciences, King’s College London,

London, UK

Abstract. In hematology, computational models offer significant po-
tential to improve diagnostic accuracy, streamline workflows, and reduce
the tedious work of analyzing single cells in peripheral blood or bone
marrow smears. However, clinical adoption of computational models has
been hampered by the lack of generalization due to large batch effects,
small dataset sizes, and poor performance in transfer learning from nat-
ural images. To address these challenges, we introduce DinoBloom, the
first foundation model for single cell images in hematology, utilizing a
tailored DINOv2 pipeline. Our model is built upon an extensive collec-
tion of 13 diverse, publicly available datasets of peripheral blood and
bone marrow smears, the most substantial open-source cohort in hema-
tology so far, comprising over 380,000 white blood cell images. To assess
its generalization capability, we evaluate it on an external dataset with
a challenging domain shift. We show that our model outperforms ex-
isting medical and non-medical vision models in (i) linear probing and
k -nearest neighbor evaluations for cell-type classification on blood and
bone marrow smears and (ii) weakly supervised multiple instance learn-
ing for acute myeloid leukemia subtyping by a large margin. A family of
four DinoBloom models (small, base, large, and giant) can be adapted for
a wide range of downstream applications, be a strong baseline for clas-
sification problems, and facilitate the assessment of batch effects in new
datasets. All models are available at github.com/marrlab/DinoBloom.

Keywords: Self-supervised learning · Foundation model · Hematology
·

1 Introduction

Hematology, the study of blood and blood-related diseases, relies heavily on
the microscopic examination of peripheral blood and bone marrow smears. This

⋆ Contributed equally
�carsten.marr@helmholtz-munich.de
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practice is integral to diagnosing hematological diseases, such as acute myeloid
leukemia (AML) [15,3]. Currently, differential blood counts still rely on manual
cytomorphological analysis of at least 200 individual white blood cells (WBC)
per patient, where exact evaluation is crucial for early and precise diagnosis [13].
This labor-intensive process has resisted automation, remaining a domain for
trained experts. However, it suffers from significant intra- and inter-expert vari-
ability, complicating diagnosis in environments that lack trained personnel [9].

Recent advances in deep learning propose solutions to the challenges in hema-
tology, such as classifying leukemia subtypes from microscopic images [20,18].
However, the transition from manual to automated analysis requires robust mod-
els that can deal with limited data, strong batch effects, and largely varying
cell phenotypes. In particular, for weakly-supervised settings, such as multiple
instance learning (MIL) for patient-level disease prediction, a strong feature ex-
tractor for single blood cells is necessary as supervised learning is not possible.

Still, most approaches so far rely on supervised training sets with correspond-
ing datasets. Rastogi et al. [24] train a convolutional neural network (CNN) as
a feature extractor on the AML Matek dataset [20] on 18,365 single-cell images
from peripheral blood smears. Hehr et al. [12] train a feature extractor fully
supervised on a cell classification task on additional data from the same domain
and subsequently train the MIL aggregation model.

Large-scale self-supervised training on diverse datasets has transformed the
domain of computer vision on natural images [10,5]. In the medical imaging
domain, especially, in histopatholoy, domain specific self-supervised representa-
tion learning on large sets of unlabeled images [30,31] has shown to improve
downstream tasks in MIL settings [29]. To this end, DINO [5] and its succes-
sor DINOv2 [23] have emerged as a pipeline well-suited to train these feature
extractors [6,28,8]. However, to date, there is no comparable effort tackling the
challenges in the domain of hematology.

We propose DinoBloom (Dino Blood Model), a model family based on vision
transformers trained with a customized DINOv2 [23] pipeline to provide rich
visual features for single-cell image analysis in hematology. These models are
able to extract predictive features even on unseen datasets that can be used for
few-shot classification, multiple instance learning, or cell embeddings potentially
characterizing disease profiles while offering explainable features for enhanced
interpretability. The main contributions of our work are:

– We introduce DinoBloom, the first large-scale self-supervised trained models
designed explicitly for single-cell hematology image analysis.

– We assemble the largest cohort in hematology comprising 13 datasets of
peripheral blood and bone marrow smears.

– We show that DinoBloom models are effective in capturing diverse visual
features of single cells across tasks on both in-domain and out-of-domain
datasets for cell-type classification and leukemia subtyping.

– We provide open access to all DinoBloom models as well as the source code
and parameters used for training, encouraging the research community to
collaboratively build upon our work.
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Fig. 1. Data and model overview of our pipeline. (a) All 13 datasets used in this
study: dashed lines indicate datasets split into training data for DinoBloom and test
data for downstream evaluations, continuous line indicates the dataset was completely
held out for testing purposes. (b) Modified DINOv2 pipeline without local crops for
model training. We evaluate the performance on three downstream tasks: (c) WBC
type classification on the external dataset Acevedo, (d) AML subtyping via multiple
instance learning, and (e) bone marrow WBC type classification.

2 Datasets

To the best of our knowledge, we collected the largest hematology cohort with 13
publicly available datasets of in total over 380,000 blood cell images, fusing the
domains of peripheral blood and bone marrow smears (Fig. 1a). It consists of the
following datasets: The Bone Marrow Cytomorphology (BMC) dataset contains
171,373 de-identified, expert-annotated cells from bone marrow smears of 945 pa-
tients [18]. In contrast to all other datasets included in this study, the bone mar-
row smears were stained using the May-Grünwald-Giemsa/Pappenheim stain.
The AML Hehr dataset includes 81,214 single-cell images from 189 patients,
covering four genetic AML subtypes and a healthy control group, sourced from
annotated patient-level blood smears. The INT dataset is an internal dataset
that consists of 41,906 images of peripheral blood smears. The dataset will be
made publicly available through a different publication. The AML Matek dataset
consists of 18,365 expert-labeled single-cell images with 15 heavily imbalanced
classes taken from peripheral blood smears of 100 patients diagnosed with AML,
as well as 100 healthy patients [19,20]. Acevedo encompasses 17,092 images of
WBCs labeled into 11 classes [1]. The Raabin dataset features 10,175 cropped
WBCs, which are labeled by experts into five classes [17]. The NuClick dataset
was created from 11,000 WBC images of four classes to generate 2,689 images of
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Table 1. Training configuration of the DinoBloom model family.

Model Batch size Train time Feature dim #params

DinoBloom-S 1216 1:30 h 384 22 M
DinoBloom-B 960 0:45 h 768 86 M
DinoBloom-L 448 1:00 h 1024 304 M
DinoBloom-G 208 4:00 h 1536 1136 M

artificially overlapping nuclei [16]. The Warty pig dataset contains 1,408 cropped
and classified, plus 1,463 augmented WBC images of juvenile Visayan warty
pigs [2]. The public part of the LISC dataset consists of 157 WBC images as
well as several augmented versions of them, totaling 2263 images [25]. Chula
[22] is a red blood cell segmentation dataset and holds 706 single images. The
SSLSeg datasets contain 300 images of WBCs, stemming from two different
sources (200/100 images) [32]. The Blood Cell Count and Detection (BCCD)
dataset was created to detect blood cells and includes 364 images with bounding
box labels [21]. The Aslan blood cell detection dataset offers 100 images of white
and red blood cells taken from a light microscope [4].

3 Methods

DINOv2 finetuning. We train our models that are based on vision transform-
ers (ViT) [7] in different sizes using the DINOv2 framework. Following [26], we
use the pretrained checkpoints to efficiently finetune the vision transformer on
our multi-cohort dataset. The self-supervised learning framework DINOv2 em-
ploys a teacher-student architecture with an image-based loss on the class token
of the DINO head and a patch-based loss on the class token of the masked
patches from the iBot head (Fig. 1b). We remove the global-local crop loss as
we found it hampers performance when learning representations on the single-
cell images in blood and bone marrow datasets. Images are resized to 224×224
pixels. The models are trained on 8 NVIDIA A100-SXM4-40GB GPUs with an
AMD EPYC 7742 64-Core CPU. All models show similar convergence patterns
and reached their peak performance between 4,000 and 8,000 iterations, after
which downstream task performance drops slightly. Depending on the model
and corresponding batch size, 4,000 iterations cover the training set between 1.7
(batch size 208, DinoBloom-G) up to 10 times (batch size 1,216, DinoBloom-S).
Used batch size, feature dimension, and training time, as well as the number of
parameters, can be inferred from Table 1.

Train and test data.We train the DinoBloom models on all datasets except
the Acevedo dataset, which is kept as external test set. The other two datasets
used for evaluation were split into train/test (80/20). Only training data was used
to train our DinoBloom models. We evaluate the downstream task performance
using the same train/test split. The following datasets and settings are used:
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Table 2. Evaluation on peripheral blood: Image-level WBC classification on Acevedo
dataset and patient-level AML subtyping on AML Hehr dataset. Best results are
marked in bold, second best results are underlined. Standard deviation in the ABMIL
setting was obtained by 5-fold cross-validation. Performance is measured in weighted
F1-score (wF1) and balanced Accuracy (bAcc).

Acevedo AML Hehr

1-NN 20-NN Linear probe ABMIL
wF1 bAcc wF1 bAcc wF1 bAcc wF1 bAcc

ResNet 50 58.8 52.6 65.6 58.7 81.3 75.4 81.9±9.7 81.5±9.6

ResNet 50 trunc 68.5 62.4 74.0 67.8 87.5 81.6 41.5±11.7 45.9±10.0

DINOv2 ViT-S 72.9 65.6 78.5 70.8 87.7 82.0 52.5±11.8 54.5±10.0

DINOv2 ViT-B 71.9 64.8 77.3 69.9 87.8 81.8 49.6±17.3 52.2±14.3

DINOv2 ViT-L 72.2 64.9 77.8 72.4 89.1 83.5 51.5±16.6 53.6±13.5

DINOv2 ViT-G 77.8 70.4 81.9 74.2 90.1 84.5 21.1±13.5 28.6±10.2

CTransPath 80.8 73.9 83.1 76.8 88.0 82.5 60.2±12.6 60.9±11.8

Phikon ViT-B 83.3 76.5 85.1 78.7 88.2 82.7 81.8±8.3 81.5±8.5

DinoBloom-S (ours) 86.4 80.5 90.0 84.5 90.1 84.5 93.0±3.0 92.3±3.4

DinoBloom-B (ours) 87.4 81.9 90.5 85.4 90.7 85.5 92.7±2.9 91.9±3.1

DinoBloom-L (ours) 88.9 83.2 91.3 86.1 91.2 86.0 91.7±2.4 91.0±2.7

DinoBloom-G (ours) 89.1 83.5 91.4 86.4 91.8 86.6 93.1±2.5 92.4±2.8

– Acevedo is the smallest of the peripheral blood datasets with complete image-
level classification exhibiting a strong batch effect [27],(Fig. 1a) hence serving
as a good measure of the generalization capabilities of our model.

– The AML Hehr dataset is divided into train/test (80/20) on patient level.
It includes 101,949 WBCs from 242 patients across four AML subtypes:
CBFB::MYH11, NPM1, PML::RARA, and RUNX1::RUNX1T1 and a healthy
control class.

– The BMC dataset is split into train/test (80/20) as it is the only bone
marrow dataset. It contains 21 heavily imbalanced classes (Fig. 1e).

Downstream evaluations. In all downstream experiments, we compare
the following feature extractors: (i) the non-medical-domain models ImageNet-
pretrained ResNet50 [11] (full and truncated) and (ii) the pretrained DINOv2
checkpoints, trained on LVD-142M [23]; (iii) the medical-image domain feature
extractors CTransPath [31], trained on 14M patches from TCGA and PAIP, (iv)
the Phikon ViT-B model [8], trained on PanCancer40M from TCGA; and (v)
our models DinoBloom-S, -B, -L, and -G.

We evaluate the performance of all supervised classifier models by linear
probe and k -nearest neighbors (k -NN) for cell-type classification and in a weakly-
supervised multiple instance learning (MIL) setting for AML subtyping. For
linear probe, the sklearn LogisticRegression class is used with l2-regularization
coefficient of c×n

100 where n is the number of training samples, and c is the number
of classes. For the MIL evaluation, similar to the Hehr et. al [12] framework, we
deploy a dedicated classifier head, structured as a two linear layer architecture
with an intermediary ReLU activation, tailored to map the aggregated latent
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Table 3. Evaluation on bone marrow: WBC classification on the dataset BMC with
21 highly imbalanced classes.

1-NN 20-NN Linear probe
wF1 Acc bAcc wF1 Acc bAcc wF1 Acc bAcc

ResNet 50 37.6 37.3 21.1 47.4 50.0 23.0 64.1 65.2 39.6
ResNet 50 trunc 46.7 46.4 31.2 57.5 59.8 33.0 74.5 75.0 49.8
DINOv2 ViT-S 43.2 43.2 25.0 52.4 55.6 26.5 68.1 69.0 44.9
DINOv2 ViT-B 39.8 39.6 23.9 49.3 55.6 24.1 70.8 71.5 48.5
DINOv2 ViT-L 39.4 39.2 24.5 48.9 52.2 24.0 71.0 71.6 47.8
DINOv2 ViT-G 41.0 41.0 22.6 50.4 53.7 24.4 73.5 74.0 52.1
CTransPath 49.1 48.7 42.0 58.5 60.3 36.1 74.1 74.9 52.2
Phikon ViT-B 47.5 47.2 40.8 57.1 59.0 35.5 73.2 73.8 54.4

DinoBloom-S (ours) 78.4 78.3 62.0 84.2 84.8 55.6 85.7 85.9 71.4
DinoBloom-B (ours) 79.6 79.5 65.8 83.7 84.1 57.1 85.5 85.6 70.7
DinoBloom-L (ours) 78.8 78.8 57.7 83.6 84.0 56.3 84.9 85.0 64.4
DinoBloom-G (ours) 80.0 79.9 59.4 83.8 84.2 56.2 84.9 85.0 69.3

vectors of a patient to a class prediction.

4 Results

Peripheral blood. DinoBloom models outperform existing models of same
size on single WBC classification on the external dataset Acevedo. There is a
strong performance gain over the original DINOv2 models, e.g., ViT-S with 71.9
weighted F1-score on 1-NN vs. DinoBloom-S 86.4, ViT-G 77.8 vs. DinoBloom-G
89.1 (Table 2). The histopathology domain-specific feature extractors CTransPath
and the recently released Phikon (Vit-B) model perform better than models with
non-medical pretraining, both models perform roughly equally in linear probing,
while Phikon has a slightly better performance in k-NN evaluations. However,
DinoBloom models do not only perform better than their corresponding base-
line from DINOv2, but even our smallest model performs better than all other
tested models, irrespective of their size. One can also observe that the larger
variants of DinoBloom models perform better compared to smaller versions, e.g.,
DinoBloom-G vs. DinoBloom-B vs. DinoBloom-S with the weighted F1-score on
1-NN (89.1 vs. 87.4 vs. 86.4).

DinoBloom effectively serves as a feature extractor for training a weakly-
supervised AML subtype classifier with ABMIL [14] aggregation. In our experi-
ments, DinoBloommodels achieve a weighted F1-score between 91.7 (DinoBloom-
L) and 93.1 (DinoBloom-G), while the second best models are ResNet50 and
Phikon Vit-B with 81.9 and 81.8, respectively.

Bonemarrow cytology. In line with the results on the Acevedo dataset,
DinoBloom models outperform both non-medical and medical models on bone
marrow WBC classification by even larger margins. The classification task on
BMC is heavily imbalanced with 21 classes and over 170, 000 samples in total,
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Fig. 2. Low dimensional representation (UMAP) of DinoBloom-B features fitted on
over 80,000 single cells from the AML Hehr training dataset. Center: UMAP with
original images. Five arcs: UMAP of patients from the training set (grey) and from
the test set for healthy patients (blue), patients with CBFB::MYH11 (orange), NPM1
(green), PML::RARA (red), and RUNX1::RUNX1T1 (purple). In each arc, all test set
patients are shown in bright dots, with one random patient highlighted in dark dots.

where some classes have a very low sample count, such as abnormal eosinophils
(8) or smudge cells (42, Fig. 1e). Despite the challenging task, DinoBloom-B
reaches a balanced accuracy of 65.8 and an accuracy of 79.5 in 1-NN eval-
uation compared to 42.0 and 48.7 of the next best model (Table 3). Similar
large gaps in performance are also observed in linear probing, where our best
model, DinoBLoom-S, achieves a balanced accuracy of 71.4 compared to 52.2
of CTransPath. Notably, the performance in 1-NN weighted-F1 score is doubled
compared to the DINOv2 baseline that can be observed for the ViT-B variant.
Compared to the peripheral blood tasks, the performance of the larger variants
of DinoBloom is not consistently better than that of the smaller variants.

Patient embeddings.We show a potential clinical application of our model:
The low-dimensional embedding of AML and healthy patients from the training
set of the AML Hehr dataset shows that related cell types cluster well (Fig. 2).
Based on this fit, new patients (from the test set) are embedded into the same
lower dimensional feature representation. The distribution of cell types is clearly
distinct between healthy patients and all AML subtypes: as expected there are
almost no cells in the Myeloblast related cluster in the healthy group. More subtle
differences can be seen between clustering profiles of distinct AML subtypes,
e.g., CBFB::MYH11 and RUNX1::RUNX1T1. The cell embeddings of our model
could give clinicians an easy-to-grasp visualization of the cell distribution of a
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Fig. 3. PCA visualization of the patch tokens on the test data of Acevedo (external)
and BMC. Comparison between DinoBloom-B, the second best model Phikon (ViT-B),
and the pretrained DINOv2 ViT-B. Colors represent the values of the first three PCA
components. DinoBloom-B can differentiate between nuclei, cytoplasm, surrounding
red blood cells, and background.

patient and help to verify the manual quantification of different cell types. For
instance, experts could identify the presence of myeloblasts within an entire
smear, and gates could be applied to the embedding to facilitate morphology-
based cell counting, similar to FACS analysis.

Interpretability. In Fig. 3, we show that our model learns robust features
that detect semantic concepts across domains and compare it to its baseline, the
pretrained DINOV2, and the second best performing model Phikon. We compute
the principal components for the encoded patches of four images per dataset and
visualize the first three components of each patch of size 14×14 (DinoBloom-B,
DINOv2 Vit-B) and 16×16 pixels (Phikon), respectively, in RGB colors. One
can clearly observe that DinoBloom captures shapes of nuclei, cell body, and the
surrounding cells. While the other two models also capture shape and roughly
outline cells, they do not catch fine grained details, as can be especially seen
in the case of the nuclei, that only DinoBloom is able to differentiates from the
whole cell.

5 Conclusion

With DinoBloom, we introduce a publicly available family of foundation models
for single cell images in hematology, trained on the largest multi-cohort dataset
with over 380,000 WBC images of 13 datasets. We show its strong generalization
capabilities to external datasets despite strong batch effects. Our experiments
demonstrate that DinoBloom extracts rich features from hematology images,
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with its effectiveness demonstrated for cell-type classification and AML sub-
typing compared to non-medical and medical-imaging specific models. We also
support this claim through visualizations showing that our model detects im-
portant hematological concepts, such as nuclei, cytoplasm, and red blood cells,
which could be further leveraged for zero-shot segmentation. We believe that the
generalizable cell embedding capabilities of our DinoBloom models offer great
potential in assisting clinicians in their tedious manual work of cell detection
and classification.
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Abstract. Classical multiple instance learning (MIL) methods are often
based on the identical and independent distributed assumption between
instances, hence neglecting the potentially rich contextual information
beyond individual entities. On the other hand, Transformers with global
self-attentionmodules have been proposed tomodel the interdependencies
among all instances. However, in this paper we question: Is global relation
modeling using self-attention necessary, or can we appropriately restrict
self-attention calculations to local regimes in large-scale whole slide images
(WSIs)?We propose a general-purpose local attention graph-based Trans-
former for MIL (LA-MIL), introducing an inductive bias by explicitly con-
textualizing instances in adaptive local regimes of arbitrary size. Addi-
tionally, an efficiently adapted loss function enables our approach to learn
expressive WSI embeddings for the joint analysis of multiple biomarkers.
We demonstrate that LA-MIL achieves state-of-the-art results in muta-
tion prediction for gastrointestinal cancer, outperforming existing models
on important biomarkers such as microsatellite instability for colorectal
cancer. Our findings suggest that local self-attention sufficiently models
dependencies on par with global modules. Our LA-MIL implementation
is available at https://github.com/agentdr1/LA_MIL.

Keywords: Multiple instance learning · Graph transformer · Local
attention · Whole slide images · Mutation prediction

1 Introduction

Advances in slide-scanning microscopes and deep learning-based image analysis
have significantly increased interest in computational pathology [2]. Whole slide
images typically contain billions of pixels and reach up to several gigabytes
in size. To mitigate the resulting computational burden, WSIs are commonly

Supplementary Information The online version contains supplementary material
available at https://doi.org/10.1007/978-3-031-16434-7_37.

c⃝ The Author(s), under exclusive license to Springer Nature Switzerland AG 2022
L. Wang et al. (Eds.): MICCAI 2022, LNCS 13432, pp. 377–386, 2022.
https://doi.org/10.1007/978-3-031-16434-7_37
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tessellated into smaller tiles [16]. However, patient diagnosis is typically only
available as weakly-supervised slide-level annotation, e.g., cancer vs. non-cancer
classification, cancer subtyping, or genomic analyses.

In histopathological image analysis, this task is formulated asmultiple instance
learning (MIL), where a WSI is considered as a bag, and tiles as contained
instances. Hence, efficiently learning representations and aggregating them from
tiles to a bag label is crucial. One simple solution for this is to pass the bag label
onto each tile, reducing MIL to supervised learning. This approach is particu-
larly favored because of its ease of implementation, e.g., to predict microsatellite
instability or tumor mutational burden [10,22]. The final bag-level prediction is
obtained by aggregating all instance-level predictions with average pooling. These
methods have two drawbacks: (i) a fraction of instance labels may differ from the
bag label and therefore form label noise in supervised learning, and (ii) no mor-
phological or spatial correlation between tiles is taken into account.

To remedy (i), MIL can learn from bag-level annotation without assuming
the same label for each tile. In particular, Ilse et al. [8] propose an attention-
based pooling layer aiming to weight each tile individually for its relevance within
the bag prediction task. To tackle (ii), recently, convolutional neural networks
(CNNs) were combined with self-attention-based Transformers [21]. Here, the tiles
are condensed into feature vectors and subsequently the resulting sequence is
fed into a Transformer, where the interdependence between tiles is incorporated
by self-attention mechanisms. For instance, Li et al. [11] propose a deformable
Transformer-based encoder-decoder structure and evaluate it across encoder only
based Transformer. Shao et al. [20] uses the Neyströmmethod to approximate self-
attention, aiming to decrease the computational complexity. Myronenko et al. [17]
suggest incorporating feature vectors of different scales into an encoder-based
Transformer.

However, general Transformer approaches suffer from quadratic complexity
with respect to the sequence length. This complexity is a general problem across
computer vision and neural language processing (NLP) domains. To alleviate
this concern, Transformer using local attention in the NLP domain [15] showed
that it is sufficient for a token to restrict the attention calculation to a local
neighborhood inside the sequence, i.e., the surrounding words. On the other
hand, in computer vision self-attention can be modified by introducing local
windowed attention [12]. However, this approach for WSIs is not as conveniently
applicable as for domain areas where the images have the same size, such as in
well-curated datasets like ImageNet [4]. Whole slide images come with varying
geometrical shapes and the representation obtained by using tiles while excluding
some entities (e.g. due to artifacts, pen marks, etc.) leads to holes within the
visual representation. A handcrafted selection of which entities participate in the
key-to-query product is not generally applicable for all WSIs, as this would not
effectively adapt to the varying local neighborhoods.

Combining the local windowed attention idea with Graph Transformer [5],
we propose a computationally light training pipeline consisting of a CNN and
local attention-based Transformer with the following contributions:
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Fig. 1. LA-MIL overview: The pipeline consists of preprocessing, spatial relation mod-
eling and feature extraction, and a local attention-based transformer.

– We present LA-MIL, a novel local attention graph-based Transformer that
restricts self-attention calculations in Transformers by using k-nearest neigh-
bor (kNN) graphs to model local regimes with respect to tiles inside the WSI.

– To our knowledge, LA-MIL is the first pipeline to predict microsatellite insta-
bility and tumor mutational burden jointly with genetic alterations as well
as the first transformer-based approach for mutation prediction.

– An efficiently adapted loss function enables our approach to learn meaningful
bag representations for a joint analysis of multiple imbalanced biomarkers.

– We evaluate our approach extensively on two datasets for gastrointestinal can-
cer and demonstrate that our local attention mechanism sufficiently leverages
information on par with global self-attention modules.

– LA-MIL shows great modeling interpretability by visualizing local attention
scores, consisting of spatial and morphological dependencies.

Our experiments indicate that LA-MIL outperforms state-of-the-art approaches
or is on par for mutation prediction tasks in gastrointestinal cancer.

2 Method

The pipeline of our LA-MIL approach is visualized in Fig. 1. In the following, we
introduce the key components of our algorithm.

2.1 LA-MIL Framework

Data Preprocessing. First, a given gigapixel WSI is tessellated into N tiles,
where each tile ti ∈ RH×W×C . Further, we extract the coordinates ci ∈ R2 with
respect to the WSI for each tile. Tiles containing background, artifacts, and non
tumor-tissue are excluded using Otsu’s method [18] and region of interest (RoI)
annotations, reducing the number of tiles for downstream processing to n < N .
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Per-Tile Feature Extraction and Spatial Relation Modeling. We com-
press the visual information contained in each tile ti by extracting features using
KimiaNet [19], a pretrained DenseNet-121 [7]. Thus, the WSI is represented as
a sequence of feature vectors {hi}ni=1 ∈ Rn×D, where the dimension D is the
output size of the feature extraction CNN. For the spatial relation among the
tiles of a WSI, we build l k-nearest neighbor (kNN) graphs Gl

kNN using the
Euclidean distance of the coordinates ci. A kNN graph can be represented by a
matrix A ∈ Rn×k, indicating the k neighbors for all n tiles.

Transformer Architecture. Given a sequence of features {hi}ni=1 and l graphs
Gl
kNN , we further downscale the feature vectors from D to d by using a fully-

connected (FC) layer. Subsequently, a Transformer with l blocks of local atten-
tion layers is applied. These layers utilize the kNN graphs to update neighboring
tiles, thereby modeling local morphological and spatial correlations. Note that
a graph can also be shared between layers. Applying a residual connection and
layer normalization [1] after each attention layer aims to improve the gradient
flow and generalization performance. Finally, the sequence is aggregated into a
bag-embedding vector b ∈ Rd by mean pooling as done in [21]. Another FC layer
projects the bag-embedding vector into a target vector t ∈ RT , where T is the
number of targets to predict. The sigmoid function is applied element-wise on
the target vector t to obtain the scores for each target individually. In the con-
text of mutation prediction, the thresholded scores indicate whether a particular
gene occurs as wildtype or mutated, respectively.

Loss Function. Mutation prediction is a challenging task since the targets
often only occur in small frequencies (see Table 1). Hence, we use a loss which
penalizes the model for wrong decisions about the prediction of underrepresented
classes by weighting each binary cross-entropy (BCE) term individually. We take
the mean of T BCE losses, thus treating each target equally:

L(x,y) = − 1
T

T∑

t=1

nneg
t

npos
t

(yt log(σ(xt)) + (1 − yt) log(1 − σ(xt))) .

As mentioned in the introduction, most mutation prediction studies use tile-
level supervised learning rather than bag-level MIL. Hence, a common strategy
to tackle highly imbalanced classification is to apply downsampling to reach
an equilibrium of classes in the dataset splits [9,10]. However, this may not
be possible in the multi-target and bag-operating setup, as downsampling may
exclude nearly all samples, depending on the individual class distributions.

2.2 Local Attention Layer

Self-attention is a key component in Transformer architectures, where each
token hi is updated with global information of the complete input sequence
{h1, . . . , hn}. In contrast, our local attention modules constrain the updates for
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Fig. 2. Left: Computational block for a local attention layer. Right: Illustration of the
spatial field of view for the attention calculations. Tiles in red visualize a query tile and
blue colored tiles visualize the adaptive local neighborhoods of different sizes. (Color
figure online)

each token hi associated with node ni to all tokens hj with nodes j ̸= i that are
connected with node ni, as shown in Fig. 2. As input we consider a n-dimensional
sequence of tokens hi for i = 1, . . . , n associated with n nodes of a graph G where
the nodes are connected by n × k edges. The update equation for token hi is

hi = O · Concatk

⎛

⎝
∑

j∈Nj

wk
ijV

khj

⎞

⎠ , wk
i,j = softmaxj

(
Qkhi ·Kkhj√

dk

)
(1)

where Qk,Kk, V k ∈ Rdk×d and O ∈ Rd×d with k = 1, . . . , H denoting the
number of the respective attention head. The notation j ∈ Ni refers to a set
of indices j of nodes connected to the ith node by j edges. The cardinality of
Ni is equal to the number of neighbors for all tiles. To calculate local attention
scores ai for each tile from local attention layers, we first cache the intermediate
outputs wk

i,j from Eq. 1 and sum them across heads and local regimes, i.e.

ai =
H∑

k=1

∑

j∈Nj

wk
i,j . (2)

Subsequently, we normalize all n attention values ai into the range [0, 1] and
denote the outcomes as local attention scores for each tile.

3 Experiments

We applied the proposed method on diagnostic formalin-fixed paraffin-embedded
diagnostic slides for two cohorts in The Cancer Genome Atlas (TCGA)
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Table 1. Distribution of genetic alterations in TCGA-CRC and TCGA-STAD. We
denote the number of positive samples for each target.

Cohort n MSI TMB BRAF ALK ERBB4 FBXW7 KRAS PIK3CA SMAD4 TP53

CRC 594 78 85 66 40 62 107 223 178 81 332
STAD 440 75 86 13 19 62 38 40 86 36 225

dataset [24]. From tissue contained in WSIs, we followed recent works [3,6,9]
and include only tumor-occupied tissue regions. All images were downsampled
to 20× magnification, corresponding to a resolution of 0.5 µm

px . The task is to
predict genetic alterations, the microsatellite status and the tumor mutational
burden (TMB) as biomarkers [16] directly from WSIs.

TCGA Colorectal and TCGA Stomach Datasets. Our dataset TCGA-
CRC consists of tiled WSIs from tumor regions of colorectal tissue. We used the
preprocessed tumor tissue tiles from kather.ai. As a second dataset, we tiled WSIs
of stomach tissue from TCGA, downloaded at portal.gdc.cancer.gov. After noise
removal, we excluded all tiles which were not contained in the tumor region
by using manual tumor annotations available at: kather.ai. We retrieved the
genetic annotations matching the WSIs from xenabrowser.net. Annotations for
the microsatellite stability/instability (MSS/MSI) and TMB are available at
cbioportal.org. Following Luchini et al. [14], we binarized MSS and MSI-Low as
MSS and MSI-High as MSI.

Implementation. Each tile was embedded into a 1024-dimensional feature
space by a DenseNet-121 model that was pretrained on histopathological data.
By using the coordinates of each tile, we built two kNN-Graphs with k = 16 and
k = 64 for subsequent attention restriction in the first and second local attention
module, respectively. In the training phase, each feature vector associated with
the tiles was further compressed from 1024 to 512 by a FC layer. After a stack
of two local attention layers, we averaged the feature vectors across all tiles.
The resulting bag embedding was passed through a classification head, consist-
ing of another fully connected layer from 512 to 10, to compute the logits. We
applied the sigmoid activation function element-wise to calculate the probabil-
ities for each individual target. For optimization, we employed the Lookahead
optimizer [25] together with AdamW [13], and used a learning rate of 2e-05 and
2e-04 (for TCGA-CRC and TCGA-STAD, respectively) for 10 epochs, weight
decay of 2e-05, and batch size 1. The LA-MIL model with 2.1M parameter was
implemented in PyTorch and DGL [23], and trained on a single Tesla V100 GPU.

Evaluation. To evaluate the mutation prediction task on both datasets TCGA-
CRC and TCGA-STAD, we compared the performance of LA-MIL with state-of-
the-art methods. The fact that most of the recent advances predict T biomark-
ers individually results in training, validating, and hyperparameter tuning for T
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Table 2. Mean AUROC scores for mutation prediction on the datasets TCGA-CRC
and TCGA-STAD. For the competitive methods, we report results from the original
publications; for our methods, we report the mean over five folds (see supplementary
material for results with standard deviation).

Dataset Method MSI TMB BRAF ALK ERBB4 FBXW7 KRAS PIK3CA SMAD4 TP53
TCGA-CRC Kather et al. [10] 0.77 – – – – – – – – –

Wang et al. [22] – 0.82 – – – – – – – –
Kather et al. [9] – – 0.66 0.51 – 0.49 0.60 0.62 0.63 0.68
Fu et al. [6] – – 0.57 – – 0.66 0.55 0.59 0.58 0.68
T-MIL (Ours) 0.85 0.82 0.73 0.61 0.57 0.64 0.61 0.60 0.60 0.64
LA-MIL (Ours) 0.85 0.83 0.72 0.63 0.60 0.66 0.62 0.61 0.58 0.63

TCGA-STAD Kather et al. [10] 0.81 – – – – – – – – –
Wang et al. [22] – 0.75 – – – – – – – –
Kather et al. [9] – – 0.37 0.45 – 0.74 0.64 0.67 0.61 0.60
Fu et al. [6] – – – – – – – 0.47 0.49 0.63
T-MIL (Ours) 0.80 0.78 0.73 0.52 0.47 0.71 0.65 0.58 0.62 0.57
LA-MIL (Ours) 0.78 0.77 0.67 0.52 0.47 0.72 0.70 0.61 0.64 0.58

separate models, while we used a single model to predict all biomarkers. More-
over, we implemented a Transformer MIL approach where we exchanged all local
attention blocks with global self-attention [21], denoted as T-MIL. To stick with
common evaluation procedures for mutation prediction in recent works, we eval-
uated our pipeline with a 5-fold cross validation (CV). We split the datasets into
folds such that individual class distributions in each fold were approximately the
same and ensured that no patient appeared in the training and validation set at
the same time. We measured the performance using the area under the receiver
operating characteristic curve (AUROC) for each target individually.

4 Results

Current methods, such as Kather et al. [10] for MSI and Wang et al. [22] for
TMB, predict the biomarkers instance-wise as single targets for each tile with the
corresponding label inherited from its parent WSI. Similarly, Kather et al. [9] and
Fu et al. [6] train one model for each target gene when predicting mutations, but
evaluate their results on WSI-level by average pooling of tile-wise predictions. In
contrast, we train and evaluate only one model on WSI-level to predict multiple
biomarkers using a MIL transformer that aggregates features from all tiles with
global or local self-attention layers.

Table 2 shows the AUROC scores of state-of-the-art instance-wise methods
compared to our methods on the dataset TCGA-CRC. The results suggest that
our models can leverage information from multiple targets to achieve better
overall performance. Interestingly, this holds especially for the prediction of MSI,
where our approach improves the score by 8% from 0.77 to 0.85. The prediction
of TMB and most of the gene mutations (except for SMAD4 and TP53) are on
par or marginally better (+1%).
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High

Low

Fig. 3. Local attention scores visualization for the last local attention layer with
restricted self-attention in a neighborhood of size 64.

The results for the TCGA-STAD dataset in MSI prediction are marginally
worse (−1%). This could arise due to the fact that the compared work uses a
slightly different label strategy for MSI-Low cases, which also affects the eval-
uation. The results for TMB improves by up to 3%. Similar as on the TCGA-
CRC dataset, we observe an improvement of results using our Transformer-based
approaches for the remaining targets except for a few genes.

Local Attention Visualization. As described in Eq. 2, we can calculate the
local attention scores from the query-to-key product. In Fig. 3 we colorized the
tiles according to their corresponding local attention score. The high attentive
regions include the nuclear chromatin that seems to be hyperchromatic, as well
as crowded glands or solid areas. Yet, to the best of our knowledge, there are
no distinguishing patterns from WSI for mutated genes, which makes it difficult
for a quantitative evaluation. Nevertheless, LA-MIL provides an interpretation
based on the contribution of each tile for the bag-level prediction task and thus
paves a way for a deeper investigation of highly scored tiles.

5 Conclusion

In this work, we proposed a novel MIL framework with local attention for WSI
analysis. Local attention is achieved through a graph-based transformer that
models region-wise inter-dependencies. As the size of the region can be set arbi-
trarily, our approach bridges the gap between instance-wise and global relation
approaches by modeling local relations of arbitrary size. Moreover, an effective
adapted loss enables us to learn multiple biomarkers at once, for low computa-
tional cost compared to CNN-only based methods.

However, there is often more than one WSI for a patient available in the
TCGA database. Future work will investigate the strategy of combining all WSIs
for a patient, while suitably scaling the coordinates for tiles of different WSIs.
Thus, each tile will only be updated with local information from its direct par-
ent WSI and transformed into a bag-embedding consisting of locally correlated
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tiles of all WSIs from a patient. We believe that our approach provides a base
for further applications in other WSI analysis tasks where structured relation
modeling is crucial.
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Transformer-based biomarker prediction
from colorectal cancer
histology: A large-scale multicentric study
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SUMMARY

Deep learning (DL) can accelerate the prediction of prognostic biomarkers from routine pathology slides in
colorectal cancer (CRC). However, current approaches rely on convolutional neural networks (CNNs) and
have mostly been validated on small patient cohorts. Here, we develop a new transformer-based pipeline
for end-to-end biomarker prediction from pathology slides by combining a pre-trained transformer encoder
with a transformer network for patch aggregation. Our transformer-based approach substantially improves
the performance, generalizability, data efficiency, and interpretability as compared with current state-of-the-
art algorithms. After training and evaluating on a large multicenter cohort of over 13,000 patients from 16
colorectal cancer cohorts, we achieve a sensitivity of 0.99 with a negative predictive value of over 0.99 for
prediction of microsatellite instability (MSI) on surgical resection specimens. We demonstrate that resection
specimen-only training reaches clinical-grade performance on endoscopic biopsy tissue, solving a long-
standing diagnostic problem.

INTRODUCTION

Precision oncology in colorectal cancer (CRC) requires the eval-

uation of genetic biomarkers, such as microsatellite instability

(MSI)1–8 and mutations in the BRAF4,7 and NRAS/KRAS9 genes.

These biomarkers are typically assessed by polymerase chain

reaction (PCR), sequencing, or immunohistochemical assays.

Biomarker identification in patients with CRC is an important
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step in providing treatment as recommended by various medical

guidelines, such as those in the USA (NCCN guideline),10 UK

(NICE guideline),11 and EU (ESMO guideline).12 Increasingly, ge-

netic biomarkers such as MSI are also used in earlier tumor

stages of CRC.13 In the future, the importance of biomarker-

stratified therapy will likely increase.14 The presence of MSI

should also trigger additional diagnostic processes for a

possible diagnosis of Lynch syndrome, one of the most preva-

lent hereditary cancer syndromes. However, genetic diagnostic

assays have several disadvantages. For many patients in low-

and middle-income countries, genetic biomarkers are not

routinely available due to the prohibitive costs and complex

infrastructure required for testing. Even in high-income countries

with universal healthcare coverage where genetic biomarkers

may be routinely available, their utilization is not without its draw-

backs. In such contexts, biomarker assessment can take several

days to weeks delaying therapy decisions.15

The diagnosis of CRC requires a pathologist’s histopatholog-

ical evaluation of tissue sections. Thus, tissue sections stained

with hematoxylin and eosin (H&E) are routinely available for all

patients with CRC. Since 2019, dozens of studies have shown

that deep learning (DL) can predict genetic biomarkers directly

from digitized H&E-stained CRC tissue sections.1,3,7,8,16,17

Based on these studies, the first commercial DL algorithm for

biomarker detection from H&E images has been approved for

routine clinical use in Europe in 2022 (MSIntuit, Owkin, Paris/

New York).18 When evaluated in external patient cohorts, the

state-of-the-art approaches reach a sensitivity and specificity

of 0.95 and 0.46, respectively.19 Increasing the specificity would

be away to improve these established approaches. Another clin-

ically significant limitation of current approaches is the poor per-

formance on endoscopic biopsy tissue. Recent clinical trials

(NICHE20 and NICHE-213) show high efficacy of neoadjuvant

immunotherapy for patients with MSI CRC. These findings imply

that in the future every patient with CRC should be tested for MSI

on the initial biopsy tissue, although not all current medical

guidelines reflect this. Among previous DL-based studies for

MSI detection, only Echle et al.3 determine the performance of

DL-based biomarker prediction on CRC biopsy tissue in a multi-

centric setting. They report amuch lower performance on biopsy

tissue than on surgical resection tissue sections (biopsy AUROC:

0.78; resection AUROC of 0.96). Current clinically approved

commercial products for MSI detection in CRC from histopathol-

ogy are only applicable to surgical resection tissue. Therefore,

DL-based MSI testing of biopsies is a clinical need.

The technology underlying these algorithms in literature is

based on weakly supervised learning, consisting of two compo-

nents: the feature extractor and the aggregation module.21 The
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feature extractor is mostly based on a convolutional neural

network (CNN), which processes multiple small tissue regions

called tiles or patches.22 The CNN-based representations ob-

tained from these tiles are subsequently aggregated to obtain

a single prediction for the patient. Between 2019 and 2021,

most studies used simple heuristics, such as taking the

maximum (max pooling) or averaging (average pooling), as an

aggregation module. Since then, variations of multiple instance

learning (MIL) have become the new standard for this task,

particularly for the prediction of genetic alterations from pathol-

ogy slides.6,23,24 Themost common approach replaces the pool-

ing aggregation with a small two-layer network to learn the

patch-level weighting of the embeddings.23 However, current

MIL approaches univariately consider a single tile during aggre-

gation and do not place it in context with other tiles even though

local and global contexts are crucial for medical diagnosis.

In many non-medical and medical image-processing tasks,

transformer neural networks have recently been adopted for

computer vision tasks,25–27 replacing CNNs because of their

improved performance and robustness.28 Originally proposed

for sequencing tasks such as natural language processing,

transformer networks show impressive capabilities of learning

long-range dependencies and contextualizing concepts in long

sequences. In computational pathology, transformers have

therefore been proposed as potentially superior feature extrac-

tors29 or aggregation models,30–33 though these proposals still

lack empirical evidence from large-scale analyses.

In this work, we first aim to enhance the performance of DL-

based biomarker detection from pathology slides. Thereafter, in

order to provide large-scale evidence of the performance on

clinically relevant tasks, we investigate the use of a fully trans-

former-based workflow in CRC. Here, we present a new

method derived from a transformer-based feature extractor

and a transformer-based aggregation model (Figure 1A-C),

which we evaluate in a large multi-centric study of 15 cohorts

with resection specimen slides from over 13,000 patients with

CRC worldwide, as well as two cohorts of CRC biopsies from

over 1,500 patients in total (Figure 1D-F).

RESULTS

Transformer-based MSI prediction outperforms the
state-of-the-art
We tested our pipeline on MSI prediction in surgical resection

cohorts of patients with CRC (Figure 1) in two ways: First, we

trained the model on a single cohort and tested it on a held-out

test set (in-domain) and on all other cohorts (external). We found

that large cohorts, e.g., DACHS, QUASAR, or NLCS, achieved

in-domain test AUROCs around 0.95 (Figure 2A). The model

also achieved high performance close to 0.9 AUROC for early

onset CRC, i.e., CRC in patients younger than 50 years (Fig-

ure S2B). We compared this performance to the work by Echle

et al.3 which updated the CNN-based feature extractor during

training and used mean pooling as their patch aggregation func-

tion. Our approach outperformed the CNN-based approach on

all four cohorts. Further, we also evaluated AttentionMIL by Ilse

et al.23 with CTransPath as a feature extractor yielding higher

performance than theCNN-based approach on the large cohorts

but partly lower results on the external validation trained on the

smaller cohort TCGA. Overall, we observed the tendency of

higher performance and better generalization for models trained

on datasets with more than 1,000 patients. However, factors

such as differing population genetics (e.g., for MECC) or the

type of slide scanners (e.g., for ERLANGEN) influence the gener-

alization capabilities beyond the training dataset size.

Second, we trained our model on all cohorts of CRC resec-

tions except YCR-BCIP and evaluated it on the external cohort

YCR-BCIP (Figure 2B). In particular, we obtained a sensitivity

of 0.99 with a negative predictive value of over 0.99 (Figure S2F,

and Table S1). Analyzing the ROCs of patients with different clin-

icopathological properties showed that the model performs

consistently well on all of these subgroups. Only on left-sided tu-

mors the performance slightly dropped to 0.93 AUROC (Fig-

ure S2D). Moreover, a high-mean AUPRC score of 0.86 showed

that the transformer-based model achieved high sensitivity with

high precision despite a strong class imbalance of 12.9% MSI-

high samples on average across all cohorts (Figure 2C). In

parallel to our findings mentioned previously, we observed a

generalization gap when intrinsic biological factors, such as

ethnicity, change. However, the performance of our model on

a cohort of MSI-high patients from Guangzhou, China, was still

high with a sensitivity of 0.9. For a better comparison to state-

of-the-art, we also mirrored the experimental setup of Echle

et al.3 We trained AttentionMIL and our fully transformer-based

model on the four large cohorts (DACHS, NLCS, QUASAR,

and TCGA) using the same feature extractor CTransPath. The

CNN-based approach from Echle et al. achieved an AUROC of

0.96, AttentionMIL yielded an AUROC of 0.96, and the fully

transformer-based approach performed slightly better with an

AUROC of 0.97.

The classical patch-based approach by Echle et al.3 suffered

from severe losses in performance upon external testing. The

largest performance drop in the AUROC of 0.21 was observed

by a model trained on the DACHS and tested on the QUASAR

cohort. Our transformer model, however, reduced the perfor-

mance loss for external testing to a maximum of 0.09 for training

on the NLCS and testing on the TCGA cohort (Figure 2). In

addition, AttentionMIL trained with the same transformer-based

feature extractor also demonstrated better generalization

capabilities compared to the classical patch-based approach

with mean pooling. This suggests that self-supervised pre-

training on histology data contributes positively toward better

generalization.

In summary, these results show that a fully transformer-based

approach yields a higher performance for biomarker prediction

both on large cohorts (DACHS, QUASAR, and NLCS) as well

as on smaller cohorts (TCGA). Perhaps more importantly from

a clinical perspective, the transformer-based approach resulted

in a better generalization performance and more reliable results,

as the deviation between the external cohorts was smaller. We

published all trained models for reuse and further fine-tuning if

needed.

The transformer-based model predicts multiple
biomarkers in CRC
Next, we investigatedwhether the fully transformer-basedmodel

yields a similar high performance in other biomarker-prediction

tasks. Following the experimental setup for MSI prediction, we
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trained the model first on single cohorts evaluated on all other

external cohorts and second on one fully merged multi-center

cohort excluding only one cohort from the training set to consti-

tute an external test set. In clinical routine workup for CRC, the

biomarkers BRAF and KRAS are determined in addition to

MSI. We tested whether and how well these were predictable

on the DACHS, QUASAR, MCO, NLCS, TCGA, and Epi700 co-

horts, where the Epi700 cohort served as an external test set

in the multi-centric run.

In the case of the largest cohorts, DACHS and NLCS, single

cohort training was already capable of achieving good results,

with AUROCs of 0.88 and 0.87, respectively (Figure 2D). The

smaller cohorts achieved slightly poorer results with 0.83–0.85

AUROC and 0.78 for TCGA. Nonetheless, the AUROC for the

in-domain test using TCGA by far outperformed previous ap-

proaches with AUROCs of 0.57,63 0.66,64 and 0.7333 in a more

recent transformer-based method. The large multi-centric

cohort yielded an AUROC of 0.88, almost reaching clinical-grade

performance (Figure 2E). Furthermore, we observed that the

generalization gap from the internal test set to external cohorts

was consistently small with the largest internal-to-external gap

of 0.03 drop in AUROC. This was also the case in multi-centric

evaluation, where the performance did not decrease from the in-

ternal to the external test cohort.

We observed similar results regarding the generalization when

investigating KRAS as a target (Figures 2F and 2G), with an

AUROC of 0.80 when trained on the multi-centric cohort outper-

forming state-of-the-art methods. The AUROCs of the single

cohort training ranged from 0.53 to 0.77 for single cohorts, in

line with or higher than state-of-the-art results.33,63,64 While

DL-based prediction performance for KRAS is still relatively

low compared to MSI or BRAF, the results show that perfor-

mance profits substantially from multi-cohort training and larger

training cohorts.

Overall, these findings show that our model can predict multi-

ple biomarkers that are relevant for routine diagnostics in CRC

while highlighting the importance of large training cohorts to

reach clinically relevant performance even in biomarkers such

as KRASwhich are notoriously difficult to predict from pathology

images alone.

A

B C

D E F

Figure 1. Workflow overview with pre-processing and model architecture and cohort overview

(A) The data pre-processing pipeline with the steps whole slide image (WSI) digitization, tissue segmentation, WSI tessellation into patches, and stain

augmentation, (B) the model architecture including the pre-trained feature extractor CTransPath and our transformer-based aggregation module, and (C) details

of the transformer layer architecture.

(D) Overview of the 16 cohorts of CRC resections and biopsies with MSI/dMMR status, which were used in this study and the subsets of six cohorts with (E)BRAF

and (F) KRAS ground truth data, respectively.
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Transformer-based workflows are explainable
Ideally, DL-based biomarker predictions should be explainable

to domain experts. To this end, we visualized how much each

patch contributed to the final classification via attention rollout

as well as whether it contributes toward a positive or negative

classification (Figures 3A–3C, and S3).

For better comparability, we used the same WSIs from the

external cohort YCR-BCIP as had been used in a previous study3

for these visualizations (Figure 3A). For all three cases, themajor-

ity of highly contributing patches originate from tumor regions. In

the MSI-high case, the mucinous region that is morphologically

linked to MSI is correctly identified as important by high scores

in the attention rollout as well as the patch-level classification

(see the boxes in the first row of Figure 3). The MS-stable case

in the second row of Figures 3A–3C attributes high contributions

to the model’s prediction to carcinoma regions. At the same

time, these patches all receive low-classification scores yielding

the correct classification result. Similarly, the second MS-stable

case in the third row had highly contributing scores in the tumor

region while having only low-classification scores for all patches.

Further tissue details that are morphologically related to MSI,

such as solid growth pattern, poor differentiation, or tumor-infil-

trating lymphocytes (Figure S3A) are highlighted in the attention

heads of the last layer together with healthy tissue structures,

such as the colon wall including muscle tissue or vessels (Fig-

ure 3D). The two cases with MSI-high ground truth predicted

as MSS also show that relevant regions are identified and

contribute to the prediction but the combination of potentially

false attentions and associated classification scores of these

attentive patches infer a wrong prediction (Figure S3B).

We quantified the morphological patterns occurring in high-

attention regions in a small user study, where two pathologists

annotated the patterns in 160 patches of 40 patients that the

model attributes high attention to. We chose the 10 patients

with the lowest and highest classification score for each MSS

and MSI-high ground truth. For every patient, we chose the

two patches associated with the highest and lowest class scores

of the top 100 attention tiles. Our study showed that the majority

of tiles belong to the tumor region (0.99% for high and 0.81% for

low-classification scores) and cell types that are important for

the prediction of MSI-high, such as lymphocytes occur in both

tiles with low- and high-classification score in a similar ratio

(0.28% vs. 0.2%, Figure 4A). Furthermore, morphological pat-

terns related only to MSI-high, such as mucinous regions, occur

more often in tiles with high-classification scores (0.4% vs.

0.1%). A chi-square test for independence shows that the under-

lying distributions of tiles with high- and low-classification scores

are likely to be independent (p value = 5.6$10�6 < 5$10�5).

Figure 2. Evaluation of the prediction performance for the biomarkers MSI, BRAF, and KRAS in single cohort and large-scale multi-centric

experiments

Experimental results for MSI-high (A–C), BRAF (D,E), and KRAS (F,G) prediction. All values represent the mean of 5-fold cross-validation: (A) AUROC scores for

single cohort experiments for all CRCcohorts ordered by size of the cohort. Each row shows the test performance of training on one cohort with the in-domain test

results in the diagonal. Results for our transformer approach, AttentionMIL, and CNN approach (results taken from Echle et al.) are visualized separately. Note that

compared to AttentionMIL and CNN, our transformer not only shows higher overall prediction accuracy but also better model generalizability, demonstrated by a

smaller gap between internal and external testing cohorts. Raw data for the heatmap in Table S5.

(B) Receiver operator curve (ROC) for the model trained on all resection cohorts except YCR-BCIP, tested on YCR-BCIP.

(C) Precision recall curve (PRC) for the model trained on all resection cohorts except YCR-BCIP, tested on YCR-BCIP.

(D) AUROC scores for single cohort experiments.

(E) ROC for the model trained on all BRAF cohorts except Epi700, tested on Epi700.

(F) AUROC scores for single cohort experiments.

(G) ROC for the model trained on all KRAS cohorts except Epi700, tested on Epi700.
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These examples showed that the model learns concepts rele-

vant to MSI-high prediction and thus possesses a high degree of

explainability. Visualizing the attention rollout together with the

classification scores demonstrates that relevant regions can

receive high-attention scores while the model can learn to ignore

non-relevant regions or give them low-classification scores.

A B C

D

Figure 3. Attention and class score visualization for better model interpretability

(A) Resection specimen from the external cohort YCR-BCIP. The three depicted slides are the same as in Echle et al.3 Tumor regions are outlined in black.

(B) Attention rollout per patch for our trained transformer-based feature aggregation model. Large values (yellow) signify a high contribution to the model’s

prediction, small values (purple) a low contribution.

(C) MSI classification scores per patch, where MSI-high is the positive class and MS-stable is the negative class.

(D) The attention heatmaps from eight heads, four of the first and four of the second layer. Themodel weights are taken from the best-performing fold of the multi-

centric training on all cohorts except YCR-BCIP.
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Transformer-based workflows are more data efficient
A long-standing problem in computational pathology is to deter-

mine the number of samples required for a given prediction task.

This is primarily due to two reasons. First, it is unclear what the

minimum required sample size is, and second, it is unclear if add-

ing more samples improves performance, and if so, up to what

point. To investigate this, we varied the number of patients in

the training set and analyzed its impact on the test performance.

Specifically, wemerged all cohorts except for an external valida-

tion cohort, YCR-BCIP, resulting in a training set with 8,181 pa-

tients from nine cohorts.We trainedmodels using a fixed number

of epochs and randomly sampled patients from the training set.

All experiments were repeated five times, and we reported the

means and standard deviations of the results.

Our fully transformer-based model architecture achieved a

mean testing AUROC value above 0.9 with 250 patients (in

particular, an AUROC value of 0.92), while the AttentionMIL

model exceeded an AUROC of 0.9 only with 4,000 patients (Fig-

ure 4A). In a similar vein, our model surpassed the 0.95 mean

testing AUROC with already 1,500 patients, while AttentionMIL

did not reach this performance. Hence, the transformer-based

aggregation module helped the model to learn from data in a

more efficient way than the attention mechanism. This may be

due to the attention mechanism not contextualizing information

from all input patches. Of note, above 1,000 patients, the per-

formance of the transformer-based model seems to slowly

saturate, while the attention mechanism continues to increase

in performance with more patients but on a lower level.

Our fully transformer-based approach yielded high performa-

nce with a small sample size. Compared to an AttentionMIL-

based approach, our approach is more data efficient in the

regime of small numbers of patients. Looking at larger training

numbers, we observed that performance increase is directly pro-

portional to the number of patients for both approaches, but the

fully transformer-based approach reaches equivalent perfor-

mance already with much smaller datasets.

Transformer-based workflows result in clinical-grade
performance on biopsies
Virtually all previous studies on biomarker prediction in CRC

were performed using surgical resection slides. For this reason,

commercially available MSI detection algorithms are intended to

be used only with resection slides. However, recent clinical evi-

dence shows that MSI-positive patients with CRC require immu-

notherapy prior to surgery13,65 and hence need to be tested for

MSI on biopsy material. We addressed this problem by training

our model on resections from all cohorts except YCR-BCIP

and evaluating it on biopsies from 1,592 patients with CRC of

the YCIP-BCIP.

Our model yielded a mean AUROC score of 0.92 and 0.86

when validated on biopsies from two external cohorts, YCR-

BCIP andMAINZ, respectively (Figure 4B). It is worth mentioning

that the MSI-high ratio in the MAINZ biopsy cohort was higher

than in the training cohorts. We outperformed existing ap-

proaches (0.78 by Echle et al.3) by far and achieved clinical-

grade performance on biopsies after model training on resection

A B

C D

Figure 4. Analysis of the quantitative user study on high-attention tiles, data efficiency, and model generalization to biopsies

(A) Prevalence of 12 histological patterns in 160 patches of high attention regions from 40 patients split by low and high patch-wise classification scores.

(B) AUROC scores on YCR-BCIP depending on the number of patients available for training. The samples were randomly drawn from all resection cohorts except

YCR-BCIP.

(C) ROC and PRC for testing our model on YCR-BCIP-biopsies, trained on resections from all cohorts except YCR-BCIP.

(D) ROC and PRC for testing our model on biopsies of the cohort MAINZ, trained on resections from all cohorts except YCR-BCIP.
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specimens (Figure S4). Themean AUPRC score of 0.69 and 0.82,

respectively, however, was lower than that of the external cohort

YCR-BCIP for resections (0.86) (Figure 4C). Hence, choosing a

classification threshold with high sensitivity, the ratio of correctly

MSI positive predicted cases from all positive predicted cases

was lower on biopsies compared to resections. Still, with a clas-

sification threshold fixed on the in-domain test set of resections,

our model obtains sensitivity scores of 0.98 and 0.91, respec-

tively, with negative predictive values of 0.99 and 0.9. Of note,

these values are higher than (for the cohort YCR-BCIP) and close

to (for the MAINZ cohort) the clinically approved DL algorithm for

resections,19 suggesting that our algorithm has potential for clin-

ical usage for biopsies.

Our intendedclinical useof thisworkflow is as follows (Figure5):

First, a patient attends a clinic either with suspected CRC or for

routineCRCscreening.Acolonoscopyshowsasuspicious tumor,

which is evaluated histologically and found to be an adenocarci-

noma. In many countries, this biopsy will then be tested for MSI/

MMR status and BRAF and/or RAS mutation status. In practice,

theseproceduresmay take several days toevenweeks.However,

in low- or middle-income countries, this might not happen at all.

Based on theMSI,BRAF, andRAS status, themost suitable treat-

ment approach will be chosen for the patient. For example, in pa-

tients with early (non-metastatic) CRC, the presence ofMSI could

qualify a patient for neoadjuvant immunotherapy followed by sur-

gery with curative intent. Similarly, in the metastatic disease

setting, the presence of MSI in the biopsy tissue would qualify a

patient for palliative immunotherapy. Because of its high sensi-

tivity, our algorithmcould serve as a filtering step followedby affir-

mative testing for MSI-high predicted cases. Applying AI-based

biomarker prediction would reduce the additional testing burden

and therefore speed up the step between taking the biopsy and

the molecular determination of MSI-high status, thus enabling

an earlier treatment with immunotherapy if indicated.

In summary, to the best of our knowledge, we developed aDL-

based MSI-high predictor for biopsies that achieves clinical-

grade performance. In particular, this high performance was

also observed for external tests and could therefore improve

clinical routine and speed up treatment decisions.

DISCUSSION

The rollout of precision oncology to patients with CRC promises

gains in life expectancy.66 Unfortunately, however, its implemen-

tation still remains slow and patchy. One reason for this is that

precision oncology biomarkers are complex, costly, and require

intricate instrumentation and expertise. DL is emerging as a

possible solution for this problem.22,67 DL can extract biomarker

information directly from routinely available material, thereby

potentially providing cost savings.1 Using DL-based analysis of

histopathology slides to extract biomarkers for oncology has

become a common approach in the research setting in 2018.68

In turn, this has recently led to regulatory approval of multiple al-

gorithms for clinical use. Some of these examples include a

breast cancer survival prediction algorithm by Paige (New

York, NY, USA), a method to predict survival in CRC by DoMore

Diagnostics (Oslo, Norway), a method to predict MSI status in

CRC by Owkin (Paris, France, and New York, NY, USA), among

others.18,69 However, existing DL biomarkers have some key lim-

itations: it is debated whether or not their performance is suffi-

cient for large-scale use, they do not necessarily generalize to

any patient population, and finally, they are not approved for

use on biopsy material, as the application of DL algorithms to bi-

opsies typically results in much lower performance compared to

application to surgical specimens.3

A key reason for the limited performance of existing DL sys-

tems could be the fundamental limitations of the technology

employed. Most studies between 2018 and 2020 used convolu-

tional neural networks (CNNs) as their DL backbone,31 using

publicly available information. Commercial products in the DL

biomarker space are based on the same technology.19,69,70

However, a new class of neural networks has recently started

to replace CNNs: transformers. Originating from the field of nat-

ural language processing, transformers are a powerful tool to

process sequences and leverage the potential of large amounts

of data. Also in computer vision, transformers yield a higher ac-

curacy for image classification in non-medical tasks,25,26 are

more robust to distortions in the input data28 and provide more

detailed explainability.30 These advantages of transformers

Figure 5. Envisioned clinical workflow for the proposed MSI-high classifier on biopsies

This assumes the system reaches a sufficient performance in additional external validation and is approved as a medical device. This workflow would only apply

to non-metastatic disease. Neoadjuvant immunotherapy is not yet recommended by medical guidelines but is backed up by Phase-II clinical trials. Not shown:

tissue preprocessing and scanning pipelines and confirmatory tests of MSI-high after a positive deep learning-based pre-screening.
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compared to CNNs have the potential to translate into more ac-

curate and more generalizable clinical biomarkers, but there is

currently no evidence to support this.

In the present study, we developed a transformer-based

approach for biomarker prediction on whole-slide images of

H&E-stained CRC tissue sections. Ourmodel consists of a trans-

former-based feature extractor that was pretrained on histopa-

thology images and a transformer-based aggregation module.

In contrast to the state-of-the-art attention-based MIL appro-

aches, the contribution of each patch was not only determined

according to its feature embeddings but also contextualized

with the feature embeddings of all other patches in the WSI via

self-attention layers. Further, we presented a large-scale evalu-

ation of transformers in biomarker prediction on WSIs. We

demonstrated that transformer-based approaches learned bet-

ter from small amounts of data andwere thereforemore data effi-

cient than attention-based MIL approaches. At the same time,

the performance increased proportionally with the number of

training samples. Even though the performance seemed to

plateau for MSI prediction, this suggests that larger training co-

horts could lead to higher performance-approaching clinical

application, also for more challenging tasks such as the predic-

tion of the BRAF and KRAS mutational status. Our large-scale

evaluation also showed that MIL and in particular transformer-

based approaches generalize much better than the existing

CNN approaches. We proved this by training themodel on single

cohorts and testing the generalization on all other cohorts. These

experiments showed that the transformer-based approach

reduced the drop in AUROC to under 0.09, while the CNN-based

approach dropped by more than 0.21 in some cohorts. Most

importantly, our approach trained on resections did not only

generalize well to external cohorts of resections from geograph-

ically distinct regions but also to biopsies with a clinical-grade

performance of 0.98 sensitivity on the YCR-BCIP biopsy cohort

and 0.91 on the MAINZ cohort.

A caveat of our observations is that the ground truth might not

be perfect. Potentially, the DL model is performing better than

stated in the paper because dMMR and MSI only agree around

92%of the time and neither are 100%sensitive.57,71 Also, a small

subset of CRCs have POLD1 and POLE mutations with a high-

mutation burden that behaves clinically similar to MSI and might

have a similar phenotype but are not detected by established

MSI detection assays.72 Similarly, gene sequencing does not

detect all mutations in KRAS/NRAS/BRAF depending on the

sensitivity of the technology used and the presence of smaller

clonal mutations. Current DL tests are at such high levels of per-

formance that these nuanced subpopulations may be important.

Our study has additional limitations: The focus of this study was

to investigate the effect of handling the data with fully trans-

former-based approaches, especially in the context of large-

scale multi-institutional data. Therefore, we did not exhaustively

optimize every single hyperparameter. Points for optimization in

this direction would be finding a fitting positional encoding and

tuning the architecture of the transformer network and attention

mechanisms. Additionally, collecting biopsy samples from

different hospitals, for multi-cohort training directly on biopsy

data could potentially improve the performance of our model

on biopsy material. This would also hold for the prediction of

BRAFmutation status and, in particular, of RASmutation status,

where we observed the largest potential for improvement. In

both targets, the performance was higher on the larger cohorts

with around 2,000 patients and increased dramatically by

training on multiple cohorts. Further, we acknowledge that

achieving an even higher specificity would be desirable.

Choosing the final classification threshold is always a trade-off

between sensitivity and specificity, where clinical application

prefers a higher sensitivity, especially for pre-screening test as

proposed in this study. Our method’s performance on biopsies

is in the same range as current clinically approved assays on re-

sections, but unlike these assays, our method also works on

biopsies.

In summary, to the best of our knowledge, we presented a

fully transformer-based model to predict MSI on WSI from

CRC with an AUROC of 0.97 on resections and 0.92 and 0.86

on biopsies on external validation cohorts. Our model general-

ized better to unseen cohorts and was more data efficient

compared to existing state-of-the-art MIL or CNN approaches.

By publishing all trained models, we enable researchers and cli-

nicians to apply the automated MSI prediction tool for research

purposes, which we expect to bring the field of DL-based bio-

markers a step closer to large-scale integration in the clinical

workflow.
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Lead contact
Further information and requests regarding this manuscript should be sent to and will be fulfilled by the lead investigator, Jakob Ni-

kolas Kather (jakob_nikolas.kather@tu-dresden.de).

Materials availability
We release all multi-cohort model weights created in this study under an open-source license. More specifically, the model for MSI

high, BRAF, and KRAS detection.

Data and code availability
Some of the data that support the findings of this study are publicly available, and some are proprietary datasets provided under

collaboration agreements. All data (including histological images) from the TCGA database are available at https://portal.gdc.

cancer.gov/. All data from the CPTAC cohort are available at https://proteomic.datacommons.cancer.gov/. All molecular data for

patients in the TCGA and CPTAC cohorts are available at https://cbioportal.org/. Data access for the Northern Ireland Biobank

can be requested at http://www.nibiobank.org/for-researchers. Data access for the MCO cohort can be requested at https://

researchdata.edu.au/mco-study-tumour-collection/1957427. All other data are under controlled access according to the local

ethical guidelines and can only be requested directly from the respective study groups that independently manage data access

for their study cohorts.

All code was implemented in Python using the DL framework PyTorch. All source codes to reproduce the experiments of this paper

are available under an open-source license at https://github.com/peng-lab/HistoBistro (https://doi.org/10.5281/zenodo.8208791).

The model is also implemented in the DL pipeline https://github.com/KatherLab/marugoto/tree/transformer. We release all model

weights under an open-source license.

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Ethics statement
In this study, we retrospectively analyzed anonymized patient samples from multiple academic institutions. At each of the following

sites, the respective ethics board has given consent to this analysis: DACHS, Epi700, ERLANGEN, MAINZ, MECC, MUNICH, NLCS,

QUASAR, FOxTROT, TRANSCOT, MCO. At the following sites, specific ethics approval was not required for a retrospective analysis

of anonymized samples: CPTAC, DUSSEL, TCGA, GUANGZHOU, and YCR-BCIP. Our study adheres to STARD (Table S3).

Cohort description
Through coordination by the MSIDETECT consortium (www.msidetect.eu), we have collected over 20,000 H&E tissue sections of

13,689 patients with CRC from 16 patient cohorts in total, including two public databases (Figures 1D–1F). The cohorts obtained

are as follows:

1. The public database ‘‘The Clinical Proteomic Tumor Analysis Consortium’’, CPTAC (publicly available at https://pdc.cancer.

gov/pdc/, USA)37,38 which includes tumors of any stage;

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

The Cancer Genome Archive (TCGA) https://portal.gdc.cancer.gov/ RRID:SCR_003193

Clinical Proteomic Tumor Analysis

Consortium (CPTAC)

https://proteomic.datacommons.

cancer.gov/pdc/

RRID:SCR_017135

Software and algorithms

Framework for experiments and

model implementation

This manuscript; https://github.

com/peng-lab/HistoBistro

https://zenodo.org/badge/

latestdoi/613444008

The model has also been implemented

in this framework

https://github.com/

KatherLab/marugoto
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2. DACHS (Darmkrebs: Chancen der Verh€utung durch Screening, Southwest Germany),39,40 a large population-based case-

control and patient cohort study on CRC, including samples of patients with stages I-IV from different laboratories in south-

western Germany coordinated by the German Cancer Research Center (Heidelberg, Germany);

3. The DUSSEL (DUSSELdorf, Germany) cohort, a case series of CRC tumors resected with curative intent and collected at the

Marien-Hospital in Duesseldorf, Germany, between January 1990 and December 199541;

4. Epi700 (Belfast, N. Ireland, UK),42,43 a population-based cohort of stage II and III colon cancers treated by surgical resection

between 2003 and 2008;

5. The ERLANGEN cohort, a CRC cohort collected at the Uniklinikum Erlangen in Germany between 2002 and 2010.

6. The ‘‘Fluoropyrimidine, Oxaliplatin, and Targeted Receptor pre-Operative Therapy for colon cancer cohort’’ (FOxTROT)44

including pre-therapeutic biopsy and post-therapeutic resection tumors from UK sites;

7. The GUANGZHOU cohort, a small CRC case series of MSI-high cases collected in The Second Affiliated Hospital of Guangz-

hou Medical University, China;

8. The MAINZ cohort, a small CRC case series of biopsies collected in the University Medical Center Mainz in Germany.

9. The Molecular and Cellular Oncology Study (MCO) cohort45–48 from the University of New South Wales, Australia;

10. MECC (Molecular Epidemiology of Colorectal Cancer, Israel),49 a population-based case-control study in northern Israel;

11. The MUNICH (Munich, Germany) CRC series, a case series collected at the Technical University of Munich in Germany.

12. The NLCS (Netherlands Cohort Study, The Netherlands)50,51 cohort, which contains tissue samples obtained from patients

with any tumor stage as part of the Rainbow-TMA consortium study;

13. QUASAR, the ‘‘Quick and Simple and Reliable’’ trial investigating survival benefit of adjuvant chemotherapy in patients from

the United Kingdom with mostly stage II tumors52,53;

14. The public repository ‘‘The Cancer Genome Atlas’’, TCGA (publicly available at https://portal.gdc.cancer.gov/, USA)54,55

which includes tumors of any stage;

15. The TransSCOT cohort, the translational arm of the SCOT trial, an ‘‘international, randomised, phase 3, non-inferiority trial’’

involving adult patients with high-risk stage II or stage III CRC56;

16. The YCR-BCIP (Yorkshire Cancer Research Bowel Cancer Improvement Program, Yorkshire, United Kingdom [UK]), a pop-

ulation-based register of bowel cancer patients in Yorkshire, UK,57,58 for which surgical resections and biopsies were avail-

able as separate cohorts.

Detailed clinicopathological variables are shown in Table S4. In all cohorts, formalin-fixed paraffin-embedded (FFPE) tissue was

used. Slides have been scanned at their respective centers. For each patient, either an MSI status or an MMR status, obtained by

PCRor IHC, respectively, is available. AlthoughMSI status andMMR status are not fully concordant,57 they are used interchangeably

in clinical routine and grouped as a single category in this study. KRAS and BRAF mutational status are available for the cohorts

DACHS, Epi700, NLCS, QUASAR, and TCGA.

METHOD DETAILS

Model description
Our biomarker prediction pipeline consists of three steps (Figure 1): i) the data pre-processing pipeline (Figure 1A), ii) the transformer-

based feature extractor, and iii) the transformer-based aggregation module that yields the final prediction from the embeddings of all

patches of a whole-slide image (WSI) (Figure 1B).

In the pre-processing pipeline, tissue regions are segmented using RGB thresholding and Canny edge detection34 to detect back-

ground and blurry regions.We include all tiles from aWSI, i.e., both tumor and healthy tissue tiles, thus reducing the burden of manual

annotationswhen applying the algorithm. Subsequently, theWSI is tessellated into tiles of size 5123 512 pixels at 203 magnification

with a resolution of 0.5 microns per pixel. To reduce the impact of the staining color on the model generalization, the tiles are stain-

color augmented using a structure-preserving GAN trained on TCGA.35

We extract feature representations of dimension 768 for every tile using the CTransPath model.29 (Figure 1B). The model architec-

ture is based on a Swin Transformer26 that combines the hierarchical structure of CNNs with the global self-attention modules of

transformers by computing self-attention in a sliding-window fashion. Similar to CNNs, these are stacked to increase the receptive

field in every stage. CTransPath consists of three convolutional layers at the beginning to facilitate local feature extraction and

improve training stability,29 followed by four Swin Transformer stages. Wang et al. trained the network using an unsupervised

contrastive loss on data from TCGA and PAIP36 from multiple organs and provided the weights for public use. The embeddings

for each tile are stored for the subsequent training procedure.

The final part of the model takes all patches of a WSI as input and predicts one biomarker for all input patches in a weakly super-

vised manner (Figure 1B). Common attention-based MIL approaches23 use a small neural network, which mostly consists of two

layers, to compute patch importance based on the embeddings. Each weight is computed based on one patch and finally, all weights

are normalized over the input elements. In contrast to this, in ourmodel, the patch embeddings are passed into a transformer network

using multi-headed self-attention that considers the patch embeddings as a sequence and relates each element to every other

element. In particular, assuming that x˛Rn3d is the input sequence representing a WSI with n patch embeddings of dimension d,

the self-attention layer computes a query-key product in the following way
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SAðQ;K;VÞ = softmax

�
QKTffiffiffi
d

p
k

�
V ;

where queries Q˛Rn3dk , keys K ˛Rn3dk , and values V ˛Rn3dv .These are computed from the input sequence x by

Q = WQ$x;K = WK$x and V = WV$x;

whereWQ ˛Rd3dk ,WK ˛Rd3dk , andWV ˛Rd3dv are learnable parameters. Multi-headed self-attention applies self-attention in every

head and concatenates the heads in a weighted manner:

MSAðxÞ = concatðhead1; :::; headhÞ$WO

where headi = SAðQðiÞ;KðiÞ;V ðiÞÞ for i˛ f1; :::;hg
andWO ˛Rhdv3d is learnable. We choose a small transformer network architecture consisting of two layers with each eight heads

(h = 8), a latent dimension of 512, and the same dimension for query, keys, and values. Therefore, the latent dimension of each head

is dv = dk = 64, such that hdv = 8$64 = 512 .

Assuming that n is the number of patches perWSI, the embeddings of each patch i˛ f1;.;ng are stacked to a sequence of dimen-

sion n3768 and are passed through a linear projection layer followed by the non-linear activation ReLU to reduce the dimension from

768 to 512. Subsequently, a class token is concatenated to the input, similar to the usage in vision transformers,25 yielding an input of

dimension ðn + 1Þ3512 that is passed to the transformer layer. In each transformer layer, a block of layer normalization and multi-

headed self-attention is followed by a block of layer normalization and a multi-layer perceptron (MLP), with skip connections applied

across each block (Figure 1C).

After the two transformer layers, the class token of size 13512 is passed into an MLP head. Depending on the number of class

tokens used, this enables single-target or multi-target binary prediction. Instead of attaching a class token, all n sequence ele-

ments could be averaged to a single sequence element of size 13512 and passed into the MLP head. The averaging approach

achieves similar performance to the class token version (Table S2), but we decided to use the class token for better interpretability

of the attention heads. We also compared our model architecture to the existing transformer-based aggregation module

TransMIL32 (Table S2).

Experimental setup and implementation details
We performed all experiments using 5-fold cross-validation with in-domain validation and testing. In this cross-validation variant, in-

domain validation and test set are split off the full dataset on patient level, leaving 3-folds for training. By also cycling the in-domain

test set through the complete dataset, we evaluated our model on more representative test sets than when fixing one smaller set for

the dataset. During training, the validation set was used to determine the best model, which was finally evaluated on the test set. We

further evaluated our models on external cohorts outside the dataset for out-of-domain testing.

The transformer models were trained with the AdamW59 optimizer using weight decay and learning rate both of 2 � 10� 5 . All

models were trained for eight epochs with batch size of one for two reasons: first, the sequences of embeddings had different lengths

due to the variable number of tiles per WSI and could thus not be stacked to mini-batches of equal length inputs; second, limits in

GPU capacity (32GB) because of the quadratic complexity of the self-attention mechanism and the large number of tiles per slide (up

to 12,000, Figure S1). To account for the varying cohort size, we evaluated the models every 500 iterations for runs on single cohorts,

and every 1000 iterations for runs on multiple cohorts.

For comparison, we implemented the attention-based MIL approach from Ilse et al.,23 referred to as AttentionMIL. It provided the

best results with Adam60 optimizer, 1 � 10� 2 as weight decay value, along with the fit-one-cycle learning rate scheduling policy61 with

a maximum learning rate of 1 � 10� 4, trained over 32 epochs, and the first 25% of the cycle with increasing learning rate.

Visualization and explainability
The final prediction is retrieved via the class token that is attached to the input sequence. To visualize the contribution of each

input patch, we employed attention rollout as introduced by Abnar and Zuidema.62 To obtain the attention at the class token

in the final layer, the attention maps of the preceding layers are multiplied recursively. Attention rollout thus quantifies to which

extent each patch contributes to the final prediction in the class score. Additionally, we visualized the attention scores for each

head in the transformer by taking the class token’s self-attention, i.e., the query and key product. All presented attention scores

were normalized to the range ½0;1� and clamped to the lower and higher 5%-quantiles, respectively, for better visual

interpretability.

To visualize whether a patch contributed toward a positive or negative classification outcome, we fed the patches one-by-one

through the transformer and visualized the resulting classification scores of the model. These scores were naturally in the range

½0; 1� and can thus be directly visualized without further normalizing or clamping of values.

QUANTIFICATION AND STATISTICAL ANALYSIS

We used the area under the receiver operator curve (AUROC) as our main evaluation metric. Since our data are naturally highly

imbalanced with respect to the target variables MSI, BRAF, and KRAS (Figures 1D and 1E), we further used the area under the
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precision-recall curve (AUPRC) as a metric as this metric accounts better for class imbalances than the AUROC metric. The preci-

sion-recall curve relates the recall or specificity, i.e., the ratio of correctly positive predicted samples to all positive samples, to the

precision, i.e., the ratio of correctly positive predicted samples to all positive predicted samples. For every experiment, we reported

the mean and the standard deviation of respective 5-fold cross-validation’s model in-domain and external test performances. We

split the dataset into patient-wise training, validation, and internal test sets stratified by the target label, thus ensuring that every pa-

tient can only occur in one of these sets. The external test sets always consisted of different cohorts to better quantify the general-

ization properties of our algorithms.
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A B S T R A C T

Recent progress in computational pathology has been driven by deep learning. While code and data
availability are essential to reproduce findings from preceding publications, ensuring a deep learning
model’s reusability is more challenging. For that, the codebase should be well-documented and easy
to integrate into existing workflows and models should be robust toward noise and generalizable
toward data from different sources. Strikingly, only a few computational pathology algorithms have
been reused by other researchers so far, let alone employed in a clinical setting. To assess the current
state of reproducibility and reusability of computational pathology algorithms, we evaluated peer-
reviewed articles available in PubMed, published between January 2019 and March 2021, in 5 use
cases: stain normalization; tissue type segmentation; evaluation of cell-level features; genetic
alteration prediction; and inference of grading, staging, and prognostic information. We compiled
criteria for data and code availability and statistical result analysis and assessed them in 160 pub-
lications. We found that only one-quarter (41 of 160 publications) made code publicly available.
Among these 41 studies, three-quarters (30 of 41) analyzed their results statistically, half of them (20
of 41) released their trained model weights, and approximately a third (16 of 41) used an inde-
pendent cohort for evaluation. Our review is intended for both pathologists interested in deep
learning and researchers applying algorithms to computational pathology challenges. We provide a
detailed overview of publications with published code in the field, list reusable data handling tools,
and provide criteria for reproducibility and reusability.

© 2023 United States & Canadian Academy of Pathology. Published by Elsevier Inc. All rights
reserved.

Introduction

Technical progress has been driving digitization in pathology
over the past decade. Coupledwith advances in deep learning (DL)
methods, computational approaches help to localize, segment,
and classify single cells and tissue types in an automated manner

These authors contributed equally: Sophia J. Wagner and Christian Matek.
* Corresponding authors.

E-mail addresses: tingying.peng@helmholtz-munich.de (T. Peng), carsten.
marr@helmholtz-munich.de (C. Marr).
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and form the research field of computational pathology1 (see
Table 1 for a glossary1-3). In particular, deep neural networks have
recently been shown to reach the performance level of medical
experts on well-defined tasks such as skin cancer diagnosis,4 lung
cancer subtype classification,5 or the recognition of malignant
white blood cells.6

However, despite the steady increase in publications in this
field (Fig. 1) and their promising results, only a few have reached
clinical implementation.7,8 This is due to several reasons: for DL-
based methods, code availability is a natural requirement for
reproducibility and, in particular, reusability, which, unfortu-
nately, is not yet current practice formost publications. Evenwhen
code is available, reproducing the original results can be chal-
lenging and requires the assistance of the original author.9 In
particular, ready-to-use scripts with sufficient instructions or
intuitive demo examples are rarely published. This makes the
reuse of current methods difficult for non-DL experts, especially
for pathologists who are not supported by computational experts.

Another reason, particularly relevant to clinical implementation,
is the generalization gap of algorithms in computational pathol-
ogy. Often, the published performance of DL algorithms cannot be
transferred to other data sets due to differences in staining or
scanner settings. Therefore, external validation of algorithms and
statistical robustness analysis are essential to assess generaliz-
ability. Finally, algorithms marketed for use in a clinical setting
must additionally be approved by national or international au-
thorities such as the US Food and Drugs Administration or the
European Medicines Agency, an often lengthy and complicated
process involving business markets and legal issues, which is
beyond the scope of this review.

Here, we focus on DL algorithms for computational pathology
and their reproducibility and reusability. For the ultimate goal of
reusing DL algorithms, the algorithms must be reproducible and
generalizable to similar data sets (ie, robust) and external data sets
(ie, replicable) (see Table 29-13 and Fig. 2 for definitions of repro-
ducibility, reusability, and related terms). Because hematoxylin

Table 1
Glossary for commonly used terms in computational pathology

Digital pathology Histologic slides are scanned and digitized so pathologists can examine the patient material on a screen instead of working on optical
microscopes. Digitized slides can be stored and processed, enabling the use of computational methods in the diagnostic process.

Computational pathology The analysis of digitized histologic slides with computational methods.1

Specimen A tissue sample, for example, obtained during a biopsy or other surgical procedures, typically fixed in formalin and embedded in
paraffin.

Section A thin slice (with a typical thickness of 3-15 mm) of a specimen mounted on a microscopic slide.
WSI: The digitized image of a tissue section on amicroscope slide. Slides can be scanned in very highmagnification resulting in images
of sizes up to several gigapixels.

Patches and tiles WSIs are split up into smaller images (eg, 512 � 512 pixels), also called patches or tiles, that can be processed by neural networks.
Unlike WSIs, these smaller image data units allow for easier and parallelized image processing. The terms “tiles” and “patches” are
often inconsistently used. Overall, “patches” is the more common term, but if the smaller images are used for subsequent WSI
rendering by stitching them back together, they are sometimes called tiles.

Annotations Diagnostic information on pixel or patch levels is obtained frommanual expert pathologist labeling at different levels of resolution (eg,
tumor regions are outlined at 2� to 5� while cell-level annotations are performed at 20� to 40�). WSI-level annotations can be all
diagnostic information about the patient (eg, age, survival, staging, and grading) mainly obtained without additional expert
pathologist interaction.

Supervised learning Training procedure of a neural network, where the ground truth, that is, the correct label for the task, is available for each data point.
However, in medical imaging and especially computational pathology, full expert annotations at pixel or patch level are time-
consuming and, hence, rare. Pixel-level annotations are used to localize tissues in segmentation tasks, where each pixel is assigned a
tissue label. Patch-level annotations are used for classification tasks, where one label is predicted for the entire input patch.

Weakly supervised learning Due to the rareness of fully annotated WSIs, weakly supervised learning approaches, like MIL, are often used to train neural networks.
With MIL, only WSI-level annotations, such as diagnostic information on the cancer type or survival, are required for classification.

CNN A neural network that can be trained to extract features by sliding trainable filters across the image. This makes CNNs translationally
invariant and, therefore, well suited for histologic data because relevant features can be found anywhere on a tile.

U-Net A CNN with an encoder-decoder architecture for segmenting biomedical images.2 It was adapted in many ways and ranks among the
most common architectures for segmentation tasks.

Mask R-CNN A CNN architecture for instance segmentation in object detection.3 In contrast to U-Net, which does not distinguish between instances
of a class, Mask region-CNN (Mask R-CNN) outputs a segmentation mask for each instance on the image, which makes it useful for
tasks such as nuclei segmentation and cell counting.

CNN, convolutional neural network; MIL, multiple instance learning; WSI, whole slide image.

Figure 1.
The number of articles published in the field of computational pathology in PubMed (retrieved on July 22, 2021) has markedly increased in the past 15 years.
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and eosin (H&E) staining is the most commonly used routine
staining for cancer diagnosis,14 we restricted this review to
methods for H&E-stained whole slide image (WSI) analysis. We
considered 5 computational pathology use cases and assembled a
systematic overview of publications published between January
2019 and March 2021. For this, we compiled criteria for repro-
ducibility in a practical context and examined each work with
respect to these. We additionally provide an overview of current
data handling tools.

Use Cases

We collected 160 studies between January 2019 and March
2021 on the automated analysis of histologic slides for cancer
diagnosis and treatment (Supplementary Tables S1-S5; flowchart
for the selection is presented in Supplementary Fig. S1). We split
this body of literature into the following use cases: (1) stain
normalization; (2) tissue type segmentation; (3) evaluation of
cell-level features; (4) genetic alteration prediction; and (5)
inference of grading, staging, and prognostic information (Fig. 3).

In this technical chapter, we first briefly introduce every use
case, followed by an overview of the latest DL methods, focusing
onworks that provide code along with the publication. At the end
of each section, wewrap up with an analysis of the reproducibility
in the specific context.

As a prerequisite, open and publicly available data handling
tools for reading, annotating, and sharing histopathological data
are essential. We compiled the most common tools in Table 315-20

and provided amore detailed overview in Supplementary Table S6

on software features, requirements, and the possibility of
extending the tool by its own code.

Stain Normalization
Most work in computational histopathology focuses on H&E-

stained routine sections, with hematoxylin staining nuclei in blue-
purple and eosin staining extracellular material in pink.21 Digitized
sections are prone to many image variations caused by differences
in the tissue preparation technique (eg, the thickness and flatness of
the sample cut), staining protocols, handling, and storage condi-
tions. Moreover, slide scanners differ in microscope illumination,
image postprocessing, or noise handling. These factors lead to sig-
nificant variability in the visual appearance of WSIs, which affects
subsequent analysis and may lead to poor generalizability of algo-
rithms. Computational methods aim at reducing the effects of these
variations,22 for example, by normalizing the stain color from a
predefined source domain to 1 or more target domains. These
methods include improved analytical approaches, such as color
deconvolution and, more recently, DL-based methods.

Color Space Methods. Color deconvolution separates the hema-
toxylin from the eosin component in optical density space based
on a reference tile.23 This approach has been developed further
recently: adaptive color deconvolution24 incorporated the un-
derlying stain distribution of the target WSI instead of only a
single tile. Alternatively, nonnegative matrix factorization has
been used to obtain a color deconvolution matrix25 and was
optimized for graphics processing unit (GPU) usage.26 (This
approach is not DL-based. We decided to keep it in the article
because noneDL-based color space methods are heavily used in
DL applications of computational pathology.)

Table 2
Definitions of reproducibility, reusability, and related terms

Reproducibility Using identical materials and procedures, the results of a study can be duplicated, and ultimately, identical conclusions can be drawn.10 In the
context of algorithms, the same result can be obtained from the same data, code, and analysis methods.9,11

Robustness The same results are obtained from an algorithm despite small perturbations in the input.12,13

Replicability Conclusions are stable based on independently acquired data,9,11 that is, code and analysis methods can be employed to external data with similar
results and performance. For deep learning algorithms, replicability is equivalent to model generalizability, a key requirement for the clinical
application of new algorithms.

Reusability A piece of software is considered reusable if it can be included in an existing computational pathology setup with minor efforts (eg, without the
need for extensive rearrangements of the workflow or software development).

Reproducible
(results are reproducible with given code and data)

Robust
(similar results despite small changes in data)

Replicable
(similar results on external data)

Reusable
(integrable in

existing workflows)

noise/perturbations
in data

different data source

good documentation &
integrability 

Figure 2.
Reproducibility, robustness, replicability, and reusability in the context of deep learning algorithms for computational pathology.
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Generative Models. The increasing popularity of generative
adversarial networks (GANs) has led to the development of style
transfer methods for stain normalization,27 which can be trained
on all target WSI tiles instead of expert-picked reference tiles.28

StainGAN was trained with a cycle consistency loss between the
source and target domains, and the generator of the target domain
was used to normalize all images in that domain.29 However,
GANsmay not always preserve the tissue structure.30 To overcome
this, StainNet trained a convolutional neural network (CNN)
consisting of 1 � 1 convolutions, transforming the source image
from its original color space to the target color space without
losing structural information.31 Alternatively, additional loss
functions that compare images before and after normalization can
be used to preserve the histopathological information, including
texture, structure, and color features.28

Stain Augmentation. In contrast to normalization methods, GANs
can also simulate stain variability by generating synthetic images.

This renders neural networks on downstream tasks more robust
and avoids loss of relevant information due to the limitations of
normalization methods. Yamashita et al32 propose data augmen-
tation based on style transfer from artistic paintings, and Wagner
et al33 used a GAN architecture for multiple domains to synthesize
realistic histologic images while preserving the tissue structure.

Stain-Aware Models. Unlike the above stain normalization
methods that project the external test data to the original training
domain as a preprocessing step, stain information can be incor-
porated directly into the model, for example, for nuclei segmen-
tation by creating a hematoxylin-aware CNN.34

Tissue Type Segmentation
Accurate segmentation of a WSI into tissue types (eg, epithelial

vs stromal vs lymphatic tissue) allows for quantitative follow-up
analysis. Depending on the kind of available annotations, we
discriminate between the following categories: methods for pixel-

Digitized slides

Stain normalization

Tissue type segmentation

Genetic alteration
prediction

Grading, staging, and
prognostic information
extraction

(ii)

(iii)

(v)

Evaluation of cell-
level features

(iv)

Whole-slide image (WSI)
(i)

Tile/patch
Data preparation

Image analysis

in
pu

t
pr

ed

...

Tissue section on
microscopic slide
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ab
ilit

y

mutations
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ilit

y

time

Figure 3.
Overview of the use of deep learning in computational pathology, including data handling tools for reading, annotating, and sharing whole slide images (WSIs) (Table 3), and 5
applications of deep learning methods, which are covered in the Use Cases.

Table 3
Overview of commonly used data handling tools in computational pathology

An essential prerequisite for implementing, transferring, and reusing computational pathology algorithms between researchers and different laboratories or
institutions is a software structure for exchanging image data, annotations, and meta-information. With the progress of computational pathology, numerous data
handling tools have been developed. In many tools, image data handling is based on system-level libraries, such as OpenSlide15 or Open Microscopy Environment
Remote Objects (OMERO).16 They enable data to be interoperable between different vendor-specific image formats. Most of these tools also provide user interfaces
for pathologists to analyze and annotate images. Annotations include class labeling or point flags, geometric shapes, and image-level labeling. While many popular
image data handling and annotation tools were developed as standalone packages (eg, SlideRunner,17 QuPath,18 and Automated Slide Analysis Platform [ASAP]), an
increasing number of recently developed packages, such as Cytomine19 or EXpert Algorithm Collaboration Tool (EXACT),20 allow for web-based, collaborative data
handling, which is essential for distributing, exchanging, and annotating data as well as evaluating models in a multi-institutional setting.

In addition to image annotation and exchange, data handling packages allow integration with independently developed analysis algorithms at different levels. Some
tools offer integrated scripting for the automation of tasks, for example, using Groovy in QuPath. Additionally, programming interfaces to popular machine learning
languages, such as Python, have been developed, for example, for OMERO. Several tools, such as EXACT and CaMicroscope, offer integrated, server-side evaluation of
deep learning models. A detailed overview of open and publicly available data handling tools and their respective functionalities is provided in Supplementary
Table S1.
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wise or patch-wise segmentation, hierarchical architectures that
imitate a pathologist’s workflow, and methods that use WSI-level
annotations and are therefore weakly supervised.

Pixel-Wise Segmentation. Vellal et al35 assessed the risk of breast
cancer from image features, such as the percentage of fibrous
stroma, epithelium, and fatty tissue. Graham et al36 developed a
rotation-invariant CNN to account for the inherent rotational
symmetry of histology images and validated their application on
pixel-wise gland segmentation. Jayapandian et al37 used pixel-
wise segmentation for identifying 6 tissue types in kidney bi-
opsies, applying the same U-Net architecture for segmenting
patches with different magnifications.

Patch-Wise Segmentation. Image patches can be classified sepa-
rately and subsequently stitched together to create a coarse seg-
mentation map of the entire WSI. Zhao et al38 computed a WSI’s
tumor-to-stroma ratio from such segmented patches, a prognostic
factor for colorectal cancer. Rączkowski et al39 proposed an active
learning framework to train a CNN for patch classification in
colorectal cancer. The network’s uncertainty, estimated via
Monte-Carlo dropout sampling,40 was used to detect outlier tiles
in the training set and to select them afterward for reconsidera-
tion. Wang et al41 generated spatial tissue maps by classifying
single cells into tumor, stroma, and lymphocytes.

Hierarchical Segmentation. Hierarchical segmentation approaches
mimic the workflow of pathologists by aggregating information
from multiple scales of magnification. Schmitz et al42 created a
family of U-Netebased encoder-decoder architectures that pro-
cess high- and low-resolution image tiles in separate branches,
fusing them with learnable gates from 3 publicly available data
sets with liver, breast, and lymph node tissues. Alternatively,
HookNet43 fused the hidden space of multiple U-Netebased
models that operate on different scales to deal with high-
resolution and contextual information in breast and lung cancers.

Weakly Supervised Methods. Weakly supervisedmethods typically
require slide-level annotations only. One recent approach was
training CNNs directly on the entireWSI of lung cancer sections.44

Subsequently, class activation maps45 highlight relevant
cancerous regions that were also identified by pathologists, which
can be interpreted as a confidencemeasure of the algorithm. Silva-
Rodríguez et al46 trained a feature extraction network on the
entire downsampled WSI to classify global Gleason grades on
prostate cancer. During inference, semantic segmentations are
upscaled from the feature maps and achieve similar performance
as fully supervised approaches while only using the global labels.
Alternatively, the WSI can be split into patches and patch-wise
features for WSI classification.47 Using this approach, attention
scores produce interpretable heatmaps to visualize which regions
contribute to the network’s prediction.

Evaluation of Cell-Level Features
The evaluation of cell-level properties is a standard task in

histopathology. For example, cell density and the abundance of
dividing cells in tumor tissue are critical features for tumor
grading. Here, we focus on 2 of the most widely studied cell-level
tasks: segmentation of nuclei and detection of mitoses.

Nuclei Segmentation. Segmentation challenges have been
introduced to benchmark efforts in this field, such as the
Multi-Organ Nucleus Segmentation Challenge,48 which pro-
vided 30 images and approximately 22,000 nuclear boundary

annotations in a public data set. Of the top 6 participants, 3
used U-Netebased semantic segmentation,2 2 used Mask re-
gion (R)-CNNebased instance segmentation,3 and one group
used stacked U-Net and R-CNN models. The 2 dominating al-
gorithms have been further tailored toward nuclear segmen-
tation: Cui et al49 predicted a boundary map additionally to
object segmentations to separate touching nuclei efficiently. Jin
et al50 incorporated a U-Net into a pipeline to detect lymph
node metastasis in patients with breast cancer. Mask R-CNN
has been combined with a deep convolutional Gaussian
mixture color normalization model, which clusters pixels ac-
cording to nucleus morphology.51 Recently, other approaches,
such as GANs, have been proposed, where the network is
trained on unpaired data to map segmentation masks to nuclei
images.52 To ease the annotation process for nuclei segmen-
tation, Qu et al53 provided a DL framework trained on
incomplete annotations, which are much easier to generate.

Mitosis Detection. Identifying cells in the cell cycle’s mitotic pha-
ses is a diagnostically relevant task, for example, for breast cancer
grading and prognosis.54 Several challenges released public data
sets and benchmarked competing approaches for mitosis detec-
tion, for example, ICPR MITOS-2012,55 ICPR MITOS-ATYPIA-
2014,56 or Tumor Proliferation Assessment Challenge (TUPAC)
16.54 Most recently developed mitosis detection methods can be
grouped into classification, segmentation, and detection. Pati
et al57 combined a classification task with metric learning to
reduce the necessary amount of labeled data for more efficient
network training for patch-level classification. Another approach
for mitosis detection is pixel-wise semantic segmentation.
Jim�enez and Racoceanu58 showed that a U-Netebased semantic
segmentation approach led to higher accuracy than that with
previous classification approaches. Lafarge et al59 proposed a
special Euclideanmotion group convolution to achieve translation
and rotation invariance, which was integrated into a U-Net ar-
chitecture and improved the model’s robustness. Many other
recent publications on mitosis detection were based on object
detection,60-63 where only a weak centroid annotation that marks
the center of themitotic figure is required, compared to pixel-wise
annotations for segmentation approaches. An alternative
approach applied a cascade network, combining a first-stage ob-
ject detection to identify mitosis candidates and a second-stage
classification network for refinement.64

Genetic Alteration Prediction
As genetic alterations can carry crucial predictive and prog-

nostic information for cancer diagnosis, they have become
increasingly relevant to the diagnostic workup and the selection
of therapeutic pathways.65 Therefore, patients are profiled for
genetic alterations or other biomarkers that characterize their
disease, for example, colorectal cancer,66 to obtain better-
targeted therapies. However, using molecular assays to deter-
mine the mutational spectrum of malignant cells is expensive
and time-consuming. Furthermore, DNA or RNA extracted from
small samples may not suffice quantitatively for a comprehen-
sive analysis. RNA in older samples may already be degraded and,
hence, not qualified for analysis. Techniques such as whole-
genome sequencing require fresh tissue and are thus not appli-
cable to formalin-fixed paraffin-embedded tissue usually used
for histologic sample preparation. Therefore, algorithm-based
prognostic stratification and mutation prediction from H&E-
stained WSIs offer an attractive, cost- and time-effective, as well
as tissue-sparing addition to existing molecular characterization
methods.
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Image-Based Mutation Prediction. Although some genetic alter-
ations, such as mutations, copy number variations, and trans-
locations, can be relevant for disease characterization, most work
has so far focused on mutation prediction from imaging data.
Coudray et al5 found that 6 commonly mutated genes in lung
adenocarcinoma (STK11, EGFR, FAT1, SETBP1, KRAS, and TP53) can be
predicted from WSI images. Since then, image-based mutation
prediction has been applied to various types of cancers, such as
melanoma,67,68 breast cancer,69-71 lung cancer,72,73 colorectal can-
cer,74-76 bladder cancer,77 and thyroid carcinoma.78 Several recent
studies attempt a pan-cancer approach that predicts genetic alter-
ation across multiple tissue types from WSIs directly.79,80

Modeling Strategies for Mutation Prediction. Most approaches rely
on standardized processing pipelines from preprocessing (Stain
Normalization) and region of interest extraction (Tissue Type
Segmentation) to model training and evaluation. Common CNN
or transformer-based models are used as network architectures for
per-tile prediction, where all tiles from a patient’s WSI inherit the
same label. This label can be both continuous (eg, tumormutational
burden) or categorical (eg, the mutation status of a selected gene or
the microsatellite status).5,79 The final prediction at WSI level is an
aggregation of tile labels using, in the simplest case, majority voting
(for categorical targets) or averaging (for continuous targets).
Alternatively, Cao et al76 employed multiple instance learning to
weight the tile-level prediction by importance, which achieved
better accuracy than standard supervised learning methods. Fu
et al81 classified each tile into different malignant and nonmalig-
nant tissue types in a pan-cancer fashion and, subsequently, pre-
dicted driver gene mutations. Almost all studies mentioned above,
except for Bychkov et al,71 trained their networks on publicly
available data from The Cancer Genome Atlas (TCGA).82

Grading, Staging, and Prognostic Information Extraction
A typical goal of histopathology is to recognize and evaluate

primary lesions, determine their histopathologic subtype and
grade (as defined by respective World Health Organization clas-
sifications for different tumor entities), and derive therapeutically
relevant information from these features. In the context of
computational pathology, this set of tasks can be addressed by
determining features known to possess prognostic or predictive
value. Alternatively, extracting prognostic or predictive informa-
tion directly from imaging data, molecular properties, or clinical
data can be attempted. Both methodologies have recently been
applied across a variety of entities.

Inference of Known Factors and Biomarkers. Computational pa-
thology approaches to extract known markers and scores include
determination of the Gleason score in prostate cancer,83-85

grading of gliomas,86,87 and automated evaluation of mito-
ses88,89 or tumor-infiltrating lymphocytes in breast90 and head
and neck cancer.91 Machine learning methods have also been
applied in disease staging, for example, to assess the degree of
spread to the lymph nodes, either by highlighting areas suspicious
for lymphovascular invasion, as in the case of testicular cancer,92

or by predicting the risk of lymph node metastasis from the pri-
mary lesion, as in the case of bladder cancer.93 Several studies
inferred molecular properties with a prognostic value from H&E,
such as microsatellite instability in gastrointestinal cancer94 or the
molecular subtype of invasive bladder cancer.77

Image-Based Biomarkers. Finally, prognostic factors can be derived
directly from histopathology images38 or in combination with
other clinical or molecular data, for example, from the genome or

transcriptome.38,95,96 This route can be followed without referring
to previously known prognostic factors. Hence, although these
approaches may first rely on computational predictions alone,
they may also lead to identifying novel prognostic or predictive
factors that lend themselves to direct human evaluation, which
can be identified through explainability methods.97 Examples of
this approach include automated quantification of intratumoral
stroma in rectal cancer,98 evaluation of nuclear morphology for
survival prediction in lung cancer,99 DL-based prognosis in naso-
pharyngeal cancer,98,100 and survival prediction in colorectal
cancer.101,102

Materials and Methods

To assess reproducibility and reusability in computational pa-
thology, we scanned whether and how code was publicly avail-
able, evaluated criteria for data access, and checked if the
statistical variance of the reported findings was provided. In
Supplementary Table S2, we list all 41 publications (out of 160)
together with the following evaluation criteria that we used for
code, data, and statistical variance. (1) Inspired by the FAIR prin-
ciples demanding that data should be Findable, Accessible, Inter-
operable, and Reusable,103 we surveyed whether the code was
made publicly available. Additionally, we noted the platform used
for sharing and the programming language and machine learning
frameworks employed. Furthermore, we checked for instructions
for running the code, whether the code was minimally docu-
mented, and if a pretrained model was available for direct appli-
cation. (2) We evaluated data access for the 41 publications with
available code and checked whether the data set and required
annotations were publicly available. Additionally, we recorded
what kind of data had been used (eg, tiled WSIs vs entire WSIs).
We also reported whether the appropriate preprocessing steps
were provided and the training-validation-test split used for
model development and evaluation. In terms of replicability, we
specified what kind of test set had been used, whether it was
similar to the training set or covered an independent cohort. (3)
Finally, we checked if any measure of statistical variance of the
reported findings was provided. This is one way to tackle the
difficulties concerned with reproducing the results, which can be
introduced on multiple levels: computer-level inaccuracies, such
as floating-point numbers that can be rounded differently on
different machines, architectures, or execution environments,104

or algorithm-level stochasticity due to the stochastic behavior of
optimization techniques. One way of dealing with this is to sta-
tistically analyze the experimental results (eg, by determining the
SD of the results) and perform a sufficient exploration of hyper-
parameters.9 A straightforward evaluation approach is to repeat
an experiment multiple times or over several folds of cross-
validation and report mean and SD across experiments.

Results

Code Availability

In our study, 41 of the 160 publications (26%) made their code
publicly available (Fig. 4A). Interestingly, the ratio of publications
with code differs across the 5 use cases (Fig. 4B). For stain
normalization, we retrieved 29 research articles, where only 7
(24%) of them provided code with their method. In the field of
tissue type segmentation and localization, only 12 of the total 51
investigated articles (24%) had their code publicly available, and
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only 3 publications provided the pretrained model weights.
Among the 28 research articles that we screened for the evalua-
tion of cell-level features, 10 articles (39%) provided code with the
publications. The code of 5 of these 10 could be run in Google
Colab and thus was directly applicable. For genetic alteration
prediction, 8 of the 13 articles (61%) have provided their code
along with their method. In survival analysis, only 4 of the 38
studies (11%) published their code. Interestingly, genetic alteration
prediction has the highest ratio of published code. One reason
could be that a key publication included a well-documented
codebase5; most subsequent publications were aware of this
work and, therefore, matched this standard by publishing their
code, including documentations. Hence, the level of reusability in
one field may depend on the preceding publications. This also
strengthens the role of the publisher in the context of reproduc-
ibility and reusability in computational pathology. For the 41 ar-
ticles that published their code, we checked the evaluation criteria
for code, data, and statistical variance detailed in Materials and
Methods and detailed them in Supplementary Table S2.

Machine Learning Frameworks, Model Weights, and License

Almost 75% of the methods were implemented in Python using
the open and publicly available machine learning frameworks
TensorFlow (https://www.tensorflow.org/) (38%) and PyTorch
(https://pytorch.org/) (36%; Fig. 4C). Pretrained model weights
were only available for half of the publications that also provided

code (Fig. 4D); this makes reproducing experimental results
difficult, particularly because the preprocessing steps are rarely
available. Also, without model weights, a direct application
without retraining the model is not possible, hampering its use by
pathologists not specialized in DL. Less than half of the re-
positories were published under a license (46%), which is the legal
requirement for reusing code since code without any license falls
under the default copyright laws. This shows that the importance
of licensing is not yet widely recognized in the research field
representing a hurdle toward clinical implementation.

Documentation

Detailed documentation is an essential prerequisite for any
step toward reproducing or reusing a published codebase. In the
repositories analyzed in our study, 27 repositories (66%) contained
instructions on how to run the code or train the DL model.
However, only 21 repositories (51%) defined the computational
requirements or provided a computational environment for
running the code (Fig. 4G). Examining the main code files, 29
codebases (71%) provided at least a minimal level of documenta-
tion in the form of inline comments (Fig. 4H).

Data Sets

More than half of all methods (57%) were evaluated on publicly
available data sets (Fig. 4I). Most studies (eg, all 13 studies

Figure 4.
Analysis of our systematic literature search of computational pathology articles. (A) A quarter of the methods are published with code (26%). (B) The ratio differs across the use
cases. (C) Most works (74%) used PyTorch or TensorFlow as machine learning (ML) frameworks. (D) Half of the publications with code release their final model weights. (E) Half of
the code is published under a license. (F) More than half of the code includes instructions on how to run the code. (G) The computational requirements are mentioned in half of
the repositories. (H) Almost three-quarters documented their code inline. (I) Large public data sets are mainly used and sometimes complemented by private cohorts. (J) Almost
half of the publications used an independent cohort for evaluation. (K) The majority analyzes their results statistically.
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reviewed for genetic alteration prediction) developed their
methods based on TCGA82; it contains data from multiple in-
stitutions; thus, it can be split into training and test sets by cohort
level. Complementing TCGA with external, mostly private, data as
an independent evaluation cohort was also a common practice
(Fig. 4J). Nevertheless, TCGA, with a few hundred slides for each
cancer type, is insufficient to represent all cancer heterogeneities.
The reliance of computational pathology on relatively few publicly
available data sets renders their selection strategy and processing
critical. Batch effects can be detected by DL models and lead to
overestimation of the model’s performance.105 Therefore, we
strongly encourage the development of more publicly available
multi-institutional data sets.

Statistical Variance

We believe that a thorough evaluation of sources and magni-
tude of variability, both on an algorithmic and a data level, is
essential to making modern computational pathology algorithms
more reusable and generalizable. Almost three-quarters (73%) of
the methods analyzed their results statistically, in which we
considered all kinds of statistical notions to be statistical analysis
(Fig. 4K). Many different sources of variability can be relevant to
the performance of computational pathology algorithms. It is,
therefore, difficult to devise a single strategy for quantifying all
sources.

Discussion

It has been increasingly recognized that computational
reproducibility and reusability are an essential part of good sci-
entific practice for DL applications.106-109 Especially for the inter-
disciplinary field of computational pathology, both are critical
requirements for enabling wider use of algorithms and the
translation to clinical application.

In our survey of recently published computational pathology
DL approaches, however, we found that there is still a long way to
go. For stain color normalization, for example, techniques to
reduce the color and intensity variations in histologic images from
different laboratories can render a downstream task algorithm
more generalizable. Although neural networkebased stain
normalization techniques have evolved considerably in recent
years (Stain Normalization), their use in downstream applications
is still limited, probably because pretrained stain normalization
models are rarely available and, in most cases, code is not shared.
Instead, we observe that easy-to-use algorithms not based on DL
are typically applied. The lack of reusability hinders the practical
application of innovative network-based methods.

Even if the code is shared, supporting documentation is
necessary to reuse the code but is often missing. Especially for
researchers without a computational background, even a well-
documented codebase might not lower the hurdle sufficiently to
adopt existing DL algorithms. Build-in plugins or models inte-
grated into commonly used data handling tools are desirable from
a clinical perspective.

Furthermore, convincing experiments on external cohorts are
often missing, lowering the chances of successful reuse and
translation. Most state-of-the-art methods in computational pa-
thology are based on DL algorithms and typically require large
amounts of labeled training data. Making these data available is as
crucial as providing a well-documented code. We acknowledge
that data and appropriate annotations cannot be publicly shared

in some cases, for example, due to legal or ethical constraints.
Here, reasonable compromises, such as partial data sharing or
evaluation using public data sets,108 should be considered.

Finally, reusable code is likely to have an impact on the
adoption of computational methods not only in a research
context but also in the diagnostic routine. Although the full
translation of research algorithms to a diagnostic setting is a
complex process beyond the scope of the present discussion,
shared and well-documented code can be of key importance for
generating initial results on routine data. These could serve as an
initial test for users from the diagnostic routine to evaluate
whether a given algorithm might be usable and helpful in their
specific setting, hence providing motivation for users to initiate
the path toward integration of algorithms into their diagnostic
routine. An increase of reusable and reproducible algorithms in a
research context is likely to foster the adoption of DL algorithms
in a routine setting.

Despite the lack of reproducibility and reusability in many
computational pathology approaches, we hope the field will profit
from the surging discussions, for example, in computer vision.9 As
a step in this direction, large conferences, such as Medical Image
Computing and Computer-Assisted Intervention since 2021, star-
ted to employ reproducibility checklists for authors in their sub-
mission form that will be publicly available upon acceptance of
the article. We encourage the scientific community to recognize
the long-termvalue of reproducibility and reusability and to foster
their realization in computational pathology.
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Make deep learning algorithms in computational 
pathology more reproducible and reusable
Greater emphasis on reproducibility and reusability will advance computational pathology quickly and sustainably, 
ultimately optimizing clinical workflows and benefiting patient health.

Sophia J. Wagner, Christian Matek, Sayedali Shetab Boushehri, Melanie Boxberg, Lorenz Lamm, 
Ario Sadafi, Dominik J. E. Waibel, Carsten Marr and Tingying Peng

For over a century, trained pathologists 
have visually assessed stained 
tissue sections for diagnosis under 

a microscope to classify diseases and 
derive prognostic information. Recently, 
the digitization of histological slides has 
enabled computational methods from 
artificial intelligence (AI; Table 1), in 
particular deep learning algorithms, to aid 
in the assessment of microscopic image 
data in pathology1,2 (see Fig. 1 for a typical 
workflow). Algorithms in computational 
pathology can achieve the performance 
level of human experts on specific, 
well-defined tasks3–5 or predict information 
that humans would not be able to diagnose 
from microscopic images alone6,7.

However, from the thousands of 
publications in computational pathology 
in the past decade, only a small percentage 
of algorithms have been reused by other 
researchers, and even fewer have entered 
the routine clinical workflow8,9. There are 
several reasons that prevent algorithms 
from being used in a routine clinical 
setting, the most important of which is the 
lack of reproducibility and reusability10–12. 
Limited code accessibility and 
documentation make it difficult even for 
machine learning specialists to reproduce 
results; this is particularly relevant for the 
interdisciplinary field of computational 
pathology, in which potential users from 
medicine may not have access to sufficient 
resources for the re-implementation  
of algorithms.

Another reason for the limited 
use of deep learning algorithms is the 
generalization gap; it is common for  
the performance of an algorithm to be 
higher on the training data but lower on 
external test data from other sources.  
In part, the generalization gap arises 
from the intrinsic heterogeneity of 
histopathology data, including variabilities 
in staining protocols and different  
scanners being used in different  
pathology labs13.

Lack of reproducibility and reusability
To assess the reproducibility, replicability 
and reusability of computational pathology 
algorithms, we recently evaluated 161 
peer-reviewed articles published between 
January 2019 and March 202114. In line 
with findings from other machine learning 
application domains15, in particular 
in health16, only one-quarter (26%) of 
all reviewed publications made their 
code publicly available and fulfilled our 
minimum requirement for reproducibility 
and reusability. Among these 42 papers, 
three-quarters (30 out of 42) analyzed their 
results statistically, less than half (20 out of 
42) released their trained model weights, 
and only about one-third (16 out of 42) used 
an independent cohort for evaluation.

The proportion of publications 
providing code varied drastically between 
the use cases mentioned in Table 1, with 
only 11% of code shared for publications 
involving grading, staging and prognostic 
information extraction, compared with 
more than half of publications (61%) in 
genetic alteration prediction providing 
code14. On the basis of these findings, 

recommendations are proposed to address 
the lack of reproducibility and reusability in 
computational pathology (Table 2).

Involve clinicians
Domain experts, such as clinicians or 
pathologists, should be included early in 
the model development process to define 
clinically relevant tasks and identify 
modifications that are required by the 
use cases. A key parameter that should be 
determined at the outset is the data basis 
required for a particular task, such as 
relevant sub-cohorts that should be defined 
and represented in the training data. Only 
through collaboration with domain experts 
can biases in model training be avoided.

Data publishing and splitting
Deep learning algorithms typically require 
large amounts of labeled training data. 
Multi-institutional datasets should ideally be 
publicly shared to facilitate future research. 
However, in many use cases, data and 
appropriate annotations cannot be publicly 
shared, in part because of legal or ethical 
constraints. Partial data sharing, evaluation 

Table 1 | Common use cases of AI in computational pathology

Use of AI Aim

Stain normalization Reduce the variability in the visual appearance of whole-slide images 
that results from differences in the slide preparation and the digitization 
process, such as staining protocols, scanner settings, or post-processing.

Tissue type segmentation Segment whole-slide images into the tissue types present for further 
quantitative analysis.

Evaluation of cell-level 
features

Quantitatively analyze cell-level features, such as cell density and the 
abundance of dividing cells in tumor tissue (mitosis detection).

Genetic alteration 
prediction

Predict genetic alterations from whole-slide images as an effective and 
tissue-sparing alternative to the evaluation of molecular assays, which 
has become increasingly relevant to the diagnostic workup and selection 
of therapeutic pathways.

Tumor grading, staging 
and prognostic information 
extraction

Establish a medical diagnosis to derive therapeutically relevant 
information based on imaging, molecular, or clinical data.

Nature Medicine | VOL 28 | September 2022 | 1744–1746 | www.nature.com/naturemedicine



1745

comment

of the algorithm using public datasets, or 
publishing the model predictions without 
the test data to enable the statistical analysis 
of the results may allow the algorithm to be 
tested and verified, while maintaining data 
publishing restrictions12.

Good scientific practice in machine 
learning requires the available data to be 
split into training and test sets, in order to 
ensure that the test data are kept separate 
and only used for the evaluation of the 
final algorithm. Both the training and 
test sets should be composed of a similar 
distribution of the target diagnoses or 
mutations. Although this is used in most 
cases, researchers still need to be careful in 
data preparation and splitting to avoid data 

leakage and overestimation of the model 
performance.

Data should usually be split at a patient 
level, such that all data from one patient are 
in the same set, to prevent the algorithm 
from learning patient-specific features that 
are then recognized in the test set. We also 
strongly encourage splitting the data at the 
cohort level (that is, not using all available 
data sources for training), whenever data 
from several institutions are available because 
this further enables the measurement of the 
algorithm’s generalizability13.

Data preprocessing and model training
Whole-slide images are often preprocessed 
into small patches to ensure efficient 

handling for neural network training. In 
a data-constrained setting, characteristic 
of many digital pathology applications, 
the use of appropriate normalization and 
augmentation methods is a key step to 
obtaining generalizable and robust results. 
To ensure the reusability of models, the data 
handling tools or pipelines that were used 
for preprocessing, and their parameters, 
should be published.

The code should be well documented 
and shared together with the final obtained 
model weights, to allow for independent 
external validation of the results. For 
simplified usage, ready-to-use scripts should 
be created. Information on the algorithm 
hyperparameters (including their selection) 
along with the hardware specifications and 
timings are crucial and must be included.

Evaluation and publication
The final evaluation of the algorithm on an 
external test set should provide appropriate 
measures of the variation of performance 
on different data, together with the test 
metric. The focus of model evaluation has 
increasingly shifted away from the isolated 
consideration of predictive accuracy toward 
the evaluation of multiple aspects, including 
model calibration, robustness, simplicity, 
and interpretability17. Publishing a thorough 
evaluation of the sources and magnitude 
of variability, both at the algorithmic and 
data level, is an important step towards 
making modern computational pathology 
algorithms more reusable and generalizable.

Once the model has passed the 
evaluation stage, it should be made 
publicly available through code archives, 
such as GitHub or Zenodo, or dedicated 
repositories for deep learning models, 
such as ModelZoo. Deep learning models 
often rely on complex dependencies, and 
so container systems such as Docker or 
CodeOcean can facilitate the reuse of 
published algorithms and considerably 
speed up model evaluation among users 
and developers from different institutions. 
Publishers should require authors to 
provide a well-documented codebase, which 
can increase reusability in the field, as with 
genetic alteration prediction. Checklists can 
be used to evaluate the reproducibility of  
a publication.

The use of machine learning in digital 
pathology is likely to increase greatly in the 
near future. Algorithms should therefore be 
built to last, satisfying the clinicians’ needs 
for interpretability, usability, and robustness. 
Computational pathology can benefit from 
the discussions on reproducibility that 
are happening in the machine learning 
community, allowing the field to fulfill its 
full potential for diagnostic medicine.� ❐

Tissue section on
microscopic slide

Digitize slides Whole-slide images

Deep learning
algorithms

• Reproducible   
• Robust
• Replicable
• Reusable

Automatic diagnostic
predictions

• Single-cell features
• Tumor segmentation
• Genetic alterations
• Patient survival  

Tiles/patches
with different
magnification

Fig. 1 | Workflow in computational pathology. Deep learning algorithms can aid pathologists in the 
assessment of whole-slide images, by segmenting data into tissue types or by predicting genetic 
alterations such as mutations, or patient survival. To be used in a routine pathological workflow, a deep 
learning algorithm needs to be reproducible (same results can be obtained with given code and data), 
robust (similar results despite small perturbations in data), replicable (similar performance on external 
data from an independent cohort) and reusable (well-documented and integrable in existing pathology 
workflows).

Table 2 | Recommendations to achieve better reproducibility and reusability in 
computational pathology

Stage Recommendation

Data Share the data publicly

Split the dataset according to patients, and, if possible, also according to 
cohort

Publish the data split

Pre-processing Publish the data handling tools or pipelines that were used for: segmenting 
the tissue area; tiling the whole-slide images; stain normalization; and data 
augmentation

Model development Publish algorithm code together with required specifications to reproduce 
the results

Document the code and provide instructions for running it

Create ready-to-use scripts for direct application and publish the model 
weights

Final evaluation Repeat the experiments several times

Publish the statistical analysis of the variance

Publication Journals and conferences should use reproducibility checklists to evaluate 
publications and check that the codebase is well-documented

Authors should be required to publish their code

Nature Medicine | VOL 28 | September 2022 | 1744–1746 | www.nature.com/naturemedicine
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