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Abstract

Abstract

Deep learning became an increasing popular field of research in the last 25 years. It is
only in 2012 with DeepBind predicting binding preferences of DNA and RNA binding
proteins and in 2015 with U-net architecture segmenting neural structures from electron
microscopy that we saw major applications of this emergent field to biology. Since then,
academia faced an exponential increase in the application of deep learning methods to
biology and medicine. MICCAI conference, The Medical Image Computing and Computer
Assisted Intervention Society, one of the largest conference for machine learning applied to
medicine, received 756 submitted papers in 2016 and 3,667 in 2025.

Our research is situated within this broad historical movement. This work focus on
computer vision model for the analysis of medical images. More specifically on the analysis
of Whole Slide Images (WSIs) of cutaneous Squamous Cell Carcinoma (cSCC). Whole
Slide Images are high dimension megapixel images of tissue for which nucleus of cells are
visible. They are commonly acquire in hospital’s pathology departments for diagnostic or
to follow treatment progress. Cutaneous Squamous Cell Carcinoma is a common type of
skin cancer, highly prevalent worldwide. Our work methodology and software’s are applied
to this cancer as an example use-case but are design for further use on other cancer types.

We first developed Histo-Miner pipeline to segment and classify all cell nuclei from
cSCC WSIs. Following this step, the pipeline is used to calculate relevant tissue features
and then summarize the WSI as few key numbers for downstream analysis. We first
applied our Histo-Miner software to predict therapy response of patients undergoing anti-
PD1 immunotherapy through analyses of their WSI recordings. In addition to provide
solid classification performance, Histo-Miner provided a list of key features responsible for
therapy response and insights into the underlying biology.

We then applied Histo-Miner on WSIs cSCC from 3 clinical centers to analyze the most
predictive tiles in classification of progression status (disease progression or no progression).
A transformer-based multiple instance learning model was first used to classify the WSIs.
Then Integrated Gradient Method was used to identify the most relevant patches and Histo-
Miner was applied on these for segmentation and classification of the cell nuclei. After
classification, the pipeline was employed to calculate tissue and cell based features. Several
cell based features showed significantly different distribution between the two groups, for
instance non-progressors maintained homogeneous tumor patterns, while progressors were
characterized by a higher degree of integration between tumor cells and neighboring cell
populations. Finally, using classical machine learning model XGBoost on the features
calculated by Histo-Miner on the most representative patches yielded to high classification
accuracy.

Lastly, we used cell graph representations and graph Transformers neural networks to
improve on cell nuclei classification for the case of epithelial cells. We compared image-
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based and graph-based approaches on WSI cell classification, on 2 distinct scenarios. The
first scenario is the classification of all epithelial cells from a singe WSI. The second scenario
is the classification of epithelial cells from WSI patches of different patients. We revealed
that graph Transformers with linear complexity are better performing than state of the art
image-based methods on both cases. Building cell graph representations from WSI and
performing classification from these graphs instead of the original image lead to improved
classification performance and significantly faster training and evaluation.
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Use of generative AI

While specific faculty-level formatting for AI disclosure is still being refined, the author
provides the following statement to ensure full transparency regarding the use of generative
AI.

No generative AI was used to produce scientific methods or scientific results that are
described in this work. No generative AI was used to generate figures of this manuscript
nor in the research papers included within this manuscript. Generative AI was used for:
synonyms finding, debug and structure LaTeX code, rephrasing, correct grammar mistakes,
debug Python code, understand external Python packages, help writing Python function
(sanity checked), browsing. All work that was rephrased, using generative AI or not, has
been cited and is available in the Bibliography.

This work is about applied AI research (applied computer vision deep learning to medicine
and biology), so non-generative AI was extensively used and created as part of the research
work.
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[3] Lucas Sancéré, Noémie Moreau, Katarzyna Bozek. Context-aware Skin Cancer
Epithelial Cell Classification with Scalable Graph Transformers. arXiv preprint
(2026) https://doi.org/10.48550/arXiv.2602.15783.

vii



Publication Preface

viii



Contribution Statement

Contribution Statement
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Katarzyna Bozek.
Writing – Review & Editing: Lucas Sancéré, Carina Lorenz,
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Supervision: Katarzyna Bozek, Johannes Brägelmann.
Validation: Juan I. Pisula.
Visualization: Juan I. Pisula, Lucas Sancéré.
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Katarzyna Bozek.
Writing – Review & Editing: Lucas Sancéré, Noémie Moreau, Katarzyna Bozek.
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Chapter 1

Chapter 1

Introduction

1.1 Cutaneous squamous cell carcinoma skin cancer

Cancer occur by a series of successive mutations in genes that regulated cellular homeosta-
sis. Generally, dis-regulation of those genes result in alteration of cell behavior that are
frequently related to uncontrollable proliferation, apoptosis, unlimited replicative potential
and invasion [4]. In this work, we applied deep learning models to cutaneous Squamous
Cell Carcinoma (cSCC) images. cSCC is the second most common non-melanoma skin
cancer. In 2019 it accounted for around 2,4 million incidence cases and 56,000 death cases
worldwide [5].

There are 3 main types of skin cancer, cutaneous Basal Cell Carcinoma, Melanoma
and cSCC. cSCC is the second most aggressive (after Melanoma) [6]. The cSCC tumors,
aggregate of tumor cells, develop within squamous cells located on the epidermis, the upper
layer of the skin. These tumors can also invade the dermis, the inner layer of the skin and
even blood vessels (Fig.1). Squamous cells are a subtype of epithelial cells, organized in
thick layers. The mature squamous cells toward the surface are large and flattened. Their
function is to protect the skin from outside environment and against interactions that could
puncture the skin [7].

The main reason behind the occurrence of cSCC is immoderate exposure to ultravio-
let radiation. Exposure of the skin to UV radiation causes suppression of cell-mediated
immune responses, induces DNA damage, and generates reactive oxygen species, which in
turn can trigger oxidative stress and cellular damage. Following high doses of UV radiation,
the earliest event is the initiation of keratinocyte apoptosis, meaning the death of cells pro-
ducing keratin, and a reduction in protein synthesis. Then, cell proliferation increases, that
may result in epidermal hyperplasia and expansion of cells carrying UV-induced mutations.
Other factors such as human papilloma-virus, chemical carcinogens, genodermatoses, in-
flammatory conditions, and medicament (tumor necrosis factor—α inhibitors) also hold
responsible for SCC [6, 8, 9, 10, 11, 12].

While surgical excision remains the primary treatment for low-risk cSCC, the manage-
ment of high-risk cSCC is still challenging and lacks standardization. With growing molec-
ular and genetic insights, the past decade has brought several advances in the therapeutic
landscape of cSCC. Among these, epidermal growth factor receptor (EGFR) inhibitors
and anti–PD-1 agents (PD-1 protein on T-cells helps the immune system recognize and
attack cancer cells) have emerged as treatment options for cSCC that cannot be surgically
removed. PD-1 inhibitors are demonstrating significantly greater effectiveness [13].
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Figure 1: Diagrammatic representation of basal cell carcinoma, squamous cell
carcinoma, and melanoma @ Figure from [6], Zeng, L. et al. 2023

An emerging line of treatment for cSCC is immunotherapy with anti-PD1 antibodies.
Despite increasing literature, some aspects of this treatment remains elusive. For instance,
currently there are no validated predictive biomarkers capable of identifying patients at
high risk of immunotherapy failure. In our work, we build a deep-learning based pipeline
that use case is to identify these patients and provide a biological explanation for these
failures (see Chapter 2).

1.2 Histology and H&E staining

Advances in imaging techniques have democratized the use of microscopy for disease diag-
nosis in both medical research and clinical practice. Microscopy techniques cover all ranges
of prices and complexity. Nevertheless, time-consuming analyses on expansive material are
mostly developed for academic research but are impractical for hospital practices.

In contrast, Hematoxylin and Eosin (H&E) stained slides are routinely used for di-
agnostics in hospitals. The H&E staining allows to distinguish between cytoplasm and
extracellular matrix, stained by the eosin in pink, and the cell nucleus stained in purple
by the hematoxylin [14]. The scanning of the slide is performed by an image scanner in-
cluding a simple light microscope. In the next paragraphs, we will describe the histological
process to record such tissue images in the context of skin cancer. This process include sev-
eral steps that will be detailed: sample collection, fixation, dehydration, clearing,
embedding, sectioning, staining and scanning [15].

To collect the skin sample, a skin biopsy is performed on the patient. The doctor
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remove a small part of the skin, either by cutting, shaving or punching the sample with
a circular tool. Then fixation is applied to the tissue collected. This process preserves
biological tissues by preventing putrefaction and the destruction of cells and tissues by
their own enzymes. It halts ongoing biochemical reactions and can increase the mechanical
strength and structural stability of the tissue. Crosslinking fixatives, such as the ones used
in for cSCC samples, preserve tissue by forming covalent bonds between proteins. This
stabilizes soluble proteins by anchoring them to the cyto-skeleton and provides additional
rigidity to the tissue [15, 16].

To later cut sections that will be used for scanning, the fixed tissue needs to be em-
bedded in paraffin wax. To fulfill this objective, we first need to remove all water in the
sample. We start by dehydrating the tissue, meaning slowly replacing the water in the
sample by alcohol. After all the water is replaced by alcohol, the alcohol is replaced by
xylene which is a solvent miscible with alcohol. This step is called clearing. Finally, as
wax is soluble with xylene, we embed the tissue in paraffin wax. This step, embedding,
is used to harden the tissue before sectioning (as fixation alone is not enough).

Sectioning is performed on a cutting device called microtome. This tools allows to
cut thin sections (few nanometers of width at the thinnest) of the embedded tissue. The
tissue obtained is mainly colorless. Staining needs to be performed in order to visualize
cells and tissue parts. As previously mentioned, the H&E staining allows to distinguish
between cytoplasm and extracellular matrix, stained by the eosin in pink, and the cell
nucleus stained in purple by the hematoxylin. The staining solution being aqueous, the
sections are re-hydrated right after sectioning, wax is replaced by water and then the section
is stained. Before being imaged with the microscope, we repeat the process of dehydration
and clearing.

Finally, the sample is mounted on a digital slide scanner. This scanner integrates
camera and a motor to translate the slide while parts of the tissue are scanned and saved.
After scanning, all the tiles of the tissues are stitched together to create a digital Whole
Slide Image (WSI) that can be opened on open-source software. The resulting WSI is a
pyramidal image composed of nested images of different resolutions. Practitioners can then
study the sample at different tissue scales, from single cells to whole tissue (Fig.2).

The skin samples contains lots of different type of cells. Pathologist can recognize
different cell types based on their morphologies and sizes (Fig.3). Nevertheless, WSIs
often contain from 100.000 to 1 million cells. It is then impossible for pathologists to
annotate all cells in an image with objective to have a satisfying overview of the tissue
organization. Deep learning, in the other hand, can be used to segment and classify all
cells and calculate tissue features.
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Figure 2: H&E stained Whole Slide Image visualization Once the Whole Slide
Image of H&E stained tissue section is obtained, the file can be opened using open-source software
such as QuPath [17] (see Fig.4). Then, user can visualize the tissue at different zoom levels. At
highest zoom, rounded purple shapes correspond to cells nucleus. Looking at WSIs, pathologists
can recognize different cell types, such as cancer cells and provide a diagnosis or follow treatment
progress.
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Figure 3: Morphology diversity on WSIs All images originate from the same WSI (Fig.2).
The skin tissue is rich of different cell types that can be recognized by pathologist. a) Sweat glands
cells, b) cancer cells and immune cells, c) immune cells: lymphocytes and granulocytes, d) stromal
cells.

1.3 Deep Learning and histopathology

H&E WSIs are large images (often containing more than 1 billion pixels) rich in encoded
information that are used by deep learning models for training and inference (prediction).
Since the creation of U-Net model in 2015 [18], new deep learning models used to analyze all
type of medical images, including WSIs, emerged and started to be profusely used. This
raise of new deep learning models appeared first in academia and then quickly reached
industry.

Some initiatives are grouping artificial intelligence models used for healthcare in a
unique platform or programming package to ease the models usage. It is the case of
project MONAI, for which more than 25 models for very specific healthcare related tasks
are openly available for training and inference [19]. Among these different models, some
are using whole-slide images data, for instance to detected if a patch contains tumor [19]
or to segment nucleus of cells [20]. Some methods focus on extracting features from the
WSIs to represent it with vectors of few key numbers. Self-supervised methods pre-trained
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on different modalities, including images and texts on an extremely large dataset of more
than 100 000 H&E WSIs images [21], WSI-pathology reports pairs [22] or histopathology
images with matched genetic profiling [23] have shown great generalization capabilities.
Using the representations given by these models for downstream tasks such as classification,
segmentation or captioning lead to state of the art performances.

Models like Hovernet [24] and CellViT [25] were developed to detect, segment and
classify cell nucleus on WSI from different cancer types. Their architecture differ but
they have similar performances depending on the training data. One can use open-source
software such as QuPath [17] to visualize their inference on WSI from patients of our
Cologne cohort (see Fig.4). These models are directly tailored to train and infer from
WSI medical images. In contrast, some other models are primary designed to work with
so called natural images, meaning photograph of everyday life (cars in a street, cat in a
house, children playing in a garden).

Models trained and tested on natural images are sometimes used on WSIs for different
tasks. Most of the models originally created to perform image classification on ImageNet
[26], one of the largest natural images dataset, have been later used for WSI classifica-
tion and segmentation. This is the case for Inception-v3 [27], EfficientNet [28] and Vision
Transformer [29] models. Inception-v3 was used for lung cancer WSI classification [30], a
light-weighted version of EfficientNet-b0 was used to classify patches within a WSI work-
flow [31] and hierarchical Vision Transformer architectures were built for cancer subtyping
(image classification) and survival prediction [32]. In this work we used Segmenter model
to segment tumor regions (see Chapter 2), originally trained and tested on ADE20K [33]
and Pascal Context [34] dataset consisting of natural images of all types (from dog contests
to bar cocktails close-up).

In our work we used, retrained, and tweaked already existing deep learning models. We
will next present the inspirations behind the creation of these models and the improvement
to previous work they bring.
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Figure 4: Hovernet and CellVIT 256 inference visualization on QuPath Open
source software (such as QuPath) are able to load WSIs and can display inference from deep learning
models. a) cSCC WSI from an anonymized patient of Cologne cohort. b & c) Inference on cSCC
WSI from pre-trained CellVIT 256 (left) and from pre-trained Hovernet (right). Cell nucleus are
segmented and classified following Dead, Inflammatory, Connective, tumor cells and Non-neoplastic
epithelial cells classes. At this scale, segmented nucleus appeared as small dots. As we will see in
Chapter 2, the inference from these state of the art model on cSCCWSI is not accurate, specifically
for Non-neoplastic epithelial and inflammatory cells. One of the goal of the presented work is to
improve on these prediction.
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1.4 Presentation of main deep learning models used in this
work

1.4.1 Hovernet architecture and inspirations

Hovernet is a deep learning model used to perform segmentation and classification of seg-
mented cell nuclei on WSI patches (example of patches on Fig.3) The model is a convolu-
tional neural network containing encoder and decoder parts [24].

The main inspirations for Hovernet architecture were, for the encoder part, the pre-
activated residual networks, such as Preact-ResNet50 [35] and for the decoder parts densely
connected convolutional networks, such as DenseNet [36]. The idea behind the pre-
activated residual networks is to use identity skip connections (residual connections) to
improve information propagation and avoid gradient vanishing, and to change location of
activation function in the residual networks. Indeed, in residual networks, the activations
used to affects both the identity mapping and the residual function output. The output of
the l-th unit of the network is defined following Eq. 1:

xl+1 = f(xl + F(xl,Wl)) (1)

With xl+1 the output of the l-th unit of the network, and xl its input, f the activation
function, F the residual function and Wl the set of weights (and biases) associated
with the l-th residual unit.

If we move the activation function from being directly after the element-wise addition
to be first element of the residual unit it finally leads to Eq. 2:

xl+1 = xl + F(f ′(xl),Wl)) (2)

With xl+1 the output of the l-th unit of the network, and xl its input, f ′ a re-
arrangement of f to be the first element of the Residual Unit. F is the residual
function and Wl the set of weights (and biases) associated with the l-th residual unit.

This slight change in architecture yields to an improved regularization and an eased
optimization during training. DenseNet architecture, the inspiration of the decoder of
Hovernet, has an increased number of connections between layers compared to traditional
convolutional networks. Traditional convolutional networks possess one connection be-
tween each layers and their subsequent layers, in the case of DenseNet each layer takes all
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preceding feature-maps as input. This lead to a lower number of parameters to achieve the
same performance as using a single convolution with larger kernel size.

In the case of WSI as input of Hovernet, an important pre-processing step performed
is to generate overlapping tiles. These tiles are encoded through the encoder, similar
to the Preact-Res-Net50 implementation architecture except that the total downsampling
factor applied is to 8 instead of 32, to reduce loss of information useful for segmentation.
The decoding part is divided into 3 different branches. The nuclear pixel (NP) branch is
performing binary segmentation of the nucleus. The HoVer branch predicts the horizontal
and vertical distances of nuclear pixels to their center of mass. The nuclear classification
(NC) branch predicts the type of nucleus for each pixels. These branch are all mimicking
DensNet architecture. Each of these branches optimized their respective set of weights
using 2 different loss functions (then a total of 6 loss functions are used, (see Chapter
2)). Having 1 encoder and 3 decoder branches instead of 3 different networks allows to
reduce training time as only one end-to-end training is needed instead of 3. Also one shared
encoder improve generalization of encoding on all tasks.

Finally one last post-processing step is performed to generate an instance segmentation
and classification map, where each nucleus is segmented as a specific instance with an
associated ID and a specific class. Using both the binary segmentation of nucleus and the
gradient of horizontal and vertical distances map, the network is generating an instance
segmentation even if the nucleus are adjacent to each other. Using nuclear type predictions,
the algorithm assigns each nucleus instance a class corresponding to the most prevalent
predicted class within the nuclear type map at the nucleus location.

1.4.2 Segmenter architecture and inspirations

Segmenter model [37] is a state of the art model for semantic segmentation task on datasets
such as ADE20K [33] and Pascal Context [34, 38]. Semantic segmentation is the task of
classifying all pixels in an image based on the type of object it belongs to. Pixels belonging
to different instances of the same type of object will be classified the same, contrary to
instance segmentation. Segmentations that mix both instance and semantic segmentations
are called panoptic segmentations. The architecture of the Segmenter network is based on
Vision Transformers.

Vision Transformers are a class of Deep Learning Transformers architectures applied
to images and videos datasets and related tasks such as segmentation, classification and
detection [38]. Transformer model [39] was first used in Natural Language Processing
tasks such as translation of a text. A transformer block consists of a multilayer perceptron
of 2 layers block normalized with LayerNorm, receiving as input vector the output of a
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multi-headed self-attention block also normalized with LayerNorm. The multi-headed self-
attention block, denoted MSA, and the multilayer perceptron block, denoted MLP, taken
separately are computed following Eq. 4 and Eq. 5:

Attention(Q,K, V ) = softmax

(
QKT

√
k

)
V (3)

MSA(Q,K, V ) = Concat(head1, ...,headh)W
0 (4)

where headi = Attention(QWQ
i ,KWK

i , V W V
i )

With Q ∈ Rd×k, K ∈ Rd×k , Q ∈ Rd×k matrices of queries, keys and values, d = 512
chosen dimension of the output and k = 64. The Attention function maps a set
queries and a set of key-value pairs to an output. WQ

i , W
K
i , WV

i , are the matrices of
learnable linear projections.

MLP(x) = W T
2 ReLU

(
W T

1 x
)

(5)

With W 1 ∈ Rd×m the matrix of learnable weights of first layer, W 2 ∈ Rm×d matrix
of learnable weights of the second layer and ReLU the Rectified Linear Unit activation
function. d = 512 is the chosen dimension of the output and m = 2048.

After the normalization of the Multi-Head Self Attention block the intermediary output
obtained is called SubLayer. Then considering T the transformer block parameterized func-
tion and x the input token vector to the transformer block, the output of the transformer
block follows Eq. 6 [37, 39, 40]:

SubLayer(x) = LayerNorm(MSA(x) + x, γ1, β1) = γ1
MSA(x) + x− µMSA(x)+x

σMSA(x)+x
+ β1

With µMSA(x) and σMSA(x), respectively the mean and standard deviation of the

elements of MSA(x) and γ1 ∈ Rd, β1 ∈ Rd learnable affine transform parameters of
the normalization.
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T (x) = LayerNorm(MLP(SubLayer(x)) + SubLayer(x), γ2, β2) (6)

With γ2 ∈ Rd and β2 ∈ Rd learnable affine transform parameters of the normalization.

In the case of our work, the input data of Segmenter are WSIs. Pre-processing con-
sists of splitting the image into a sequence of non-overlapping patches of 640x640 pixels,
flattened into a 1D vector. These vectors are transformed into patch embeddings through
a linear projection. Learnable position embeddings are added to each patch embedding to
reflect the spatial organization of the patches in the image (similar to the position embed-
dings for words in the case of Natural Language Processing Transformers). The encoder
part of Segmenter model is the Vision Transformer architecture [29], the decoder includes
additional learnable class embeddings. These class embeddings are initialized randomly and
assigned to a single semantic class. The model predicts one mask per class and determines
the most probable class for each pixel values via softmax and argmax transformations.

1.4.3 Achieving linear complexity in Graph Transformers

Original Graph Transformers [41, 42] are limited to small and medium graphs (hundreds
of nodes) for node and graph classification. Indeed the original attention mechanism re-
quires O(N2) complexity w.r.t to the number of nodes. Training on large graph is then
computationally infeasible. Some initiative modified the attention mechanism in graph
models to finally reach O(N) complexity w.r.t to the number of nodes. Resulting Graph
Transformers with linear complexity can be trained and evaluated on large graphs, such as
ogbn-proteins [43], Amazon-M2 [44] or pokec [45]. Here we succinctly discuss NodeFormer
[46], DIFFormer [47] and SGFormer [48] all Graph Transformers with linear complexity
that are evaluated in our work of Chapter 4.

In NodeFormer, the original softmax attention is approximated using stochastic kernel
approximation [3, 49]. Following [49], we can rewrite Eq. 3 to explicit the softmax function
and refer to the (k + 1)th layer the node embedding are calculated for. It results in:
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q(k)
u = WQz

(k)
u , k(k)

u = WKz(k)u , v(k)
u = WV z

(k)
u

z(k+1)
u =

1√
k

N∑

v=1

exp((q
(k)
u )⊤k

(k)
v )

∑N
w=1 exp((q

(k)
u )⊤k

(k)
w )

v(w)
v (7)

With z
(k)
u node embedding of the kth layer, q,k,v the query, key and value vectors,

WQ,WK ,WV the learnable weights at the kth layer .

NodeFormer uses Random Features Map for Kernel Approximation as created in Ali
Rahimi & Benjamin Recht 2007 [50]. It allows for a linear approximation of the softmax
function. The node embedding of the (k + 1)th layer is now calculated as:

z(k+1)
u =

1√
k

N∑

v=1

ϕ(q
(k)
u )⊤ϕ(k

(k)
v )

∑N
w=1 ϕ(q

(k)
u )⊤ϕ(k

(k)
w )

· v(w)
v (8)

=
1√
k

ϕ(q
(k)
u )⊤

(∑N
v=1 ϕ(k

(k)
v ) · (v(w)

v )⊤
)

ϕ(q
(k)
u )⊤

∑N
w=1 ϕ(k

(k)
w )

With ϕ the non-parametric random feature map from [50].

The two summation terms over N nodes are independent from node u, which means
they can be re-used by all the nodes after once computation, leading to an overall O(N)
complexity.

In DIFFormer, the exponential function in the softmax attention is replaced by its
first-order Taylor expansion. This new attention layer can be efficiently computed using
linear complexity thanks to re-ordering the matrix product [3, 49]. Node embedding of the
(k + 1)th layer is now then calculated as:
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z(k+1)
u =

1√
k

N∑

v=1

1 + (q̃
(k)
u )⊤k̃

(k)
v

∑N
w=1

(
1 + (q̃

(k)
u )⊤k̃

(k)
w

)v(k)
v (9)

=
1√
k

∑N
v=1 v

(k)
v +

(∑N
v=1 k̃

(k)
v · (v(k)

v )⊤
)
· q̃(k)

u

N + (q̃
(k)
u )⊤

∑N
w=1 k̃

(k)
w

where q̄(k)
u =

q
(k)
u

∥q(k)
u ∥2

and k̃(k)
u =

k
(k)
u

∥k(k)
u ∥2

Authors of DIFFormer tested and validated that the first-order Taylor expansion is
a well-posed approximation for the original Softmax attention in the context of Graph
Transformers [49]. Again, as for NodeFormer, the two summation terms over N nodes are
independent from node u, which means they can be re-used by all the nodes after once
computation, yielding to an overall O(N) complexity.

SGFormer is composed of a one-layer global attention and a shallow GNN network.
Contrary to all-pair attention that incurs O(N2) complexity, this simple global attention
allows for O(N) complexity [3].
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1.5 Contribution and motivations

1.5.1 Retrieve information from cSCC WSIs with Histo-Miner pipeline

With the recent improvements of both histopathology and deep learning applied to histopathol-
ogy (as seen in Chapters 1.3 and 1.4) it is now possible to use such deep learning com-
puter vision models to study WSIs of cSCC skin cancer. In our work of Chapter 2, we
used different computer vision models to segment and then classify nucleus of cells from
cSCC WSIs.

First, using Hovernet trained on our dataset NucSeg, we segmented and classified all
nucleus of the images following 5 classes: granulocytes, plasma cells, lymphocytes, stromal
cells and tumor cells. Granulocytes are cells of the innate immune system. The main
function of the innate immune system is to trigger a short-term immune response to a wide
broad of pathogens, such as tumors. In contrast, plasma cells and lymphocytes (here T
cells) are part of the adaptive immune system, which role is to react to specific pathogen
and to build an immune response on the long-term. Stromal cells in the dermis release
growth factors that foster cell division and play indirect role in the inflammation response.
As a result of the segmentation and classification of nucleus, all nucleus of epithelial cells,
that are either healthy or tumor, are all classified as tumor. This is because the morphology
of healthy and tumor epithelial is very close, so we chose to train Hovernet with only one
class for both type of nucleus. Next, we use another model to discriminate between these
2 types.

Segmenter Vision Transformer model was trained on our dataset TumSeg, to segment
tumor region on each image. Then, we refine the classification previously made by Hovernet
to discriminate between healthy and tumor epithelial: all nucleus within tumor regions
segmented by Segmenter stay as tumor epithelial but all the nucleus outside of the tumor
regions classified as tumor are then classified as healthy epithelial. The rational behind
this design choice is that Segmenter is segmenting at a tissue level, where it is easier for
model to recognize tumor regions than comparing cells morphologies directly.

Once we have a refined segmentation and classification of all nucleus in the image, we
can calculate tissue-level features that will describe the tissue composition and the distances
between cells of given types. Any Histo-Miner user can then input a cSCC WSI to the
pipeline and receive a feature vector descriptive of tissue to use for downstream tasks,
or to save it instead of the images as the vector is only few KB, and the image roughly
around 100 GB. In our study, we applied the pipeline to predict cSCC patient response to
immunotherapy, using our third dataset, CPI dataset. Additionally to predict the therapy
response, using feature selection method we proved that percentages of lymphocytes, the
granulocyte to lymphocyte ratio in tumor vicinity and the distances between granulocytes
and plasma cells in tumors are predictive features for therapy response.

14



Chapter 1

1.5.2 Use of Histo-Miner to analyze factors associated with cSCC progression
in the context of federated learning

While we used Histo-Miner in the case of predicting cSCC patient response to immunother-
apy in Chapter 2, the dataset used in this case study was relatively small (45 samples
of 45 patients) and all patients came from the same cohort. In the work of Chapter 3
we applied Histo-Miner to interpret prediction of a vision transformer model trained in
a federated way, implemented by McMahan et al [51], on 3 different cohorts, treated as
3 different clients on the federated learning perspective. After using Integrated Gradient
Method [52] to identify most relevant patches during inference, we applied Histo-Miner to
the kept patches to segment and classify nucleus and produce feature vector descriptive of
the patch. In this specific case, as we are applying Histo-Miner on patches, only a subset of
feature calculated within Histo-Miner are relevant. Features describing distances between
cells at the WSI level, or composition of the vicinity of tumors are not applicable as not
enough cells are inside a single patch.

From these observations we found biological parameters that differed between the
progressor and non-progressor most relevant patches. For instance, tumor cells of non-
progressor have larger nucleus size and lower nuclear eccentricity. Also, keeping the most
representative patches, and using the cell-based features calculated from Histo-Miner for
patch classification, we reached high prediction accuracy. As a result, we concluded that
Histo-Miner features captured relevant biological parameters and variations associated with
progression risk of patients.

1.5.3 Scalable Graph Transformers to improve classification between healthy
and tumor epithelial

Finally, we used a new approach to improve the classification between healthy and tumor
epithelial cells. Indeed, in the case of Histo-Miner (developed in previous Chapters),
we refine the classification based on the tumor region segmented by Segmenter model. All
cells classified as epithelial within the tumor region are re-classified as tumor epithelial, and
epithelial cells outside tumor regions are re-classified as healthy epithelial. Nevertheless,
some isolated tumor cells or small tumor regions, too small to be detected by Segmenter,
can be missed by this two-models approach. In Chapter 4 we present our work on graphs
generated from WSIs and on Graph Neural Networks for binary node classification. From
WSI image segmented by SCC Hovernet, we generate a graph where nodes contains feature
associated to a given cells, as well as its class, and edges are connecting nodes corresponding
to neighboring cells in the image.

We compared performance of Graph Neural Networks including Graph Transformers
with linear complexity to state of the art computer vision models Hovernet and CellViT
for binary classification of epithelial cells as healthy or tumor. We first evaluated both

15



Chapter 1

modalities in the case of a semi-automatically annotated cSCC WSI. We generated a cell
graph with 401.943 nodes, WSI-Graph-401K, from this WSI and evaluated several Graph
Neural Networks on node classification task, with nodes representing cells. We evaluated
Hovernet and CellViT performance trained and tested on the annotated WSI patches and
showed that the binary classification was poorer than with Graph Transformers SGFormer
and DIFFormer. Additionally training time was of around 5 days for CellVit and 4 min 18 s
for SGFormer on the same GPU, same number of epochs and two-thirds of the dataset. We
also evaluated performance of SGFormer for different construction of the WSI-Graph-401K,
with different type of node features and different levels of graph simplification.

Finally, we compared image-based and graph-based approach in the context of a dataset
including several patients. Indeed, from 372 H&E patches of 84 patients, we assembled
TILE-Graphs-572k dataset containing 372 medium size graphs generated from the H&E
patches. Running 3 fold cross-validation with samples from the same patient kept in
the same folds, we showed that DIFFormer model outperformed CellViT model in the
classification task. Translating WSI images and patches into cell graphs prior to cell
classification task seems to be a promising approach for future work both for classification
accuracy and computational budget needed to train models.
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Chapter 2

Histo-Miner: deep learning based tissue features

extraction pipeline from H&E whole slide images

of cutaneous squamous cell carcinoma

In this work we collected 3 new datasets in order to train deep learning models to
ultimately generate a compact feature vector summarizing tissue morphology and cellular
interactions of input WSIs. We implemented a multi-model pipeline that was tested in the
clinical relevant scenario of predicting cSCC patient response to immunotherapy.

The datasets that were generated for this work all contain H&E WSIs of cSCC (either
full WSI or patches) and are; NucSeg consisting of 47,392 nuclei labeled on 1,707 H&E non-
overlapping patches of 256x256 pixels, with 40x and 20x resolutions; TumSeg consisting
of 144 WSIs of 125 cSCC patients, for which each tumor regions were labeled (contours
drawn); and CPI dataset consisting of 45 WSIs, each from a different patient, collected
prior to receiving immunotherapy, and annotated as treatment responders and treatment
non-responders.

We re-trained Hovernet and Segmenter models described in Section 1.4 to segment
and classify cell nucleus of input WSI. We implemented a 3-steps training to improve model
performance. These segmentations are then used to calculate tissue-wise features that can
be utilized for downstream tasks. As use case, we trained XGBoost classifier on the
feature vector obtained to classify response to immunotherapy treatments. In addition to
be able to predict if a patient may or may not respond to the immunotherapy treatment,
we used feature selection algorithm Boruta to find interpretable predictive feature for
therapy response.

NOTE: The following pages contain the latest arXiv version of the published manuscript.
The published manuscript is also available in PLOS Computational Biology journal follow-
ing the citation in Publication Preface section.
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Brägelmann3,5,6,13 ⋆, and Katarzyna Bozek2,3,4 ⋆

1 Faculty of Mathematics and Natural Sciences, University of Cologne, Cologne, North Rhine-Westphalia, Germany
2 Institute for Biomedical Informatics, Faculty of Medicine and University Hospital Cologne, University of Cologne,

Cologne, North Rhine-Westphalia, Germany
3 Center for Molecular Medicine Cologne (CMMC), Faculty of Medicine and University Hospital Cologne, University

of Cologne, Cologne, North Rhine-Westphalia, Germany
4 Excellence Cluster on Cellular Stress Responses in Aging-Associated Diseases (CECAD), University of Cologne,

Cologne, North Rhine-Westphalia, Germany
5 University of Cologne, Faculty of Medicine and University Hospital Cologne, Department of Translational

Genomics, Cologne, Germany
6 University of Cologne, Faculty of Medicine and University Hospital Cologne, Mildred Scheel School of Oncology,

Cologne, Germany
7 Department for Dermatology, University Hospital Cologne, Cologne, Germany

8 Department of Dermatology and Allergy, School of Medicine, Technical University of Munich, Bavarian Cancer
Research Center (BZKF), Munich, Germany

9 Department of Dermatology, Dortmund Hospital gGmbH, University Witten/Herdecke, 44137 Dortmund, Germany
10 Department of Dermatology, Venereology and Allergology, Helios St. Elisabeth Hospital Oberhausen, University

Witten/Herdecke, Oberhausen, Germany
11 Department of Dermatology and Allergology, University Hospital of the Paracelsus Medical University Salzburg,

Salzburg, Austria
12 Department of Dermatology and Allergology, University Hospital Bonn, Bonn, Germany

13 Medical Clinic III for Oncology, Hematology, Immune-Oncology and Rheumatology, University Hospital Bonn
(UKB), Germany

lsancere@uni-koeln.de, johannes.braegelmann@uni-koeln.de, k.bozek@uni-koeln.de

Abstract. Recent advances in digital pathology have enabled comprehensive analyses of Whole-Slide
Images (WSIs) from tissue samples, leveraging high-resolution microscopy and computational capabili-
ties. Despite this progress, available tools for automatic cell type identification perform poorly on skin
tissue, e.g. in the classification of non-melanoma tumor cells. This is due to a paucity of labeled training
data sets and high morphological similarities between tumor and non-tumor epithelial cells in the skin.
Here, we propose Histo-Miner, a deep learning-based pipeline designed for the analysis of skin WSIs.
To this end we generated two new datasets using WSIs of cutaneous Squamous Cell Carcinoma (cSCC)
samples, a frequent non-melanoma skin cancer, by annotating 47,392 cell nuclei across 5 cell types in 21
WSIs and segmenting tumor regions in 144 WSIs. Histo-Miner employs convolutional neural networks
and vision transformers for nucleus segmentation and classification, as well as tumor region segmentation.
Performance of trained models positively compares to state of the art with multi-class Panoptic Quality
(mPQ) of 0.569 for nucleus segmentation, macro-averaged F1 of 0.832 for nucleus classification and mean
Intersection over Union (mIoU) of 0.907 for tumor region segmentation. From these output, the pipeline
can generate a compact feature vector summarizing tissue morphology and cellular interactions, which
can be used for various downstream tasks. As an exemplary use-case, we deploy Histo-Miner to predict
cSCC patient response to immunotherapy based on pre-treatment WSIs from 45 patients. Histo-Miner
predicts patient response with mean area under ROC curve of 0.755 ± 0.091 over cross-validation, and
identifies percentages of lymphocytes, the granulocyte to lymphocyte ratio in tumor vicinity and the
distances between granulocytes and plasma cells in tumors as predictive features for therapy response.
This highlights the applicability of Histo-Miner to clinically relevant scenarios, providing direct interpre-
tation of the classification and insights into the underlying biology. Importantly, Histo-Miner is designed
to allow for its use on other cancer types and on other training datasets. Our tool and datasets are
available through our github repository: https://github.com/bozeklab/histo-miner.
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Author Summary

Digital pathology is transforming how we study disease by turning tissue samples into
high-resolution images that capture the architecture of entire tumors. However, these
images are vast and complex, making it difficult to extract meaningful clinical insights
without advanced computational tools. In this work, we present Histo-Miner, a frame-
work designed to systematically analyze these images at multiple levels of detail—from
one single cell to entire tissue regions. We apply this approach to cutaneous squamous
cell carcinoma, a common form of skin cancer, demonstrating how large-scale tissue data
can be mined for biological insights. Our method identifies and characterizes different
types of cells, maps how they are organized within tumor areas, and connects these
patterns to patient outcomes. Through this lens, we uncover subtle features of the tis-
sue environment that may influence how patients respond to therapy. We find that the
most informative features describe the presence and balance of different types of im-
mune system cells, and how these cells are spatially arranged within the tissue. Beyond
its immediate findings, Histo-Miner, provides openly available data and tools that aim
to make large-scale tissue analysis more interpretable, reproducible, and transferable to
other diseases.

Introduction

Digital pathology slide scanners and advancements in computer vision allow for automa-
tion of diagnostic pathology tasks. Hematoxylin and Eosin (H&E) staining [1] is widely
used in pathology and represents a standard that both the classical and digital pathology
are based on. The resulting tissue scans are called Whole-Slide Images (WSIs). Given the
large size of WSIs containing thousands to millions of cells, automated methods for WSI
analysis are indispensable to systematically and comprehensively quantify their content.
A large panel of tasks can be performed by machine learning and deep learning models
on this type of images: segmentation of nuclei and tumors in the WSIs [2,3], image clas-
sification [4], or discovery of new biomarkers [5]. Importantly, such methods automate
time consuming intermediary tasks, such as cell counting, that allows the practitioner
to focus on diagnosis and interpretation [6,7].

While there is a range of datasets and methods in digital pathology [8,9,10,11], few of
them are dedicated to skin and non-melanoma skin tumors. Skin differs from other tis-
sues in its unique structure, composition, and function, which presents specific challenges
for digital pathology methods. The skin consists of multiple distinct layers, including
the epidermis, dermis, and subcutaneous tissue, each with varying cell types, densities,
and extracellular matrices. These variations lead to textural patterns and coloration
that are unique to WSIs of skin. . Therefore, specialized methods tailored to the unique
characteristics of skin tissue are necessary for reliable digital pathology in dermatology.

Here, we focus on cutaneous squamous cell carcinoma (cSCC) - the second most
common form of non-melanoma skin cancer in the USA and widely spread worldwide
[12]. While the majority of cSCCs can be cured by surgery alone, 5-10% of cSCC pa-
tients experience disease recurrence or metastases, requiring systemic treatments [13].
While the effects of chemotherapy are very limited, systemic treatment with immune
checkpoint inhibition (CPI) has emerged as a promising alternative. However, up to half
of patients do not respond to the immunotherapy. To date, it is impossible to predict,
which patients have a high chance of response to CPI and which patients may require
other/additional treatment modalities [13]. Quantitative methods for analysis of cSCC
patient samples would provide more insights into the morphological variability of this



Histo-Miner 3

Fig. 1: Overview of Histo-Miner pipeline. The pipeline uses WSI from cSCC patient
as input. (a) & (b) During inference, WSI images are tiled into patches and undergo
pre-processing pipelines (see Methods). After pre-processing, SCC Segmenter performs
tumor region binary segmentation on processed patches and SCC Hovernet segments and
classifies cell nuclei. (c) Using the output of SCC Segmenter, cell classification is refined by
adding a new cell class: non-neoplastic epithelial. This last result is saved in a json text file. A
visualization of resulting annotations is provided in Fig. 2. (d) Using refined segmentation
and classification of nuclei, together with segmentation of tumor regions, we calculate features
that describe the tissue organization. Example features include e.g. percentage of lymphocytes
in the vicinity of the tumor and average closest distance between tumor and lymphocyte cells.
A list of all 317 calculated features is provided in Supplementary Data.
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tumor type and could potentially allow for identification of morphological markers linked
to the patient risk of progression.

We propose a deep learning-based pipeline, Histo-Miner with openly available code
and datasets, for development and analysis of cSCC samples. We generated a dataset
called NucSeg containing manually annotated class labels and segmentation masks of
47,392 cell nuclei from 21 WSIs of cSCC. Furthermore, we generated TumSeg dataset,
containing binary segmentation masks of tumor regions in 144 WSIs of cSCC. Our
pipeline performs segmentation and classification of cell types into 6 different classes
(granulocytes, lymphocytes, plasma cells, stromal cells, tumor cells and epithelial cells)
and tumor region segmentation, both using deep learning models trained on our datasets.
Histo-Miner uses the segmentation and classification results to encode WSIs of cSCC
into features describing tissue morphology, organization, and cellular interactions. The
code is open-source, customizable, and each part (tumor segmentation, cell type identi-
fication) can be used separately to fit user needs. The training datasets, as well as the
models weights used in the intermediary steps are publicly available (See Data Avail-
ability and Code Availability sections).

We finally tested our Histo-Miner pipeline to predict cSCC patient response to im-
munotherapy. Immunotherapy with anti-PD1 antibodies is the major treatment for pa-
tients with advanced cSCC, but currently no predictive biomarkers are established to
identify patients with a high likelihood of therapy failure. We generated the CPI dataset
including 45 skin WSIs of 45 patients, before they received immunotherapy treatment,
and annotated these slides as responder or non responder to the treatment. Using the
features produced by Histo-Miner we classified patient response and found interpretable
features explaining model choices. These features provide insights into biological factors
favoring treatment response. The CPI dataset and the feature list are publicly available
(See Data Availability section).

Methods

Histo-Miner pipeline description

To describe the tissue organization and composition of cSCC, and obtain detailed infor-
mation on the histomorphology of these tumors we developed our pipeline, Histo-Miner
(Fig. 1). It uses both cell nuclei and tumor segmentation as first steps to quantitatively
describe tumor sample morphology.

In the pre-processing pipeline of SCC Segmenter, the images are downsampled, tiled
into patches and the patches are normalized using mean and standard deviation of RGB
pixel values of ImageNet 1K (see our github repository for implementation details). SCC
Hovernet is trained with data augmentation for model generalization [14] and then input
patches don’t need color normalization. To capture cellular heterogeneity, the cell nuclei
are segmented and classified into: granulocytes, lymphocytes, plasma cells, stromal cells,
and tumor cells. Cell nuclei segmentation and classification is performed with Hovernet
convolutional network [14] trained on a manually annotated set of cSCC WSIs (NucSeg).
This model shows better instance segmentation and improved Panoptic Quality (PQ)
compared to other recent H&E segmentation models [14,15]. The model is open source
and allows users to train and adapt it. Our pipeline additionally includes Segmenter
vision transformer network to segment tumor regions. This vision transformer model
outperforms other models in several benchmark tasks of instance and semantic segmen-
tation [16,17,18]. We trained the Segmenter model on our TumSeg dataset to perform
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a binary pixel-wise classification tumor and non-tumor regions of the same WSIs that
were used for Hovernet inference. We name the resulting trained networks SCC Hovernet
and SCC Segmenter.

In the pre-processing pipeline of SCC Segmenter, the images are first downsampled,
then tiled into patches and the patches are normalized using mean and standard devia-
tion of RGB pixel values of ImageNet 1K (see our github repository for implementation
details). In the pre-processing pipeline of SCC Hovernet, WSI input are only tiled into
patches. In both cases, only patches with tissue are kept for prediction (at least one
pixel of tissue) after tiling.

After determining tumor areas using SCC Segmenter, the results of the SCC Hov-
ernet cell nuclei classification are updated to add a new cell class as follows: all the
nuclei predicted as tumor cells outside of the predicted tumor regions are reclassified as
healthy epithelial. The reason for this update is that healthy epithelial cells and tumor
cells have similar morphologies and are impossible to discriminate without a broader
context and information about the tissue structure (see Supplementary Fig.1). Ex-
ample visualization of the inference of the two methods is shown in Fig. 2.

Results of segmentation are input to tissue analysis part of our pipeline. In this part
we perform calculation of 317 features that describe and encode the tissue samples. Ex-
ample features include percentages of cells of specific class anywhere in the sample as well
as inside the tumor regions. For every pair of cell classes X and Y, we also calculate the
average distance of the closest cell of class Y to a cell of class X inside the tumor regions.
This feature describes the topology of the tissue and the interactions between cell classes.

An exhaustive list of the calculated features is available in Supplementary Data.
We do not consider absolute numbers of cells of a given class as a feature, but cell
densities and percentages, as this metric is dependent on the WSI size and not the
structure of the tissue itself. All the features are stored in a light json file, which results in
encoding and compressing a WSI of multiple GB into a text file of 3.7 KB. These features
are a convenient WSI representation for any downstream analysis. All the different
steps of the pipeline can be run separately as well as configured to fit specific needs. An
example of use case, predicting response of cSCC patients to immunotherapy, is provided
in the following sections.

NucSeg and TumSeg datasets descriptions

To enable segmentation and cell nucleus type classification for cSCC, we assembled 21
WSIs of H&E-stained tissue sections of 20 cSCC patients from the University Hospital
Cologne. The images were acquired using a NanoZoomer Slide Scanner (Hamamatsu). In
the images the nuclei contours were marked and assigned to five cell types: granulocytes,
lymphocytes, plasma cells, stromal cells, and tumor cells. 1,707 H&E non-overlapping
patches of 256x256 pixels, with 40x and 20x resolutions, have been manually annotated
by two pathology experts. To ensure annotation consistency across the distributed work-
flow, ambiguous morphological patterns were subjected to joint consensus review and
compared to IHC staining on validation slides. 47,392 nuclei were labeled (classified and
segmented) in total (3,135 granulocytes, 12,263 lymphocytes, 3,271 plasma cells, 11,526
stromal cells, 17,197 tumor cells), see Fig. 3a and Fig. 3b.

The annotations consist of two groundtruth patches for each H&E patch. The first
annotation is an instance segmentation of each nucleus. A unique value is attributed to
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Fig. 2: Predictions of SCC Hovernet and SCC Segmenter models. The
different images correspond to different steps of the Histo-Miner pipeline as depicted in Fig.
1. 2 WSIs of 2 different patients from 2 different cohorts are shown. The H&E staining differs
between the slides showing varying hues of blue and pink. After predicting the tumor area
with SCC Segmenter, Histo-Miner segments and then classifies cells into five different classes:
granulocytes, lymphocytes, plasma cells, stromal cells, tumor cells. Using tumor
segmentation, tumor cells detected outside tumor regions are re-classified as non-neoplastic.
The cell nuclei segmentation and classification illustrate sample organization at tissue level
(3x zoom), or at cell level (75x zoom). Based on segmentation results Histo-Miner calculates
features describing cell-level and tissue-level tumor organization. Also in the case of damaged
sample (one part of the tumor is missing in the WSI on the right), the model is not
hallucinating segmentation of the remaining parts of the sample.
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pixels belonging to the same nucleus instance, where every nucleus is assigned a different
value. Annotation of nuclei instances allows to differentiate touching instances based on
their instance pixel values. All pixels outside nucleus (background) are given the pixel
value 0. The second annotation is a type map of the nucleus, in which the pixels belong-
ing to nucleus of the same class have the same pixel values. The dataset is also available
as 6,816 patches of 560x560 pixels with 70% overlap in a 5D numpy array according to
the Hovernet data format requirements.

To build a tumor segmenter algorithm, we additionally assembled 144 WSIs of 125
cSCC patients from 3 medical centers - Bonn, Cologne and Munich. These WSIs are a
subset of the dataset described in [19]. All tumor regions were labeled by two pathology
experts. The WSIs were originally at resolution 40x and downsampled 32 times (reach-
ing a final resolution of 1.25x) to enable to fit them into memory during model training
(Fig. 3a). The resulting image–tumor annotation pairs constitute our TumSeg dataset,
more precisely, downsampled WSIs and the binary segmentation masks of their tumor
regions. We also assembled and labeled 32 slides from 25 other patients to create a test
set for model evaluation (see Results section). Examples of WSI tumor segmentation
annotations are displayed in Fig. 3c. . In addition, anonymized patient IDs and medical
centers IDs are available as metadata.

These 2 datasets, NucSeg and TumSeg, are openly available in our Zenodo repository
link.

Histo-Miner deep learning models

Histo-Miner implementation includes deep learning models trained with our custom
datasets. Histo-Miner users can utilize the weights of these models to perform similar
inferences on their own datasets, re-train these models through Histo-Miner implementa-
tion directly and edit model architectures and hyperparameters for further development.
To fit user needs, it is possible to use only specific blocks of the pipeline - such as infer-
ence of the deep learning models - instead of using the whole process until calculation
of tissue features.

We performed segmentation and classification of segmented cell nuclei using Hover-
net model [14], which we selected based on its performance and ease of use. The model
is a convolutional neural network containing encoder and decoder parts. The semantic
segmentation of tumor region on the WSIs was achieved using Segmenter, a vision trans-
former model [16]. Segmenter is a collection of architectures with varying size, composed
of encoder and decoder parts. In Histo-Miner pipeline we use the Seg-L-Mask/16 seg-
menter variant, achieving better results than the base model but requiring more GPU
memory.

Training SCC Hovernet

To segment and classify cell nuclei into different cell classes (granulocytes, lymphocytes,
plasma cells, stromal cells, and tumor cells) we trained Hovernet network with our
dataset NucSeg. The training was performed on 2 80GB A100 NVIDIA GPUs (Ampere
micro-architecture). We used Hovernet with the encoder pretrained on ImageNet 21k.
A second pre-training of 150 epochs was performed on a not-curated dataset of H&E
nucleus segmented and classified, also made openly available. This dataset resemble Nuc-
Seg, consists of the same classes, but the segmentation and classification were mostly
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Fig. 3: Visualization of samples from NucSeg and TumSeg training datasets.
(a) Overview of both datasets (b) Visualization of NucSeg training dataset. 47,392 cell nuclei
from 1,707 H&E non-overlapping patches were segmented and classified. (c) Visualization of
TumSeg training dataset. Tumor region are segmented by 2 experts on 144 WSIs.
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automatized and not fully corrected by human experts. During the first 50 epochs, the
encoder weights were frozen and during the following 100 epochs all weights were up-
dated. Finally, the main training of 250 epochs (first 50 epochs with frozen encoder
weights followed by 200 epochs with all weights updated) was performed on NucSeg
dataset. We used Adam optimization algorithm [20] with initial learning rate γ0 of 10−4

which was reduced to 10−5 after 25 epochs. We used the same loss functions as in the
original Hovernet model. The global loss function is an addition of three losses for each
of the three branches of the Hovernet Model. These branches account, respectively, for
the nuclear pixel classification task, the binary segmentation of nucleus, and the hori-
zontal and vertical distance map used to separate touching instances [14]. We describe
the loss function in detail in Supplementary Eq.1 - 4. We used the following data
augmentations during training: image flips, rotations, Gaussian blurs and median blurs
according to the original Hovernet implementation.

We trained NucSeg dataset including 5,968 patches of size 540x540 pixels with 70%
overlap. Our validation set contained 848 patches of size 540x540 pixels with 70% over-
lap. We kept the same set of hyperparameters as the original implementation [14], ex-
cept that we doubled the training batch size for our last training step of 200 epochs
(see above). We tested different training strategies combining network pre-trained on
ImageNet 21k, pre-trained on the not-curated H&E nucleus dataset, and trained from
scratch. Performance of resulting models was highest when the model was first pre-
trained on ImageNet 21k, then pre-trained on the not-curated H&E nucleus dataset
before fine-tuning. The choice of final model was based on maximizing the panoptic
segmentation task performance.

Training SCC Segmenter

We trained Segmenter model with our dataset TumSeg. The training was performed on
2 80GB A100 NVIDIA GPUs (same as for Hovernet training). We used Vision Trans-
former pre-trained on ImageNet 21k [21] and fine-tuned it on our dataset TumSeg. We
followed the data augmentation pipeline from the semantic segmentation library MM-
Segmentation [22]. It consists of random resizing of the image to a ratio between 0.5
and 2.0, random left-right flipping, and normalization of the images based on mean
and standard deviation of pixel values of ImageNet 1k. We tested other normalization
strategies, e.g taking mean and standard deviation of training dataset which resulted in
worse model performance. We trained for 1,786 epochs (50,000 iterations) using Stochas-
tic Gradient Descent as optimization method with learning rate following a polynomial
decay scheme. Considering γ the learning rate at the current iteration number, and γ0
the base learning rate, the decay is defined as γ = γ0(

1−Niter

Ntotal
)0.9 where Niter and Ntotal

represent the current iteration number and the total iteration number, respectively. We
set γ0 to 10−3. We used cross-entropy without weight re-balancing as the loss function.

The model was trained on randomly chosen 115 slides of TumSeg dataset and the
validation set contained the remaining 29 slides of the dataset. We performed hyper-
parameter grid-search to find the best set of hyperparameters as described in Supple-
mentary Table. 1. The accuracy estimation was performed on the validation set due
to the limited number of slides and lack of an independent test set.

Tissue Analyser

Within Histo-Miner, SCC Segmenter model segments tumor regions. SCC Hovernet
model performs instance segmentation of cell nuclei and classifies them into different
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cell classes (granulocytes, lymphocytes, plasma cells, stromal cells, and tumor cells).
Using both models’ predictions, we refine the cell classification and add one more class
among the possible predictions, the healthy epithelial class. In fact, healthy epithelial
cells and tumor cells are hard to discriminate without a broader context and informa-
tion about the tissue structure. Healthy epithelial cells and tumor cells have similar
morphologies. To distinguish these two cell types, we added one refinement step: all
the nuclei predicted as belonging to tumor cells by SCC Hovernet, located outside the
tumor regions predicted by Segmenter, are reclassified as epithelial. The result of the
classification update is visible in Fig. 2.

The updated cell nuclei segmentation and classification as well as the tissue seg-
mentation are input to our Tissue Analyser part of the pipeline. Here we calculate 317
features capturing various aspects of tissue morphology and spatial organization. The
features (see Supplementary Data) include: percentages of given cell types, compo-
sition of the tumor margin, ratio between cell types, repartition of a given cell type
outside, inside and within the tumor margin. The final feature vector is a light but
information-rich representation of the cSCC WSI for further downstream analyses.

One of our features is the average distance of the closest cell of a given class X -
source class - to the closest cell of a given class Y - target class - inside the tumor
regions. The average distance is calculated as shown in Eq. 1 and through the following
steps: 1- We generate a rectangle that defines the initial search area. The rectangle
height is 5% of the tumor bounding box height and width 5% of the tumor bounding
box width. It is centered around the nucleus of the source cell class. 2- We verify if
there is at least one nucleus of the target cell class inside this search area. 3- If there
is at least one, we calculate all distances between source and target cells and keep the
smallest one. If there is no nucleus of target cell class we increase the search area until
we find at least one nucleus of target cell class in the search area. The search area cannot
extend to other tumor areas. 4- We perform steps 1-3 for all nuclei of the source class.
A quantitative explanation is available in Algorithm. 1 (all the memory optimization
steps are skipped for readability). The increase of search area for each iteration was
optimized to reduce calculation time. For computation optimization reasons, the search
area is a rectangle and not a circle. Indeed, one of the main reason is that searching
for coordinates in a rectangle is faster than searching for coordinates in a circle (only
comparisons instead of subtractions and multiplications). In some specific cases, using
a rectangle search area can lead to overestimation of the distance. Description of these
cases, probability of overestimation, and bounding of overestimation are described in
Supplementary Fig. 3. This probability of overestimation decreases drastically with
the number of cells in the tumor. For instance, we can calculate that for a squared
search area of side length 2r1 and origin 0, if N cells are in the circle of radius

√
2r1

and origin 0 (the square is inscribed in this circle), the probability of overestimation
is P (errorN )2 = 0.022 for N = 2 and P (errorN )10 = 2.8x10−4 for N = 10. These
distances describe the interactions between different cell types inside the tissue. They
are calculated for granulocytes, lymphocytes, plasma cells, and tumor cells to assess the
organization of the tissue regarding the intensity of the immune response.
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d̄closestcA,cB
=

1

ncA

∑

(xi,yi)∈EcA

min
(√

(xi − xk)2 + (yi − yk)2
)
, (1)

∀(xk, yk) ∈
(
EcB ∩ Eλ0

(x,y)∈N 2|
{

0.05 λ0lt − xi ≤ x ≤ 0.05 λ0lt + xi

0.05 λ0wt − yi ≤ y ≤ 0.05 λ0wt + yi

)

with λ0 verifying:

∀λ ∈ N ∗ |
(
EcB ∩ Eλ

(x,y)∈N 2 |
{

0.05 λlt − xi ≤ x ≤ 0.05 λlt + xi

0.05 λwt − yi ≤ y ≤ 0.05 λwt + yi

)
̸= {∅}, λ0 = min (λ)

where λ ∈ N ∗ coefficient of increase of sides length of search rectangle, lt and
wt length and width of the bounding box of the tumor region, Eca set of coordi-
nates in N 2 of all cells centroid of class A (source class), Ecb set of coordinates
in N 2 of all cells centroid of class B (target class), ncA number of cells of class A.

Eλ is the set of points inside the search rectangle of coefficient λ and Eλ0 is
the set of points inside the smallest search rectangle that contains at least one
centroid of cell of class B.

Algorithm 1 Minimum Distance Calculation Pseudo-Code

Require: classjson: file with centroid and type of all WSI’s cells
Require: maskmap: segmentation of WSI’s tumor regions
Require: selected classes: classes for which we want to calculate distances, f : acceleration of
increase parameter - here f = 0.05
Start C(n, 2) = n(n−1)

2
parallel processes, n = len(selected classes)

In each process a different pair source class / target class is defined
For each process:

allmindist = list()
For all cells of source class:

dist list = list()
Check tumor ID of source cell
List all target class cells centroid coordinates in the same Tumor
Calculate length lt and width wt of the bounding box of the Tumor
λ = 1
kept targets = list()
While kept targets cells list is empty:

Construct search zone around source cell with length = fλlt and width = fλwt

Append to kept targets all target cells centroid coordinates inside the search area
λ = λ+ 1

For all cell in kept targets:
dist =

√
(xi − xk)2 + (yi − yk)2 with (xi, yi) coordinates of cells of source class and

(xk, yk) coordinates of cells of target class
dist list.append(dist)

min dist = min(dist list)
allmindist.append(min dist)

Put item avgdist = sum(allmindist)/len(allmindist) in process queue
Ouput a list of all avgdist gathered items

Other features include ratios of cell types and percentages of cells of a given cell type
in the vicinity of the tumor, in the tumor regions or in the whole WSI. The vicinity of
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tumor is defined as a 1mm-wide area around the tumor [23]. In the case of ratios, to

limit outlayers we define ratio η =
log (ncA

)+ϵ

log (ncB
)+ϵ . with ncA number of cells of class A, ncB

number of cells of class B and ϵ = 10−3, smoothness parameter. The full list of features
is in the Supplementary Data.

Feature selection to predict response of cSCC patients to immunotherapy

We collected WSIs from 45 patients (one per patient) with cSCC skin cancer, from 6
medical centers - Bonn, Cologne, Dortmund, Munich, Oberhausen and Salzburg taken
before administration of immune checkpoint inhibitors treatment. 28 of them were classi-
fied as responders, showing partial response (PR) or complete response (CR), i.e. tumor
shrinkage. 17 patients were classified as non-responders, showing stable disease (SD) or
progressive disease (PD) states. More specifically, CR means disappearance of all lesions;
PR: 50% or more in decrease of total tumor size; SD: <50% decrease and/or <25% in-
crease of one/several tumor lesions; PD: >25% increase of one/several tumor lesions or
new lesions. The classification was determined by a dedicated review of the clinical and
radiological imaging by at least two observations not less than 4 weeks apart (following
World Health Organization handbook for reporting results of cancer treatment). This
collection of classified WSIs represents our fourth dataset, called CPI (see Data avail-
ability section).

We used Histo-Miner to extract tissue representative features from the WSIs of
CPI dataset. Then, we trained and evaluated an XGBoost classifier [24] for the task of
classifying patients in their two categories based on the feature vectors. We evaluated
XGBoost classifier through 3 fold cross-validation of 2 splits, train and test (train con-
taining 2/3rd of the data), and performed feature selection on the training split within
the cross-validation runs. Due to the limited number of samples in the dataset (45)
we could not perform hyperparameter search within nested cross-validation so we kept
the default set of hyperparameters for all the cross-validation runs. Similarly, the low
number of folds is constrained by the low number of samples. In fact, having too small
validation folds would increase variance in evaluation. We used minimum Redundancy
- Maximum Relevance (mRMR) feature selection method [25] which is designed to find
the smallest relevant subset of features (maximum relevance) while preventing highly
correlated features to be part of this subset (minimum redundancy). All the 107 features
kept for analysis are describing tissue structure, no nucleus morphology features (area,
circularity) were included (See Tissue Analyser section in Methods for an in-depth
description of the features).

To know how many features to keep we calculated the average balanced accuracy
for each training keeping N ∈ [1, 107] features. We kept Nbest = 19 features which
corresponded to the best mean balanced accuracy across all runs. Even if the number
of selected features Nbest is the same for each run in the case of mRMR, the selection
of features can vary. Following Eq. 2, we identify the most representative features by
selecting those with the highest occurrence counts cfk across the selected feature sets in
each cross-validation run. In the event of ties, we favor features with higher rankings in
their respective sets. To do so we first record the position of the feature in its set, its
rank, and calculate its pre-score as 10Nbest−rank, so a feature ranked first would have
the highest pre-score. Then we add all the pre-scores for each cross-validation groups
for a given feature and take the log of this sum to obtain the final score sfk .
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A = concat{fvsplit1 , fvsplit2 , ..., fvsplitL} (2)

cfk =
L∑

l=1

Nb∑

n=1

δ(Al,n, fk)

sfk = log(
L∑

l=1

10Nbest−rank(fk)splitl )

where fvsplitl = [f1, f2, ...fNb ]splitl the vector ofNbest selected features from split
l ∈ [1, L] of the cross-validation, rank(fk)splitl the rank of feature fk selected
from split l ∈ [1, L] and δ the Kronecker delta.

Notably, mRMR prevents redundancy in feature selection, but aggregation of fea-
tures from all cross-validation runs can include highly correlated features.

Results

Nuclei segmentation and classification evaluation

Accurate segmentation and classification of nuclei is necessary, to ensure the quality of
downstream analyses involving features based on cell nuclei. We used Panoptic Quality
metric [14] to evaluate segmentation, as it has been shown that it is better suited for
evaluation of instance segmentation than DICE2 (aggregation of DICE score for each
instance) [26] or aggregated Jaccard Index (AJI) metrics [27]. Indeed DICE2 is oversen-
sitive to small changes in the prediction and AJI is over-sensitive to failed detections
as shown in [14]. Following its definition, Panoptic Quality also assess detection perfor-
mance.

We compare our cell nuclei segmentation and classification model to CellViT, cur-
rent state of art model for segmentation of cells in H&E-stained WSIs [28]. CellViT
was originally trained on Pannuke dataset [15] a commonly used and recognized dataset
for panoptic segmentation on H&E stained tissues. Pannuke contains diverse types of
cancer but only few skin cancer images, and without distinction of the type of skin can-
cer. Additionally, the dataset does not include granulocytes and plasma cells and the
Pannuke-pretrained CellViT is not able to detect them.

We trained both models on NucSeg dataset including 5,968 patches of size 540x540
pixels with 70% overlap. Our validation set contained 848 patches of size 540x540 pixels
with 70% overlap (see Method section for more details on training dataset and training
procedure). No tiles were overlapping between the train and validation sets. We com-
pared segmentation maps from SCC Hovernet and CellViT models applied to the same
validation set in Fig. 4a. The segmentation and classification results of each cell class
are compared one by one.

SCC Hovernet outperforms CellViT256 in the detection and segmentation tasks for
all cell classes. It also performs better or same on all cells nuclei classes except stromal
cells, when compared to a larger CellViT model, CellViT-SAM-B trained on NucSeg.
The average Panoptic Quality for all classes, mPQ of the SCC Hovernet is also higher
compared to the CellViT-SAM-B trained on NucSeg. CellViT-SAM-B was too large to



14 Sancéré et al.

be trained on our 80GB A100 NVIDIA GPU directly so we used mixed-precision dur-
ing training to fit it on one GPU (as no option to split the model on different GPUs
was implemented). Mixed-precision has only limited impacts on models performance has
shown in [29].

We also compared the 3 models on the classification task, considering only detected
and paired cells (prediction and groundtruth). We evaluate F1 score for each class (Fig.
4a). CellViT-SAM-B is the best classifier for 3 classes and SCC Hovernet for the 2
others, average of F1 over all classes is 0.825 for CellViT256, 0.846 for CellViT-SAM-B
and 0.832 for SCC Hovernet. A confusion matrix of SCC Hovernet classification on the
validation set is shown in Fig. 4b.

Overall, SCC Hovernet slightly outperforms CellViT-SAM-B in segmentation and
detection tasks but slightly under-performs CellViT-SAM-B in solely classification task.
Nevertheless SCC Hovernet has 3 times less parameters [30] and, with its convolutional
neural network (CNN) architecture, is lighter than CellViT-SAM-B, which make it eas-
ier to use for training and inference.

To additionally validate Histo-Miner, we performed immunohistochemistry (IHC)
for Myeloperoxidase (Mypo; granulocytes), CD3 (lymphocytes), CD79a (plasma cells),
CD10 (stromal cells) and p40 (tumor cells), as well as H&E staining on adjacent slides
from the same tissue blocks. In 6 different cSCC tumors we selected 7 to 11 representative
ROIs (750µm x 750µm) on H&E-stained image and predicted the number of cells of each
type using Histo-Miner (Fig. 4c). The same regions in IHC images were classified by a
board certified dermatopathologist into 4 groups (- , +, ++, +++) based on the level of
IHC positivity. Comparing the number of predicted cells across IHC positivity groups,
we observed a significant association of the number of predicted cells per cell type and
IHC positivity of the appropriate marker (Fig. 4d).

Tumor segmentation evaluation

To evaluate the performance of SCC Segmenter model, we used intersection over union
(IoU) between the predicted tumor regions and the groundtruth of tumor regions. The
model was trained on randomly chosen 115 slides of TumSeg dataset (see Method
section for detailed description of training procedure). The validation set contained 29
slides of the dataset. A test set composed of 32 slides from 25 patients (patients not
present in the training and validation sets) was used for evaluation. No data selection
was performed to generate the test set. This test set is publicly available (seeData avail-
ability section). The model achieves on the test set: segmented foreground intersection
over union IoUtissue = 0.852, mean intersection over union mIoU = 0.907, accuracy of
foreground segmentation Acctissue = 0.892, and average accuracy mAcc = 0.969.

Application of Histo-Miner to predict response of cSCC patients to
immunotherapy

To demonstrate the usability of Histo-Miner in a clinical scenario, we applied it to pre-
dict outcomes of patients treated with immune checkpoint inhibitors using anti-PD1
antibodies. Immunotherapy is the most effective treatment for advanced cSCC patients,
but half of all patients do not respond and reliable predictive parameters do not yet exist.

The CPI dataset consists of 45 WSIs from cSCC skin cancer of 6 medical centers
before they received immune checkpoint inhibitors treatment. Each WSI is taken from
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Fig. 4: Validation of SCC Hovernet. (a) Panoptic Quality for each cell class of SCC
Hovernet, light CellViT256 and heavy CellViT-SAM-B, all trained on NucSeg. mPQ is the
average of PQ for all classes. SCC Hovernet outperforms CellViT256 for all classes and
outperforms CellViT-SAM-B general mPQ performance. CellViT-SAM-B outperforms SCC
Hovernet on general classification performance. Taking into account segmentation, detection,
classification tasks and weight of the models, SCC Hovernet is the preferred option. (b)
Confusion matrix from SCC Hovernet prediction on the validation set. The most
representative class, tumor cells, is accurately classified 94% of the time. The worst
classification accuracy is of plasma cells: 74%. (c) Examples of validation via
immunohistochemistry showing H&E and cell-type predictions (left and middle column) and
staining for cell type markers of the same are in a consecutive section (right column)
Mypo=Myeloperoxidase. (d) Comparison of manual cell type quantification in
immunohistochemistry slides (x-axis; Mypo = Myeloperoxidase) and computationally
predicted cells (y-axis) in H&E slides.
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a different patient. 28 of them were classified as responders (CR and PR states) and 17
patients were classified as non-responders (SD and PD states) as displayed in Fig. 5a.
We performed 3 fold cross-validation with XGBoost classifier [24] on the CPI dataset to
predict the class of the WSIs.

In each of the runs, we performed feature selection with mRMR, as described in
Methods section, and ranked all features from most to least predictive. We then trained
107 XGBoost classifiers on the same training split, iteratively removing the least predic-
tive feature each time, thus going from all 107 features down to the single most predictive
feature. For each of these trainings we calculated balanced accuracy on the validation
split. To know how many features to keep we calculated the average balanced accuracy
for each training keeping N ∈ [1, 107] features. We kept Nbest = 19 features which
corresponded to the best mean balanced accuracy across all runs. We obtained mean
balanced accuracy b̄aNbest

= 0.767 ± 0.057 across 3 fold cross-validation runs with the
mean area under ROC curve ¯AUCNbest

= 0.755±0.091 (Fig. 5b ). Interestingly, adding
the morphology features to the set of features did not improve the classification - with
Nbestw/morph

= 305 features the balanced accuracy reaches b̄aNbestw/morph
= 0.754±0.127.

Other feature selection methods were tested but led to a worse performing fea-
ture set. We tested Boruta [31] method which, unlike mRMR that finds the small-
est relevant subset of features, aims at finding all features carrying information us-
able for prediction. With Boruta the number of selected features varied for each fold.
Classification of CPI WSIs using Boruta selected feature had a balanced accuracy of
b̄aNBORUTA

= b̄a[5,0,1] = 0.711 ± 0.011 across the 3 folds. For one of the fold Boruta
was enable to select features, and this for any setting of maximum depth of the ran-
dom tree. In the best scenario presented here the maximum depth was set to 1, the
random state was set to 0 and all other hyperparameters were kept as default values.
We also ranked features following Mann-Whitney U test scores [32]. We then trained
107 XGBoost classifiers on the same training split, iteratively removing the least pre-
dictive feature each time, thus going from all 107 features down to the single most
predictive feature (as we did for mRMR). The best balanced accuracy was in this case
b̄aNMannWhitney

= 0.715± 0.069 with NMannWhitney = 6.

Using mRMR feature selection, the 4 most representative features in the decreasing
ranking order are: the percentage of lymphocytes among all cells in tumor vicinity, the
ratio between the number of granulocytes and lymphocytes in tumor vicinity, the per-
centage of lymphocytes among all cells in tumor region, and the mean distances between
granulocytes and plasma cells in tumor regions (Fig. 5c). We discuss the interpretation
of these features in the next section. The process behind feature selection is described
in the Method section.



Histo-Miner 17

Fig. 5: Histo-Miner tested in a clinical scenario: prediction of CPI
treatment response. (a) To test the clinical utility of Histo-Miner we assembled and
processed WSIs from in total n=45 cSCC patients before checkpoint inhibition (CPI) therapy.
(b) Mean ROC curve for the classifier keeping 19 best features and its standard error. The
classifier cross-validation folds ROC curves as well as the standard deviation of the mean
ROC curve are shown in Supplementary Fig. 6. (c) On the left, box plots of the 4 best
features, p-value was calculated using Mann-Whitney U test. On the right, visualization of
representative cases for each of the best features. For distance visualization we hide cell
classes other than plasma cells and granulocytes.
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Discussion

WSIs contain vast amounts of detailed information and are a rich resource for cancer
diagnosis and research. Automated digital pathology methods offer possibilities to ef-
ficiently process WSIs, uncovering quantitative information as well as subtle patterns
and features that may be inaccessible or indiscernible to human experts. Moreover, they
enable automated cell type classification and detailed description of tissue composition
and architecture. These approaches have rarely been applied to non-melanoma skin can-
cers like cSCC despite the fact that cSCC alone affects more than 1 Million individuals
in the USA every year [12]. A major obstacle to development of automated methods
for non-melanoma skin cancer slide analysis has been the high similarity between tumor
cells and non-tumor skin cells. Here, we present the Histo-Miner pipeline which provides
single-cell insights into skin tumor WSIs. Our methods not only generate precise and
complete information on the patient biopsy composition, we also demonstrate how this
information allows to predict patient outcomes and give interpretable insights into the
determinants of these outcomes. Such techniques can therefore lead to discovery of pre-
viously unknown diagnostic biomarkers, leading to improved cancer detection, diagnosis,
and personalized treatment strategies.

Histo-Miner performs segmentation and classification of cell nuclei using a CNN,
SCC Hovernet, trained on our NucSeg dataset, as well as tumor segmentation using a
vision transformer, SCC Segmenter, trained on our TumSeg dataset. We compare the
performance of segmentation and classification of segmented cells task to state of the
art methods, such as CellViT, and show improved Panoptic Quality of our approach.
Based on classification and segmentation results, Histo-Miner creates feature vectors
describing tissue composition and organization. A Histo-Miner user can choose which
features to calculate to best describe their WSIs. Additionally, Histo-Miner models can
be trained and adapted to other cancer types.

Given the large size of WSIs, most commonly prediction tasks in digital pathology
are performed via multiple instance learning (MIL) approaches [33,34] . Via WSI tes-
selation and patch embedding, such approaches allow to train the model and perform
the prediction on the entire WSIs directly. While it is convenient to train the prediction
model end-to-end using patient-level labels that are typically available in the patient
records, MIL methods offer only limited interpretability. MIL paired with attention or
gradient-based mechanisms [35,36,37,38,39] allow to disentangle which WSI regions are
the most predictive, however the content of these highly-predictive regions is typically
assessed in a qualitative manner. In contrast, Histo-Miner represents a feature-based
approach that allows for a quantitative and systematic identification of tissue charac-
teristics that are important for prediction. Each step of the Histo-Miner pipeline from
segmentation to feature selection can be visualized allowing for inspection and interpre-
tation of the prediction results.

We demonstrate the applicability of our pipeline on a cohort of 45 patients treated
with immune checkpoint inhibition, which is the major treatment modality for patients
with advanced cSCC [13]. Even though our patient cohort was relatively small and col-
lected across 6 medical centers, our pipeline was able to accurately predict CPI response
in cross-validation experiments, highlighting its potential for clinical use cases. In addi-
tion, our feature-based approach points to the features driving the classification and thus
to potential insights into the tumor biology. We identified four features the most pre-
dictive of CPI response, which included a higher percentage of lymphocytes within and
in the vicinity of tumor regions in responders than non-responders. This result is in line
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with previous studies showing lymphocyte infiltration as a predictive marker of CPI re-
sponse in cSCC [40]. Interestingly, we also observed a higher granulocyte to lymphocyte
ratio and a higher distance between granulocytes and plasma cells in non-responders
than responders. High neutrophil-to-lymphocyte ratio in the blood of cSCC patients
has been associated with worse prognosis in general and suggested to correlated with
decreased CPI response [41,42], but their ratio in cSCC tissues has not been described
before. Similarly, very little is known about plasma cells in cSCC tumors, especially
in conjunction with granulocytes. In breast cancer however, patients not responding to
CPI showed high degree of granulocytes as measured by CD15 [43] positivity. In mouse
models of pancreatic and squamous cell lung cancer, depletion of neutrophilic granu-
locytes led to reduced tumor growth [44,45]. While the interplay between granulocytes
and T and plasma cells in cSCC requires experimental validation in future studies, these
findings indicate that both cells of the innate (granulocytes) and the adaptive arm (T
and plasma cells) of the immune system may play opposing roles in modulating CPI
response in cSCC. They thereby highlight one of the strengths of our pipeline, which -
in contrast to more coarse approaches - classifies immune cells into 3 subcategories and
provides quantitative as well as spatial information about tumor microenvironment to
identify relevant factors. It can thereby help to generate novel hypotheses for follow-up
investigations.

A limitation of our approach is the requirement of expert-annotated samples (tumor
regions, nucleus boundaries, and cell classes) that serve as ground truth for training and
testing. It may contain human errors and introduce subjective biases that the models
ultimately learn to replicate. In addition, tumor cell recognition using an additional
tumor region segmentation model might lead to individual cancer cells outside of the
predicted tumor regions as well as non-neoplastic epithelial cells within the predicted
tumor regions being misclassified.

A difficulty we faced is the distinction between non-neoplastic epithelial and tumor
cell nuclei. For the published pre-trained models we tested, morphologies of those two
cell types were indistinguishable in a skin H&E-stained sample if considered in isolation.
Context, such as e.g. cell localization and neighborhood, allow to distinguish them from
one another. Here the combination of two deep learning models - one for cell segmenta-
tion and classification and one for tumor region segmentation - allowed us to discriminate
between the two cell classes. Further studies should focus on designing a cell classifier
that is able to distinguish all 6 cell classes (granulocytes, lymphocytes, plasma cells,
stromal cells, tumor cells, non-neoplastic epithelial) without using an additional tumor
region classifier. Such model should incorporate a broader context including surrounding
cells in a patch in the prediction process.
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Data availability

The checkpoints of SCC Hovernet and SCC Segmenter are available on Zenodo reposi-
tory link.
TumSeg and NucSeg datasets are also available on Zenodo repository link.
The CPI image classification dataset utilized as a use-case for Histo-Miner is also avail-
able on Zenodo repository link.
Finally, TumSeg test set, SCC Segmenter inference on test set, the list of all features
from Tissue Analyser and ranking of features after cross-validation with mRMR selec-
tion are available on Zenodo repository link.
All the WSIs of these datasets were anonymized and cannot be used for commercial use.

Code availability

The Histo-Miner code is self-sufficient and user friendly as it contains explanations on
how to use it that are enough for user without computer science background. In addition
to the core of the code, two github submodules are used, one from MMSegmentation
zoo (segmenter model) and one from Hovernet network implementation. Thanks to this
approach , the Histo-Miner repository is not dependent on the changes that are operated
on the original repositories. Additionally, the code is much simpler if a user wants to
edit it as it keeps only functions and scripts edited in the context of Histo-Miner.
The github repository is available here.

Supporting Information

S1 Material.
This supporting document contains all supplementary tables and figures cited in the
main text. It includes the following sections:

– Poor precision in tumor and healthy epithelial detection from state-of-the-art pre-
trained models

– SCC Hovernet loss functions

– Hyperparameters grid search for SCC Segmenter

– Probability of distance overestimation

– List of all features from Tissue Analyser

– Ranking of features after cross-validation with mRMR selection

– ROC curves of the best-feature classifier across CV folds

– Stain variability for the different cohorts of TumSeg dataset

(PDF)
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Supervision: Johannes Brägelmann, Katarzyna Bozek.
Validation: Lucas Sancéré.
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Poor precision in tumor and healthy epithelial detection from state of the
art pretrained models

We used Hovernet [1], CellViT-256 and CellVit-SAM-H [2] models pretrained on Pan-
nuke dataset [3] to apply inference on 2 TumSeg samples where tumor regions are anno-
tated by 2 experts. We show in Supplementary Fig. 1 that the models are not able
to recognize healthy epithelial, and classify most of the epithelial cells outside tumor
regions as tumor cells. On the other hand, the tumor region segmentation performed
by SCC Segmenter, guiding cell classification in Histo-Miner, has an average accuracy
mAcc = 0.969 and mean intersection over union mIoU = 0.907 on our test set. All
cells previously classified as tumor by SCC Hovernet that are outside tumor regions seg-
mented by SCC Segmenter will be re-classified as non-neoplastic epithelial cells during
Histo-Miner processing.
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Suppl. Fig 1: Inference of pretrained Hovernet, CellViT-256 and
CellVit-SAM-H on TumSeg samples. Application of state of the art models
pretrained on Pannuke dataset and Hovernet, to two slides from TumSeg dataset for which
tumor regions were annotated by two experts (marked in black). We display numbers of
tumor and non-neoplastic epithelial cells detected by the different models. All inferences lead
to prediction of tumor cells even outside tumor regions and within the healthy skin.
Additionally, for some WSIs CellVit-SAM-H inference failed to generate an output visual, an
issue described to sometimes occur with this model, probably when the number of cells to
segment is too high.



3

SCC Hovernet loss functions

The overall training loss function L is a combination of loss functions as follows:

L = λSCCaLa + λSCCb
Lb︸ ︷︷ ︸

HoVer Branch

+λSCCcLc + λSCCd
Ld︸ ︷︷ ︸

Nuclear Pixels Branch

+ λSCCeLe + λSCCf
Lf︸ ︷︷ ︸

Nuclear Classification Branch

where La and Lb represent the regression loss with respect to the output of the HoVer
branch, Lc and Ld represent the loss with respect to the output of the NP branch (Nu-
clear Pixels branch, corresponding to the Nuclear Segmentation), Le and Lf represents
the loss with respect to the output at the NC branch (Nuclear Classification branch),
as already defined in [1]. Here all λSCC = 1.

La =
1

N

N∑

i=1

(
pi(I;w0,w1)− Γi(I)

)2
(1)

Lb =
1

m

∑

i∈M

(
∇x

(
pi,x(I;w0,w1)

)
−∇x

(
Γi,x(I)

))2
(2)

+
1

m

∑

i∈M

(
∇y

(
pi,y(I;w0,w1)

)
−∇y

(
Γi,y(I)

))2

Lc = Le = CE = − 1

N

N∑

i=1

K∑

k=1

Xi,k(I) log Yi,k(I) (3)

Ld = Lf = DICE = 1− 2×∑N
i=1

(
Yi(l)×Xi(l)

)
+ ϵ

∑N
i=1

(
Yi(l)

)
+

∑N
i=1

(
Xi(l)

)
+ ϵ

(4)

where I input Image containing N pixels, pi(I;w0,w1) regression output of
HoVer branch at pixel i, w0 and w1 2 sets of weights. Γi defines the groundtruth
of the horizontal and vertical distances of nuclear pixels to their corresponding
centers of mass, the horizontal and vertical components of this map are denoted
Γi,x and Γi,y respectively (see [1] for visualization and definitions). m denotes
total number of nuclear pixels within the image and M denotes the set containing
all nuclear pixels. ∇x and ∇y denote the gradient in the horizontal x and vertical
y directions respectively. Finally, X denotes the branch groundtruth, Y the
branch prediction, K is the number of classes and ϵ is a smoothness constant
that was set to 10−3.

Hyperparameters grid search for SCC Segmenter

On Table.1 the different hyperparameters tested are displayed. cat−max−ratio corre-
sponds to the max area ratio that could be occupied by single category for a given crop
of the input image. img−scale corresponds to the resizing of the image before cropping.
These resizing can randomly be modified by a factor contained in [0.5, 2], following the
data augmentation pipeline from the semantic segmentation library MMSegmentation
[5].

Not all combinations were fully tested, some were aborted if the training loss did
not decrease in the firsts epochs or if several hyperparameters in the set were already
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Hyperparameters Value Range

cat-max-ratio [0.75, 0.85, 0.90 , 0.95, 1.0]
img-scale [(2560, 640), (5120, 1280), (5120, 5120)]

samples-per-gpu [4, 8]
pre-training-dataset [ImageNet, Thomas2021 dataset [4]]

Suppl. Table 1: Hyperparameters search for SCC Segmenter

poorly performing in previous trainings. .

Set kept: {cat-max-ratio: 0.75, img-scale: (2560, 640), samples-per-gpu: 4, pre-training-
dataset: ImageNet}

Probability of distance overestimation

In this paper, we make use of a search algorithm to estimate the average distance of the
closest cell of a given class X - source class - to the closest cell of a given class Y - target
class - inside the tumor regions. The principle is to define a search area (based on the
tumor bounding box dimensions) centered around the nucleus of the source cell class
and to check if any cells of the target class are inside. If it is the case, we calculate all
the distances and keep the smallest one. If there is no cell inside the first search area,
we increase the size of this area until we find at least one cell inside. Nevertheless, the
closest distance found with this method is not always the actual closest distance, but
sometimes it could be an overestimation. As shown in Supplementary Fig. 2, some-
times a cell outside the search area can be the closest but won’t be taken into account.

Suppl. Fig 2: Example of distance overestimation with search area being a
square. Here we have 1 cell in the squared search area S and 2 cells in (C \ S). While
calculating the minimum distance of cells from the center O, if we only consider cells in S, we
will take cellA as being the closest cell. In reality the closest cell is cellB. The distance
calculated will be the distance between cellA and the center, and will then be higher than the
real closest distance. Nevertheless, the overestimation is bounded as expressed in Eq. 22 with
a = 1 as we are here in the case of a squared search area.
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In this supplement we show that even if such a case can occur, it is very unlikely
as the number of cells increases. We simplify the problem by taking a squared search
area instead of the rectangle search area that we can have in practice. The search area is
based on the tumor’s bounding box shape, and tumors bounding box have low aspect ra-
tios, so taking a square search area makes it a good approximation for evaluation of error.

(a) (b)

(c) (d)

Suppl. Fig 3: Probability of having distance overestimation representations,
with search area being a square. (a) During the first search, if the search box is a
square of side lenght 2r, we could have a distance calculation error if a cell is in the blue
square S1 without being in the pink circle C1 (then in S1 \ C1), and another cell is in black
circle C2 without being in in the blue square S1 (then in C2 \ S1). Then the cell in C2 \ S1

could be missed from closest distance calculation and the cell in S1 \ C1 considered as the
closest cell. In other cases, such as having at least one cell in S1, no distance overestimation
could be made. (b) To be more precise, any cell in the hatched blue area inside S1 \ C1

monitored by x would lead for sure to an error if another cell is in the hatched black area
inside C2 \ S1 monitored by x . For now we focused on the probability of overestimation in
the case that at least one cell is found during the first search. If no cell is found, then the
calculation differs for the further searching steps as visualized in (c) & (d). In such cases, a
specific new area cannot contain any cells, as none were found during prior searches,
impacting the full calculation.

We consider N cells uniformly and independently distributed inside C2 of radius r2
and center O. We note S1 the inscribed square in C2 of side length 2r1. We here have
r2 =

√
2r1. A representation of this model is shown in Supplementary Fig. 3a.

We are interested in computing the following conditional probability:

P (errorN ) = P (BN | AN ) (5)
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where:

AN : (At least one cell is in S1)

BN : (There is among the cells in (C2 \ S1) a cell closer to the center O than all cells in S1)

This probability corresponds of the probability of having an error in the distance
calculation (overestimation) when at least one cell is found in the first search area
C1 of radius r1 and center O. To compute this probability we first make use of the
complementary event rule:

P (BN | AN ) = 1− P (B̄N | AN ) (6)

where:

B̄N : (All the cells in (C2 \ S1) are further away to the center O than all cells in S1)

To compute P (B̄N | AN ), we introduce for ∀n ∈ [[0, N ]]:

UN (n) : (Exactly n cells are in (C2 \ S1))

Using the law of total probabilities and then the definition of conditional probabili-
ties:

P (B̄N | AN ) =

N∑

n=0

P
(
B̄N ∩ UN (n) | AN

)
(7)

=

N∑

n=0

P
(
B̄N ∩ UN (n) ∩AN

)

P (AN )

Now we note that ∀n ∈ [[0, N − 1]], UN (n) ⊂ AN , so that AN ∩ UN (n) = UN (n).
We note moreover that if n = N , then no cells are is in the search area of S1. So UN (N)∩
AN = ∅. Finally, noting that UN (0) ⊂ B̄N and using the definition of conditional
probabilities, we have:

P (B̄N |AN ) =
P
(
UN (0)

)

P (AN )
+

N−1∑

n=1

P
(
B̄N ∩ UN (n)

)

P (AN )
(8)

=
1

P (AN )

[
P
(
UN (0)

)
+

N−1∑

n=1

P
(
UN (n)

)
P
(
B̄N | UN (n)

)]

As UN is a binomial trial, we can calculate P (UN (n)) as follows:

P
(
UN (n)

)
=

(
N

n

)(area(C2 \ S1)

area(C2)

)n(
1− area(C2 \ S1)

area(C2)

)N−n

(9)

=

(
N

n

)(
1− 2

π

)n( 2

π

)N−n

We then deduce that:

P
(
UN (0)

)
=

( 2

π

)N

(10)
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As AN : (At least one cell is in S1), ĀN : (No cell is in S1) which is equivalent to
ĀN : (All N cells are in (C2 \ S1)), then ĀN = UN (N) and using the complementary
event rule:

P (AN ) = 1− P (ĀN ) (11)

= 1− P
(
UN (N)

)

= 1−
(
1− 2

π

)N

We now set two new events introducing d = r1 + x as shown in Supplementary
Fig. 3b :

VN (n, d) : (There are N − n cells in S1 and the closest cell to the origin O is at a distance d from O)

And:

ṼN (n, d) : (There are N − n cells in S1 and they are all located at a distance greater than d from O)

Then, using the law of total probability for continuous univariate distributions:

P
(
B̄N | UN (n)

)
=

∫ √
2r1

0

P
(
B̄N |

(
UN (n) ∩ VN (n, d)

))
ρn(d) dd (12)

where ρn(d) is the probability density function associated to the survival function
P
(
ṼN (n, d)|UN (n)

)
:

ρn(d) = −dP
(
ṼN (n, d)|UN (n)

)

dd

If d ≤ r1 then P (B̄N |(UN (n) ∩ VN (n, d))) = 1, leading to:

P
(
B̄N | UN (n)

)
=

∫ r1

0

ρn(d) dd +

∫ √
2r1

r1

P
(
B̄N |

(
UN (n) ∩ VN (n, d)

))
ρn(d) dd (13)

=
[
1− P

(
ṼN (n, r1) | UN (n)

)]
+

∫ √
2r1

r1

P
(
B̄N |

(
UN (n) ∩ VN (n, d)

))
ρn(d) dd

Knowing that all cells in (S1\C1) are at a higher distance than r1 from O, calculating
P (Ṽ (n, r1)|U(n)) gives:

P
(
ṼN (n, r1)|UN (n)

)
=

(area(S1 \ C1)

area(S1)

)N−n

(14)

=
(
1− π

4

)N−n

Now we consider area(hatchblue) and area(hatchblack) as defined in Supplemen-
tary Fig. 3b. We also define the circle Cd of radius d (d = r + x).
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For d ∈ (r1, r2):

P
(
ṼN (n, d)

∣∣UN (n)
)
=

(
area(hatchblue)

area(S1)

)N−n

(15)

=

(
area(S1 \ Cd) + area(hatchblack)

area(S1)

)N−n

=

(
4r21 − d2π + area(hatchblack)

4r21

)N−n

area(hatchblack) is the area of 4 circular segments of arc radius d and sagitta (d -
r1) then:

area(hatchblack) = 4A(d− r1, d)CS
(16)

= 4d2 arccos

(
1− d− r1

d

)
− 4r1

√
d2 − r21

= 4d2 arccos
(r1
d

)
− 4r1

√
d2 − r21

Then:

P
(
ṼN (n, d)|UN (n)

)
=

(4r21 − d2π + 4d2 arccos
(
r1
d

)
− 4r1

√
d2 − r21

4r21

)N−n

(17)

=
(
1 +

( d

r1

)2

arccos
(r1
d

)
− d2π + 4r1

√
d2 − r21

4r21

)N−n

So:

ρn(d) = −dP
(
ṼN (n, d)|UN (n)

)

dd
(18)

ρn(d) = −(N − n)
( 1

r1

√
1− r21

d2

+
2d arccos

(r1
d

)

r21
−

4dr1√
d2 − r21

+ 2πd

4r21

)(
1 +

( d

r1

)2

arccos
(r1
d

)
− d2π + 4r1

√
d2 − r21

4r21

)N−n−1

To find P (B̄|U(n), A) we are left with calculating P (B̄|U(n), V (n, d)):

P ( B̄N | (UN (n) ∩ VN (n, d)) =
(area(C2 \ S1)− area(hatchblack)

area(C2 \ S1)

)n

(19)

=
(
1− 4d2 arccos( r1d )− 4r1

√
d2 − r21

(2π − 4)r21

)n

Finally:
∫ √

2r1

r1

P
(
B̄N |

(
UN (n) ∩ VN (n, d)

))
ρn(d) dd = (20)

−(N − n)

∫ √
2r1

r1

( 1

r1

√
1− r21

d2

+
2d arccos

(r1
d

)

r21
−

4dr1√
d2 − r21

+ 2πd

4r21

)(
1 +

( d

r1

)2

arccos
(r1
d

)
− d2π + 4r1

√
d2 − r21

4r21

)N−n−1(
1− 4d2 arccos( r1d )− 4r1

√
d2 − r21

(2π − 4)r21

)n

dd
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So to sum up:

P (errorN ) = 1− 1

P (AN )

[
P
(
UN (0)

)
+

N−1∑

n=1

P
(
UN (n)

)
P
(
B̄N | UN (n)

)]
(21)

where P (AN ) is calculated in (11), P
(
UN (0)

)
is calculated in (10), P

(
UN (n)

)

is calculated in (9) and finally P
(
B̄N | UN (n)

)
is developed in (13), (14), and

(20).

Now we can have a numerical resolution for the probability of error P (errorN ) as it
was decomposed fully. N number of cells from 2 to 20 we can calculate P (errorN ) as
shown in Fig .4.

Suppl. Fig 4: Probability of overestimation of the distance calculation in the
case of a squared search area. We focus in the case of the first search, if at least one
cell is found in the first squared search area. We calculate P (errorN ) using the symbolic
expression found in Eq. 21. The probability of error is 0 for N = 1 as expected, because to
consider the wrong cell we need at least 2 cells in C2. For instance we have here
P (errorN=2) = 0.022, P (errorN=10) = 2.828x10−4 and P (errorN=20) = 9.58x10−7.

To validate further our probability of distance overestimation, we can verify that the
calculation does not depend of the value of r1 (half length of search square side). Indeed,
while calculating P (errorN ) with Wolfram Mathematica r1 is given as a variable. This
simple validation is displayed in Supplementary Fig. 5.

We provide in our github repository (available here) a Wolfram Mathematica note-
book for visualization and to calculate P (errorN ) for any values of N .
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Suppl. Fig 5: Verification of independence from r1. We verified that the
probability of error is indeed independent of r1 (half length of search square side) while
calculating numerically the probability in Wolfram Mathematica. While checking the
symbolic representation of P (errorN ) that was found, this independence is not easy to check,
especially for P

(
B̄N | UN (n)

)
(see Eq. 13 & Eq. 20).

Finally, we can note that the relative overestimation of the distance is bounded.
Going back the the case of a rectangle search area, overestimation is bounded by the
aspect ratio of the tumor bounding box:

dmax−overestimation = (
√
a2 + 1− 1)

w

2
(22)

where w is the width of the rectangle and a the aspect ratio.

We covered here the case where at least one cell is found in the first search, meaning
at least one cell is in S1. In practice, distances can be overestimated in subsequent search
iterations following the first. Unfortunately the calculation will be slightly different. Vi-
sualization of the cases where no cell is found inside S1 are available at Supplementary
Fig. 3c, 3d.

List of All Features from Tissue Analyser

All the features names are organized in a json file available in the CPI image classification
dataset Zenodo repository here. We calculated two types of densities. The first one
corresponds to the number of cells of a given class divided by tumor regions area (in
pixel) and the second one corresponds to total area of all cells of a given class that are
inside tumor regions (in pixel) divided by tumor regions area (in pixel).

Ranking of Features after Cross-Validation with mRMR Selection

The ranking of features after the 3 fold cross-validation of XGBoost with mRMR fea-
ture selection is organized in a text file available in the CPI image classification dataset
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Zenodo repository here.

ROC curves of classifier with best kept features for all cross-validation folds

We provide visualization of ROC curve for each splits.

Suppl. Fig 6: Classifier cross-validation folds ROC curves.

Stain variability for the different cohorts of TumSeg dataset

We analyzed cohort-specific stain variability of TumSeg dataset by comparing RGB
mean intensities between Cologne, Munich, and Bonn using the Mann–Whitney U test
[6], paired with Cliff’s δ [7] as a non-parametric effect size, see Supplementary Fig.
7.

Cologne and Bonn exhibit highly similar stain characteristics across all RGB chan-
nels, with negligible effect sizes between them (e.g., |δ| ≤ 0.09, ns). In contrast, Munich
consistently deviates from both cohorts, showing medium to large effect sizes across
channels (e.g., |δ| = 0.31 in the red channel, |δ| = 0.46–0.55 in the green channel, and
|δ| = 0.34–0.57 in the blue channel). These results indicate that Munich represents a
distinct staining domain. This is the reason why color normalization step implemented
within SCC Segmenter training and inference is necessary [8]. As previously stated, in
the pre-processing pipeline for SCC Segmenter, the images are first downsampled, then
tiled into patches and the patches are normalized using mean and standard deviation of
RGB pixel values of ImageNet 1K (see our github repository for implementation details).
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Suppl. Fig 7: Boxplots of Mean RGB pixel intensities for all slides from
TumSeg dataset. We define the statistical significance of Mann-Whitney U test as the
following: ns: p ≥ 0.05 ; *: 0.01 ≤ p < 0.05 ; **: 0.001 ≤ p < 0.01 ; ***: 0.0001 ≤ p < 0.001 ;
****: p < 0.0001. While Cologne and Bonn slides have high similarities in their staining,
Munich introduces a clear color-domain bias. The color normalization step from SCC
Segmenter is necessary to uniform staining on all cohorts.
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Chapter 3

Chapter 3

Explainable, federated deep learning model pre-

dicts disease progression risk of cutaneous squa-

mous cell carcinoma

Here we present a published work for which we used Histo-Miner pipeline as developed
in Section 2 for image classification explainability.

In this work (Pisula et al 2025 [2]), authors use Federated Learning [51] (FL) to improve
classification accuracy of transformer-based multiple instance learning model applied to
cSCC WSIs. The task is to classify progression status of slides - disease progression or no
progression. When the transformer model is trained exclusively on one cohort (Cologne)
and tested on external validation cohorts average AUROC performance is 0.65, but using
FL across three clinical centers lead to an average AUROC of 0.82. In addition the work
established that image-encoded information has higher discriminative power than clinical
variables, as image-based models perform better in the classification task than clinico-
pathological parameters.

Author used Integrated Gradient method [52] to identify the most relevant WSIs
patches during classification. Part of our contribution was to employ our Histo-Miner
pipeline on these patches to first, segment and classify each cell nucleus on these patches,
and second, to calculate tissue and cell based features (Fig. 4, Fig. 5, Suppl. Table 13

). We discovered that many of the predictive tiles with the highest attribution score for
disease progression were outside of the tumor region, whereas for patients without disease
progression the predictive tiles were located within the tumors. Some cell-based features
had significantly different distribution between the two groups, for instance non-progressor
showed higher uniformity in the way tumor cells were distributed while progressor exhib-
ited increased intermingling of tumor cells with other cell types. In addition, the authors
found that training with federated learning and testing XGBoost classifier using the cell-
based features calculated from Histo-Miner on the most representative patches for patch
classification lead to high prediction accuracy (Fig. 2, Suppl. Fig 103)). As a result,
authors concluded that Histo-Miner features captured relevant biological parameters useful
for downstream tasks.

Furthermore, we took advantage of the tumor region segmentation step of Histo-Miner
to cure the WSI classification dataset. In this dataset WSIs were collected from University
Hospital Cologne (219 WSIs of 166 patients), University Hospital Bonn (291 WSIs of 35

3To access online supplementary information click or copy the DOI link that is available in Additional
Information section
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Chapter 3

patients) and TU Munich (129 WSIs of 51 patients). Slides without any tumor tissue as
predicted by Histo-Miner were filtered out. With this filter, 5 slides from the University
Hospital Cologne, 158 slides from University Hospital Bonn and 16 slides from TU Munich
were removed.
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Explainable, federated deep learning
modelpredictsdiseaseprogression riskof
cutaneous squamous cell carcinoma

Check for updates

Juan I. Pisula1,2,12, Doris Helbig3,12, Lucas Sancéré1,2, Oana-Diana Persa4, Corinna Bürger2,5,6,
Anne Fröhlich7, Carina Lorenz2,5,6, Sandra Bingmann3, Dennis Niebel8, Konstantin Drexler8,
Jennifer Landsberg7, Roman Thomas5,9,10, Katarzyna Bozek1,2,11,13 & Johannes Brägelmann2,5,6,13

Predicting cancer patient disease progression is a key step towards personalized medicine and
secondary prevention. Risk stratification systems based on clinico-pathological criteria aim to identify
high-risk patients, but accurate predictions remain challenging. Deep learning models present new
opportunities for patient risk prediction, yet their interpretability has been largely unexplored. We
developed a transformer-based approach for predicting progression of cutaneous squamous cell
carcinoma (cSCC) patients basedondiagnostic histopathology tumor slides.Our initialmodel showed
AUROC = 0.92 on a held-out test set, with average AUROC of 0.65 on external validation cohorts. To
further increase generalizability and reduce potential privacy concerns, we trained the model in a
federated manner across three clinical centers, reaching AUROC = 0.82 across all cohorts, with
image-based risk scores achieving hazard ratios up to 7.42 (p < 0.01) in multivariable analyses.
Through interpretability analysis, we identified spatial and morphological features predictive of
progression, suggesting that tumor boundary information and tissue heterogeneity characterize
progressive cSCCs. Trained exclusively on routine diagnostic slides and offering biological insights,
our model can improve secondary prevention and understanding of cSCCwhile enabling deployment
across clinical centers without administrative overheads or privacy concerns.

Cutaneous squamous cell carcinoma (cSCC) is the second most prevalent
type of non-melanoma skin cancer that is diagnosed in 1million patients in
the USA every year1. In the last decades, the incidence of cSCC has risen
sharply and is projected to increase further2. Even though the majority of
cSCCs can be removed by surgical excision, a relevant fraction of patients
experiences disease progression by local recurrence or metastases to lymph
nodes or other body sites, which is associated with poor prognosis and
increased risk of death3–6. Due to the high incidence of cSCC, this poses a
significant public health concern. Reliable predictors are thus needed to

decide which patients will benefit from enhanced secondary prevention e.g.
bymore frequent follow-up care or additional treatments such as immuno-,
chemo- or radiotherapy. Current cSCC staging systems like the American
Joint Committee on Cancer (AJCC), the Brigham Women’s Hospital
(BWH), or the National Comprehensive Cancer Network (NCCN) staging
systems aim to provide guidance on risk stratification and clinical man-
agement of cSCC patients7,8. However, they fall short of reliably identifying
patients at high risk of disease progression. Recently, multi-gene expression
signatureshave beenused to predictmetastasis risk of cSCCs9,10.While these

1Institute for Biomedical Informatics, Faculty of Medicine and University Hospital Cologne, University of Cologne, Köln, Germany. 2Center for Molecular Medicine
Cologne (CMMC), Faculty of Medicine and University Hospital Cologne, University of Cologne, Köln, Germany. 3Department for Dermatology, University Hospital
Cologne, Cologne, Germany. 4Department of Dermatology, Technical University Munich, Munich, Germany. 5University of Cologne, Faculty of Medicine and
University Hospital Cologne, Department of Translational Genomics, Cologne, Germany. 6University of Cologne, Faculty of Medicine and University Hospital
Cologne, Mildred Scheel School of Oncology, Cologne, Germany. 7Department of Dermatology and Allergology, University Hospital Bonn, Bonn, Germany.
8Department of Dermatology, University Medical Center Regensburg, Regensburg, Germany. 9Institute of Pathology, Medical Faculty, University Hospital
Cologne, University of Cologne, Cologne, Germany. 10DKFZ, German Cancer Research Centre, German Cancer Consortium, Heidelberg, Germany. 11Cologne
Excellence Cluster on Cellular Stress Responses in Aging-Associated Diseases (CECAD), University of Cologne,
Köln, Germany. 12These authors contributed equally: Juan I. Pisula, Doris Helbig.13These authors jointly supervised
this work: Katarzyna Bozek, Johannes Brägelmann. e-mail: johannes.braegelmann@uni-koeln.de
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signatures help to predict metastasis risk, they have not yet been used to
predict local recurrences. In addition, they require measurement of gene
expression from patient samples, which limits their potential for translation
into clinical routine use.

In addition to clinical parameters such as immunosuppression, several
pathological tumor features such as perineural involvement, tumor size, and
invasiondepthhavebeenassociatedwith increased riskof cSCCprogression
and are part of existing staging systems like theNCCN risk stratification4–6,8.
Moreover, specific histological subtypes e.g. desmoplastic cSCC have been
linked to higher recurrence and/or metastasis risk6. Morphology in histo-
logical specimens thus holds information on progression risk. Since deep
learninghasmatchedhumanexperts in cancerdetectionandclassification11,
computational pathology methods hold promise to extract information on
patient progression from histopathology image data. Building robust
models that offer high predictive power across data independent of their
source, requires multi-institutional data sets for model training. Obtaining
such data sets poses challenges regarding data governance and raises con-
cerns about patient privacy. Federated Learning (FL) is a strategy that limits
the logistic overhead and reduces privacy concerns in training a multi-
center-based model12,13. Moreover, FL simplifies the inclusion of new
patients and cohorts for further model training, which in turn facilitates
model update, continuous improvement, and clinical applicability.

Here, we present a multiple instance learning transformer-based deep
learning model for prediction cSCC progression risk using Hematoxylin-
Eosin-(HE-) stained histopathology images acquired during routine care
(Fig. 1)14,15. Ourmodel, trained in a federatedmanner on cohorts from three
clinical centers, achieved high accuracy in predicting patients at risk of
disease progression, which corresponds to significant differences in
progression-free survival. We developed explainability methods on our
model which provide insights into the tissue areas and cell features asso-
ciated with increased progression risk. Overall, we present a powerful

approach that improves risk-stratification of cSCC patients and offers
insights into the underlying cancer biology.

Results
Deep learning on histopathology images predicts cSCC
progression risk
Even though specific pathological factors like perineural and lymphatic
invasion are established parameters for risk stratification in cSCC, a sys-
tematic deep learning approach to comprehensively evaluate histophatho-
logical features for progression prediction is currently lacking. Currently, it
is not clear if the progression risk of a cSCC can be inferred from a histo-
pathology slide andwhich elements of the tumor and itsmicroenvironment
are decisive of disease progression. To fill this gap, we used a multiple
instance learning, transformer-based classifier for the task of progression
prediction from Whole Slide Images (WSIs). We trained the model in a
federated manner, leveraging data from three different medical centers
(Fig. 1)14,15.

Initially, we trained our model on the Cologne cohort only (n = 157
patients, 214 WSIs), achieving cSCC progression status classification
accuracy of 0.92 AUROC (95%CI = [0.83–1.00]) in a held-out test set from
Cologne (Fig. 2A). In comparison, a multivariable logistic regressionmodel
incorporating clinico-pathological parameters associated with risk of dis-
ease progression (Suppl. Fig. 1) achieved an AUROC of 0.63 (95%
CI = [0.52–0.75]) in the same prediction task and cohort (Fig. 2B). To test
the robustness of our deep learning model we assembled two additional
cohorts from dermatology departments at the University Hospital Bonn
(Bonn cohort, n = 35 patients, 133 WSIs) and the Technical University
Munich (Munich cohort, n = 51 patients, 113 WSIs). While the model
trained on the Cologne cohort performed well on the Bonn cohort
(AUROC= 0.90, 95%CI = [0.71–0.97]), it failed to generalize to theMunich
cohort (AUROC= 0.46, 95% CI = [0.30–0.63]; Fig. 2A). A further analysis

Fig. 1 | We propose a WSI-based cutaneous Squamous Cell Carcinoma (cSCC)
progression prediction model, trained on data from three medical centers using
Federated Learning. Beyond prediction, we investigate underlying biological fea-
tures that influence our classifier.We do so by computing cellular-level features with

aid of a nuclei segmentation model. We analyze these features in image regions
detected as relevant for prediction outcome by Integrated Gradients, an input
attribution algorithm for explainable deep neural networks.

https://doi.org/10.1038/s41698-025-00997-4 Article
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of this phenomenon indicates that the performance gap is due to systemic
differences in image appearance rather than biological differences between
the cohorts. The distributions of clinico-pathological variables shown in
Table 1 appear comparable, except grading, making it unlikely that these
factors contribute to the performance discrepancy. Suppl. Fig. 2 shows
UMAP plots of the mean feature vector representations of the slides as
computed by the EfficientNet neural network used in our pipeline16, and by
an additional CTransPath model17. Both plots indicate distinct visual dif-
ferences between the two cohorts, potentially arising from differences in
tissue processing. This highlights that variation induced by technical pro-
cedures, or distribution shift and domain adaptation problemsmay hamper
generalizability of models trained on a single-center cohort.

Federated learning improves generalizability of image-based
classification
To improve performance across cohorts, it is crucial to train deep learning
models on large and diverse datasets. However transfer of patient data and
histological slides across hospitals carries important logistic complexity and
poses potential privacy threats. We therefore trained our model in an FL
schemeon all three cohorts (Fig. 1)12. FL overcomes the data sharing hurdles
by reducing the organizational overhead of combining different patient
cohorts, since patient data can remain in the respective hospital. Model
training is performed locally and onlymodel parameters are shared between
the hospitals. Moreover, it enables dynamic patient enrollment and facil-
itates inclusion of additional centers, which in turn increases its flexibility
and the opportunities for clinical deployment. Training on the multi-
institutional cohorts using the FL framework did indeed improve model
performance. While AUROC on Cologne and Bonn decreased at most by
2%, performance on the Munich cohort increased by 63%, leading to pre-
diction accuracy of AUROC= 0.82 (95% CI = [0.69–0.95]) in the complete
dataset (Fig. 2C). This highlights that prediction of disease trajectories is
indeed possible for cSCC patients and can be achieved with a deep learning
model trained on different cohorts in a federated manner. Such prediction
opens possibilities for clinical translation of the model as a tool for the
identification of patients at high recurrence risk that may benefit from
increased surveillance.

Image-encoded information has higher discriminative power
than clinical variables
Several clinico-pathological parameters have been associatedwith increased
risk of disease progression, such as immunosuppression, perineural invol-
vement, tumor size, and invasion depth4,6. Similarly, desmoplastic cSCC
histology has been linked to higher recurrence and/or metastasis risk6. In
this experiment, we used the logit output of the deep learning models as a

progression risk score, and compared it against clinico-pathological para-
meters available for the Cologne and Bonn cohorts. Our analyses were done
separately on the Cologne cohort, to which we applied a new federated
classifier trained solely on the Bonn andMunich cohorts, and on the Bonn
cohort, to which we applied the original Cologne model.

From all the variables in the experiment, the image-based models’
scoreswere themost discriminative: risk of progressionwas 4.2 times higher
for high- compared to low-risk patients in the Cologne cohort, and
8.25 times higher in the Bonn cohort, according to univariate Cox pro-
portional hazard models (Fig. 3A, C). These covariates were followed by
perineural invasion in Cologne (Suppl. Fig. 3A, hazard ratio = 3.58,
p = 0.004) and tumor diameter in Bonn (Suppl. Fig. 4A, hazard ratio =
5.35, p = 0.19).

Lastly, we joined the informative factors of our clinico-pathological
parameterswith the deep learningmodel’s output to predict survival using a
multivariable model. To this end we combined the deep learning models’
predicted risk scores and clinico-pathological parameters that showed a
p-value below 0.1 in univariate analyses in multivariable Cox regression
models. These combined models showed that the image data carries
more information than the clinico-pathological variables (global p < 0.01,
Fig. 3B, D). In fact, classification of patients in the Cologne cohort as high-
risk using the model trained on Bonn and Munich carries a hazard ratio of
5.96 even when adjusting for additional variables (multivariable p-value =
0.001). Similarly, patients classified as high-risk in the Bonn cohort using a
model trained on Cologne only have a hazard ratio of 7.42 in a multivariate
analysis (multivariable p-value = 0.01). Only the Cologne cohort model
exhibits other variables that remain significant: invasion beyond sub-
cutaneous tissue (hazard ratio = 4.53, multivariable p-value = 0.007), and
tumor thickness greater than 6mm (hazard ratio = 2.54, multivariable
p-value = 0.026).

Considering that only a fraction of patients shows perineural invasion,
vascular invasion, or invasion beyond subcutaneous tissue, and that clinico-
pathological information is frequently incomplete, these analyses highlight
the potential of our image-based model to reliably identify patients at high
risk of disease progression for intensified clinical follow-up.

Explainability analyses highlight factors associated with cSCC
progression
In addition to stratifying patients according to their disease progression
risk, we assessed which parts of the histological images are predictive of
disease progression. In these experiments, we inspected the slides of the
independent test set of the federated model. We used Integrated Gra-
dients (IGs) attributions to infer which areas in the WSIs are the most
relevant for the federated model to predict the respective patient as

Fig. 2 | ROC curves of the classifiers. AWSI-based classifier trained exclusively on
the Cologne cohort and tested onMunich and Bonn cohorts (AUROC = Area under
the receiver operator curve). BMultivariate logistic regression model based on

clinico-pathological parameters associated with progression risk in univariate
analysis. Model trained and evaluated on the Cologne cohort. C Federated WSI-
based classifier.
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progressor/non-progressor18. Additionally, we leveraged a separate
pipeline we recently established specifically for cSCC, which performs
nuclei segmentation and classification of cells into one of six cell types
(granulocyte, lymphocyte, plasma, stroma, tumor, and epithelial cell)19.
We used the cell type detection and classification to analyze the WSI
regions with the highest predicted power as attributed by IGs. In the WSI
regions with high IGs attribution score we calculated various features of

nuclei morphology, cell type composition and spatial distribution (Suppl.
Table 1).

We next performed statistical analyses of these features to gain insights
into the determinants of cSCC progression. Interestingly, many of the
predictive tiles with the highest attribution score for disease progression
were outside of the tumor region (Fig. 4A). In fact, attribution scores were
low in areas with high tumor cell density, as determined using our cell type
classification pipeline (Fig. 4A, bottom left andmiddle)19. Instead, they were
high at the tumor border and frequently in areas where the most common
cell type was stroma (Fig. 4A, bottom right, Suppl. Fig. 5).

In contrast, for patients without disease progression, the most pre-
dictive tiles were located within the tumor and in areas with high tumor cell
density. Areas outside the tumor border were, in the case of these patients,
not of high value for predictionof non-progression (Fig. 4B). This highlights
that different parts of histological sections contain information that dis-
tinguishes patients at high vs. low risk of disease progression and that such
patient stratification needs to be based not only on the tumor but also its
surroundings for adequate predictions.

Additionally, we systematically compared the cell-based features
between the tiles that were regarded as most predictive for disease pro-
gression or non-progression according to their IGs scores. Numerous
parameterswith significantly different distributions between the two groups
were detected, Fig. 5 shows a subset of the tumor-cell-related features. Non-
progressors e.g. showed higher values in Average Nearest Neighbor Ratio
(ANNR), indicating a higher uniformity in the way tumor cells were dis-
tributed (Fig. 5A, p < 0.0001), while progressors had more intermixing of
tumor cells with other cell types, i.e. more heterogeneity in tissue compo-
sition (Fig. 5C, p < 0.0001). Moreover, tumor cells of non-progressors
showed differences in their morphology compared to progressors such as
larger nucleus size (Fig. 5B, p < 0.0001) and lower nuclear eccentricity (Fig.
5D, p < 0.0001). In addition, tumors of patients that later experienced dis-
ease progression showed higher degrees of nuclear dysmorphia and pleo-
morphism compared to non-progressors. Tumor cells from non-
progressors have larger values of morphological solidity and extent (larger
median, negatively-skewed distributions, Suppl. Fig. 6A–D, Suppl. Table 1),
while morphological extent has a larger variance in tumor cells from pro-
gressors (Suppl. Fig. 6E, Suppl. Table 1).

Further analyses were conducted to corroborate the validity of these
results. Calculating features shown in Fig. 5 separately for the tumor border
and the inner tumor highlights that both regions exhibit similar feature
distributions (Suppl. Fig. 7). Given the performance gap between the
Cologne and Munich cohorts in the image-based progression prediction
models, we investigated the biological differences between these centers
according to our engineered features. Remarkably, the centers display
similar feature distributions (Suppl. Fig. 8), and the features exhibit a
stronger association with disease progression than with the center of origin
(Suppl. Fig. 9).

We next tested whether our cell-based features are sufficient to predict
the progression/non-progression of patients based on their respective image
tiles using a tree-based classification algorithm XGBoost20. Interestingly,
using the cell-based features as input resulted in high prediction accuracy
(Suppl. Fig. 10, AUROC= 0.98, 95% CI = [0.97–0.99]). This highlights that
these features, which we computed using an independent pipeline, do
indeed capture relevant biological parameters and variation associated with
progression risk of patients. Thus the cellular and morphological features
are making explicit the morphological and structural components of the
tissues and cells that the deep learning model learned implicitly.

Overall, our explainability analyses indicate that tumor cell-intrinsic
properties as well as composition of the microenvironment and growth
patterns of the tumor are associatedwith the difference in prognosis and are
captured by our deep learning model to accurately predict progression risk.

Discussion
Deep learning has enabled automation of the analysis of large histo-
pathology images. These digital pathology methods not only provide fast

Table 1 | Clinicopathological characteristics of the different
cSCC cohorts. p-values correspond to chi-squared tests for
categorical variables and t-tests for continuous variables

Cologne Munich Bonn p

Patient characteristics

Patient number 166 51 35 —

Sex

Male 125 (75.3%) — 25 (71.4%) 0.632

Female 41 (24.7%) — 10 (28.6%)

Age

>80 80 (48.2%) 21 (41.2%) 17 (48.6%) 0.633

≤80 85 (51.2%) 27 (52.9%) 18 (51.4%)

Unknown 1 (0.6%) 3 (5.9%) —

Age at initial diagnosis
(mean ± std)

78 ± 9 79 ± 9 77 ± 9 0.549

Immunosuppression

Yes 43 (25.9%) 6 (11.8%) 7 (20.0%) 0.137

No 123 (74.1%) 42 (82.4%) 28 (80.0%)

Unknown 3 (5.9%)

Tumor characteristics

Tumor number 219 51 35

with progress 63 (28.8%) 22 (43.1%) 14 (40.0%) 0.085

without progress 156 (71.2%) 29 (56.9%) 21 (60.0%)

WSI (total) 219 129 291 —

with progress 66 (30.1%) 70 (52.3%) 214 (73.5%)

without progress 153 (69.9%) 59 (47.7%) 77 (26.5%)

WSI (detected tumor) 214 113 133 —

with progress 62 (29.0%) 61 (54.0%) 105 (79.0%)

without progress 152 (71.0%) 52 (46.0%) 28 (21.0%)

Invasion depth

≤6.00 mm 149 (68.0%) 31 (60.8%) 19 (54.3%) 0.083

>6.00 mm 47 (21.5%) 16 (31.4%) 13 (37.1%)

Unknown 23 (10,5%) 4 (7.8%) 3 (8.6%)

Grading

G1 137 (62.6%) 13 (25.5%) 11 (31.4%) < 0.001

G2 35 (16.0%) 12 (23.5%) 19 (54.3%)

G3 21 (9.5%) 12 (23.5%) 5 (14.3%)

G4 12 (5.5%) 8 (15.7%)

Unknown 14 (6.4%) 6 (11.8%)

Desmoplasia

Yes 3 (1.4%) — — 1

No 216 (98.6%) 48 (94.1%) —

Unknown — 3 (5.9%) —

Perineural Invasion

Yes 11 (5.0%) — — 0.368

No 208 (95.0%) — 33 (94.3%)

Unknown — — 2 (5.7%)
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and detailed insights into the cellular composition of massive WSIs21,22,
but also allow to identify patterns and anomalies that may be imper-
ceptible to the human eye23. Here we present an approach that combines
both: a model that detects complex, imperceptible morphological fea-
tures of a tumor sample that are predictive of patient outcome with an
explainability procedure to disentangle what these features are. While
patient outcomes might be influenced by multifactorial clinico-
pathological variables and span variable development trajectories, we
demonstrate that, in case of cSCC, prediction of patient progression is
possible based on histological images of their tumor samples alone. Via a
comprehensive and quantitative analysis of predictive regions of the
tumor samples we point to consistent and repetitive patterns in tumor
and tumor microenvironment morphology and organization that char-
acterize progression and non-progression patient groups. Our model
offers unmatched accuracy compared to the prediction based on clinico-
pathological features that were the gold standard up till now.

Our analysis combined data from three academic clinical centers:
Cologne,Munich, and Bonn. Themodel trained on a single cohort resulted
in an uneven accuracy on the remaining two cohorts, ranging from random
predictions to 0.84 AUROC. Our additional analyses (Suppl Fig. 2,8,9)
suggest that the performance difference observed between the Cologne and
Munich cohorts is more likely due to systemic variations in image
appearance, potentially stemming fromdisparities in tissue processing, such

as reagent concentrations or processing times, rather than biological dif-
ferences between cohorts. Apart from grading, the distribution of clinico-
pathological variables appears comparable, making it unlikely that these
factors contribute to the performance discrepancy. Analysis of features
extracted from cell nuclei segmentation further supports this, indicating
similar distributions between centers and a stronger associationwithdisease
progression than with the center of origin. While digital pathology models
require large and multi-center data for better generalization, clinical data
sharing carries important administrative hurdles and data protection risks.
Here we demonstrate that these difficulties can be overcome by employing
an FL training scheme resulting in a model with high accuracy across all
cohorts while circumventing cross-center data sharing. Our model devel-
opment strategy allows for easy incorporation of additional clinical centers
in the future which could potentially improve the prediction accuracy
further.

Deep learning models have achieved human expert-level accuracy in
standard diagnostic tasks such as tumor metastases detection and cancer
subtyping24–26. These tasks involve detecting patterns that, while sometimes
local, subtle, and difficult to notice, are known and described in pathology
textbooks. In contrast, while some histopathological parameters may be
indicative of disease progression4–8, predicting patient outcomes based on
WSIs remains a complex task. Numerous studies address prediction of
cancer progression based on HE-stained samples of tumors across diverse

Fig. 3 | Comparison of federated and original deep learning models for survival
prediction. A, B Federated model trained on Bonn and Munich cases, applied to
Cologne patients.C,DOriginalmodel trained onCologne, applied to Bonn patients.
A Progression-free survival of Cologne patients classified as high vs. low progression
risk based on federated deep learning prediction (threshold: Youden index, HR from
univariate Cox regression). B Multivariable Cox regression for n = 138 Cologne

patients, integrating federated deep learning risk categories with clinical parameters.
C Progression-free survival of Bonn patients classified using the original Cologne
model (threshold: Youden index, HR from univariate Cox regression).
DMultivariable Cox regression for n = 27 Bonn patients, combining deep learning
risk categories with clinical parameters.
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tissue types27–32, however rarely reaching accuracy > 0.80 AUROC.Notably,
combining image with clinical data has improved prediction accuracy in
some studies still barely exceeding 0.80 AUROC33–35. In cSCC research, the
work of Coudray et al. addresses the prediction of disease outcome from

WSIs using a bag of visual words classifier, achieving AUROC= 0.68936.
These examples demonstrate that prediction of patient progression is
indeed difficult, and that the accuracy of our model is among the best
achieved so far.

Fig. 4 | Slides and heatmaps of the patches’ classifier attribution score, tumor cell
ratio, and stroma cell ratio. A Slide of a progression patient, showing that theWSI-
based classifier assigns higher importance to the region outside the tumor area

(indicated by the tumor cell ratio heatmap). B Slide of a non-progression patient,
where the high attribution area coincides with the tumor-cell populated areas.
Colorbar indicates the slide-normalized heatmap values.
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Strikingly, progression risk of a patient could be predicted based on
histology images alone, exceeding by far the accuracy achieved by a model
trained on clinico-pathological features. Unlike clinical parameters7,8, or
gene expression measurements9,10, which in different clinical centers might
follow different standards, be done selectively for some patients only, and
come with a high cost, histology is routinely performed in cSCC diagnosis.
The fact that tissue slides are available for every patient and that prediction is
fast and free of additional costs, considerably increases the facility and
potential of our model for clinical use. Moreover, by obviating the need for
data sharing, FL greatly facilitates further model training and refinement
and its extension to additional centers.

Unlike prediction based on clinical parameters, which are numeric and
unambiguous, prediction based on image data is not easy to interpret.
Commonly, multiple instance learning models are interpreted using qua-
litative inspection of image regions with high attention scores24–26. Here we

adopt a fully quantitative and systematic approach to model interpretation
in which we filter predictive patches of each patient group and statistically
compare over 524 cell-based features between the two groups. Our features
are based on a segmentationmodel specifically designed for this tumor type
and capture a broad range of aspects of sample cell composition, spatial
organization of the tissue, as well as nuclei morphology19. We point to
several noticeable differences in tumor morphology between progressing
and non-progressing patients.

Interestingly, the most predictive patches of disease progression were
located outside of the tumor region. In contrast, in patients without disease
progression, the predictive patches were inside the tumor according to our
IGs-based analysis. On the level of cellular morphology and tissue archi-
tecture, tumors from patients with disease progression exhibited a higher
degree of heterogeneity. Parameters quantifying nuclear morphology
showed higher variability and in these patients, cells in the tumor tissues

Fig. 5 | Four of the features of the tumor cells used in the analysis. A−D show
violin plots and segmented image patches that illustrate these values. In general,
progression-associated tumor cells cluster together (A), interface with other cell
types (B), and have smaller (C), eccentric nuclei (D). These effects are not just local

to image patches, but they occur in larger regions, as shown in (E, F). The displayed
CLES (Common Language Effect Size) values are indicated for the group with
the largest mean. All features are significantly different in both groups, with
p-values < 0.0001 using Mann–Whitney U-test.
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showed a less uniform distribution. Different areas in and around the cSCC
tumor, as well as features of cellular morphology may play distinct roles in
the propensity for local recurrence and/or metastatic spread.

Future studies in additional cohorts, ideally together with genomic and
transcriptomic experiments will be instrumental to further validate our
model and infer cause-and-effect relationships between morphological
findings and risk of disease progression. Variability in nuclear shape has
been linked to cancer and tumor grading, where higher variability correlates
with greater aggressiveness. While mechanisms remain unclear, three key
factors contribute to nuclear eccentricity: reducednuclear envelope proteins
(lamin A/B), chromosomal abnormalities, and mechanical forces (e.g.,
cytoskeletal tension or invasion)37–42. These factors likely interact. For
example, elongated nuclei are observed in epithelial-mesenchymal transi-
tion (EMT), which increases motility and metastasis. In head and neck
squamous cell carcinoma, EMT-factor Snail downregulates lamin, enhan-
cing nuclear deformability, elongation, andmetastasis propensity43. Nuclear
deformation during migration through narrow spaces can induce DNA
damage, increasingmutational load and tumor aggressiveness37,38. Similarly,
anAImodel linkednuclear area variability to aneuploidy in lung, breast, and
colorectal cancer39. Nuclear and cellular morphology also influence signal-
ingpathways likeMAPK40.Multiple studies show that elongatedor irregular
nuclei correlate with poorer outcomes in epithelial malignancies, including
cSCC, underscoring their biological relevance41,42. Our findings across
multiple cohorts suggest high nuclear eccentricity is an intrinsic tumor trait.
Further studies should explore the interplay between biomechanical prop-
erties like nuclear shape and biological processes such as EMT in cSCC
aggressiveness.

In summary, our study presents an explainable, federated deep
learning model that reliably stratifies cSCC patients at high risk of disease
progression and identifies their characteristic morphological features. The
accuracy, interpretability, and federated implementation of our model hold
great promise to better understand the disease and to advance the man-
agement of cSCC patients in the future.

Methods
Patient cohorts
For the initial training cohort, all patients with a primary cSCC diagnosed
and treated by excision at theDepartment of Dermatology at theUniversity
Hospital Cologne (Cologne cohort) between January 2009 to May 2019
were collected. For these patients we used clinico-pathological parameters
based on medical records and pathology reports and performed active
follow-up regarding disease progression status. Local recurrence or lymph-
node/distantmetastasis within 2 years after initial diagnosis was considered
a progression event, and was annotated per tumor. Hematoxylin-Eosin
(HE) stained slides obtained during routine work-up of surgical samples
were available. The final cohort comprised 219 annotated tumors (progress
n = 63, non-progress n = 156) coming from 166 patients.

From the University Hospital Bonn (Bonn cohort) patients diagnosed
and treated for cSCC between March 2012 and September 2021 were
included. Tumors were excised at the Department of Dermatology or the
Department of Oral and Maxillo-facial Surgery and worked up histologi-
cally following standard procedures. We identified 23 primary cSCC cases
with eventual disease progression (recurrence/metastasis) and randomly
selected a group of primary cSCCs without disease progression. Of those,
HE slides were available for 35 tumors coming from 35 patients (progress
n = 21, non-progress n = 14).

For the cohort from the Department of Dermatology, Technical
University Munich (TU Munich, Munich cohort) we identified patients
with a primary cSCC and disease progression and assembled a random
cohort of primary cSCCs without disease progression. Of those, HE slides
were available for 51 tumors coming from51patients (progressn = 22, non-
progress n = 29).

The study was performed in agreement with the Declaration of Hel-
sinki Institutional Review Board of the University Hospital Bonn (vote
number 187/16), Ethics committee of theUniversityHospital Cologne (vote

numbers 21–1500, 20–1082 and 22–1330-retro) and institutional review
board of the TU Munich (vote number 2024–363-S-CB - 1). Need for
informed consent was waived for this retrospective analysis using anon-
ymized data. Clinicopathological parameters of the cohorts are shown in
Table 1.

Classification datasets
Whole-slide images (WSIs) were acquired from HE slides using a Nano-
Zoomer Slide Scanner (Hamamatsu) at 40x resolution. In total, we collected
219WSIsof 166patients fromtheUniversityHospitalCologne, 291WSIsof
35 patients from theUniversity Hospital Bonn, and 129WSIs of 51 patients
fromTUMunich.We filtered out slideswithout any tumor tissue according
to the Segmentermodel described by Sancéré et al. Thefinal dataset used for
training of the federated deep learningmodel comprises 214 slides from157
patients from the University Hospital Cologne, 133 slides from 35 patients
from theUniversityHospital Bonn and 113 slides from51patients fromTU
Munich. From this dataset, 228 slides are from patients showing cSCC
progression, and 232 slides are frompatients showing no cSCCprogression.
Data splitting is done in a stratified fashion on patient level, making 65-15-
20 splits for training, validation, and testing, respectively.

Pre-processing
Each WSI is tiled into patches of 256 × 256 pixels at x20 magnification.
Patches with less than 50% tissue are discarded, and the remaining patches
are processedwith an ImageNetpre-trainedEfficientNet-v2-L16, to compute
its feature vector representations. The average slide of our dataset produces
11330 feature vectors.

Classification
Each WSI is treated as the sequence of feature vectors corresponding to its
non-empty image patches. We use the multiple instance learning classifi-
cation model described by Pisula and Bozek44. Following an approach
similar toLu et al.45, a transformermodel initializedwith language-modeling
pre-training weights is used for classification. We use a RoBERTa trans-
former encoder46, and perform parameter-efficient fine-tuning by only
training its normalization layers45,47. To reduce compute and memory
footprint, we apply multi-head attention pooling at the input to shorten the
length of the patch sequence. The embedding vectors from the last layer of
the transformer encoder are averaged and fed to a linear layer for the final
classification.

Each WSI is classified independently during model training. During
inference, in caseswhere there aremultiple slides perpatient,we evaluate the
model on each one and take the prediction corresponding to the slide with
the biggest activation in the positive class output neuron.

We train our model with a Federated Averaging strategy for 50
rounds12. Adam is used as the optimizer algorithm, with a learning rate of
1.e-4, weight decay of 5.e-5, and batch size of 4. Model selection is done
based on weighted validation AUROC of the three cohorts.

Classification explanation and analysis
Beyond mere disease progression prediction with a deep network classifier,
we investigate the biological features that drive our classifier’s decision. Our
process is threefold: we detect relevant image regions responsible for the
model’s decision; we compute handcrafted features of the cellular compo-
sition of the image regions; and we perform the data analysis itself. This
approach is described in detail below.

We use Integrated Gradients (IGs) to identify regions of a WSI that
play a role in the classifier’s progression prediction18. IGs is a deep learning
explainability algorithm that attributes the prediction of a deep network to
its input features. We apply IGs to our cSCC progression predictionmodel,
to assign a positive score to image patches that contribute to the prediction
of the correct class, and a negative score to patches that contribute to the
prediction of the opposite outcome. By arranging the IGs attribution scores
of the patches in their corresponding spatial locations in the slides, it is
possible to visualize these values as heatmaps, as shown in Fig. 4.
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Weuse theHoverNet nuclei segmentationmodel described by Sancéré
et al. on the WSI image patches to identify their cell composition19,21. The
model detects and classifies cell nuclei into granulocytes, lymphocytes,
plasma cells, stroma cells, tumor cells, and non-neoplastic epithelial cells.
Once the cells in a patch have been identified, we compute a total of 524
features that summarize the patch into a single feature vector. These features
include:

Cell type populations and ratios.
Descriptive statistics (mean, median, variance, skewness, kurtosis,
minimum, maximum) of nuclei morphology, such as the mean tumor
cells nuclei eccentricity, or the variance in plasma cells nuclei area. These
features were computed with the ‘skimage.measure‘ Python package48.
Descriptive statistics of distances between cell nuclei, such as the median
distance between stroma cells and tumor cells.
Average Nearest Neighbor Ratio (ANNR) and Join Count analysis for
each cell type.

The features from the last item are used to quantify the spatial
arrangement of cells within a patch, and they capture two different
aspects of it.

ANNR is used to quantify the observed pattern of distances between
cell nuclei in a patch:

ANNR ¼ DO=DE ð1Þ

where DO is the observed mean distance between each cell and its closest
neighbor, and DE is the expected mean distance between each cell and its
closest neighbor if the cells were placed randomly:

DE ¼ 0:5
ffiffiffiffiffiffiffiffiffi

n=A
p ð2Þ

where n is the number of cells in a patch, and A is the patch area. An
ANNR < 1 indicates clustering (meaning, cells in the patch are closer than a
random pattern of cells), and an ANNR> 1 indicates a dispersed or regular
pattern of cell nuclei. We compute the ANNR for each cell type in a patch.

Join Count analysis gives a measure of spatial autocorrelation: it
describes how the values of a variable at neighboring spatial locations are
similar to each other. In our case, the variable of interest is the cell type,
where a positive spatial autocorrelation would mean that neighboring cells
belong to the same type, and a negative spatial autocorrelation wouldmean
that neighboring cells belong to different classes. Spatial autocorrelation is
complementary to ANNR, it quantifies neighboring cell nuclei types dis-
regarding how close or distanced they are.

Our Join Count analysis is computed for each cell type individually, in
the following way:

A patch is partitioned into a Voronoi tessellation, using the nuclei cen-
troids as seeds for the regions.
The regions are binary-labeled. Given a cell type, a positive label is
assigned to all the cell nuclei belonging to that class, and anegative label is
assigned to the remaining regions.
The different types of joins were then counted. Two neighboring cells
make a black-black (BB) join if they both are from the positive label (i.e.
the cell type being currently analyzed); a black-white (BW) join is formed
between two cells of opposite labels; and a white-white (WW) join
happens when two cells of the negative label neighbor each other.

This procedure is done for each cell type independently, assigning the
positive label (black) to the analyzed cell type and the negative label (white)
to all the other cell types. Ourmeasure of spatial autocorrelation is given by:

Spatial Autocorrelation ¼ ðJBB � JBWÞ=JT ð3Þ

where JBB, JBW andJT are the number of BB joins, the number of BW joins,
and the total number of joins, respectively. This equation is positive when

the majority of joins in a patch are BB joins, indicating a positive spatial
autocorrelation, and is negative when the majority of joins are BW joins,
indicating negative spatial autocorrelation.

We apply IGs to all the patients in the test set, and describe their
corresponding image patches as previously explained. We use in this ana-
lysis the patches coming from tumor regions detected by the Segmenter
model described by Sancéré et al.19,49, plus a surrounding tissue stripe of
approximately 800μm of width next to the tumor border. From the totality
of patches,we form twogroups:A “positive group”of imagepatches coming
from progression patients, which were detected to be explainable of this
condition with IGs; and a “negative group” of patches coming from non-
progressionpatients,whichwere detected to be explainable of this condition
with IGs.

To enhance the predictive signal and avoid over-representing patients
with bigger tumors, we take a slide’s top 10% IGs-scored patches, and limit
this quantity to 200 image patches per slide. We compare values of each
feature individually between the two groups of patches. We guide our
analysis by focusing on features whose values differ between the two groups
with an Effect Size bigger than random. We use the Common Language
Effect Size (CLES)50, or probability of superiority, as it has no assumptions
about the data distribution, and is straightforward to understand:

CLES ¼ PðX >YÞ ð4Þ

is the probability that a value sampled from group X is bigger than a value
sampled from group Y. In our case, the two groups are the positive and the
negative groups previously described, and we compute the CLES for each
feature with brute force, by exhaustively comparing each value of one group
with all the values of the same feature in the other group.

In addition to comparing the feature distributions in both groups, we
tested whether the individual patches’ feature vectors were sufficient to
predict the progression status of their respective patients using an XGBoost
classifier20. The patches under analysis (coming from the FLmodel’s test set)
were split into 80−20 train and test sets, andmodel selection was done with
3-fold cross-validation on this new train split.

Survival analysis with clinico-pathological variables
Associations of clinico-pathological variables with disease progression
and survival were done for all patients with available data. Association
with disease progression risk was calculated using logistic regression
and reported as odds ratios. Association with survival was done using
the Kaplan-Meier method with log-rank test as well as Cox propor-
tional hazard models and reported as hazard ratios with 95% con-
fidence intervals. For multivariable analyses, variables with p < 0.1 in
univariate analysis were combined. Analyses were done in R statistical
environment (v4.3.0).

Data availability
Data is available upon reasonable request to the authors. Code is available at
https://github.com/bozeklab/cscc-response.
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Chapter 4

Chapter 4

Context-aware skin cancer epithelial cell classifica-

tion with scalable graph transformers

In the previous work of Chapter 2 and Chapter 3 we used Histo-Miner pipeline
to segment and classify nuclei from cSCC WSIs. We needed a 2-models approach to
successfully classify healthy and tumor epithelial: we refined the classification performed by
cSCC Hovernet based on the tumor region segmented by cSCC Segmenter model. However,
this dual-model framework may overlook isolated tumor cells or micro-metastases that fall
below the detection threshold of cSCC Segmenter.

In this work we evaluated Graph Neural Networks, and more specifically graph Trans-
formers such as NodeFormer [46], DIFFormer [47] and SGFormer [48] in the task of
node classification. From a partially annotated WSI we built a graph called WSI-Graph
with nodes representing cell and node feature being morphology, texture (intensities and
colors) and class of the cell nucleus. We trained graph-based method on the built graph
and image-based method such as CellViT [25] and Hovernet [24] on the original WSI for
the task of epithelial cell classification as healthy or tumor epithelial.

In the previous experiment we used a full WSI from a single patient. Unfortunately,
scaling models such as CellViT and Hovernet to entire WSI datasets remains a challenge,
as the computational overhead of full-slide training is currently unsustainable for multiple
patients. To still compare image-based and graph-based model in a several patient context,
we extracted 372 patches from 93 WSIs of 84 and built 372 graphs from these patches,
consisting in TILE-Graphs. Once again we compared the performances of all models for
epithelial cell classification.

We found that in both cases, Graph Transformers with linear complexity outperform
image-based methods. Additionally, training and evaluation of graph-based approach are
significantly faster than for image-based approach. We can then use graph representation
of WSIs instead of original images to improve cell classification of our previous work.
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Abstract. Whole-slide images (WSIs) from cancer patients contain rich informa-
tion that can be used for medical diagnosis or to follow treatment progress. To auto-
mate their analysis, numerous deep learning methods based on convolutional neural
networks and Vision Transformers have been developed and have achieved strong
performance in segmentation and classification tasks. However, due to the large
size and complex cellular organization of WSIs, these models rely on patch-based
representations, losing vital tissue-level context. We propose using scalable Graph
Transformers on a full-WSI cell graph for classification. We evaluate this methodol-
ogy on a challenging task: the classification of healthy versus tumor epithelial cells
in cutaneous squamous cell carcinoma (cSCC), where both cell types exhibit very
similar morphologies and are therefore difficult to differentiate for image-based ap-
proaches. We first compared image-based and graph-based methods on a single WSI.
Graph Transformer models SGFormer and DIFFormer achieved balanced accuracies
of 85.2±1.5 (± standard error) and 85.1±2.5 in 3-fold cross-validation, respectively,
whereas the best image-based method reached 81.2±3.0. By evaluating several node
feature configurations, we found that the most informative representation combined
morphological and texture features as well as the cell classes of non-epithelial cells,
highlighting the importance of the surrounding cellular context. We then extended
our work to train on several WSIs from several patients. To address the compu-
tational constraints of image-based models, we extracted four 2560 × 2560 pixel
patches from each image and converted them into graphs. In this setting, DIF-
Former achieved a balanced accuracy of 83.6 ± 1.9 (3-fold cross-validation), while
the state-of-the-art image-based model CellViT256 reached 78.1 ± 0.5. DIFFormer
training was also substantially faster, requiring only 32 minutes for one single cross-
validation fold compared with approximately 5 days for CellViT256. Overall, these
results suggest that graph-based approaches constitute a promising alternative to
traditional computer vision methods for object classification tasks, such as cell clas-
sification.

Introduction

Hematoxylin and Eosin (H&E) staining [1] is widely used in pathology and serves
as a standard staining method for tissue examination. The resulting scans, called
Whole-Slide Images (WSIs), are high-resolution digital images of entire tissue sec-
tions captured from microscope slide. Deep learning has substantially advanced
WSI analysis, primarily through convolutional neural networks (CNNs) [2,3] and

ar
X

iv
:2

60
2.

15
78

3v
1 

 [
cs

.C
V

] 
 1

7 
Fe

b 
20

26



2 Sancéré et al.

more recently Transformer models [4,5,6]. Due to the large size of WSIs, their auto-
mated processing requires first splitting the image into smaller patches, extracting
features from the patches, before aggregating them for prediction or segmentation
of the entire slide. This approach enables analysis of the large images, however
does not allow the models to capture the tissue structure as a whole as each patch
contains only a small area of the image.

To explicit tissue spatial organization, recent approaches represent WSIs as
graphs, where nodes correspond to image regions and edges encode spatial re-
lationships. Different graph neural networks architecture were applied to such
graphs for survival outcome prediction [7,8,9,10]. Notably, Graph Transformers
models were used for lung, breast and kidney cancer WSI classification based on
individual patches [11,12,13]. These models demonstrate the effectiveness of graph
representations and GNNs for WSI analysis. While graphs are powerful models for
representing WSIs, graphs that are based on patches rather than individual cells
do not capture the detailed tissue composition and cellular interactions within it.

Graph representation in which nodes correspond to individual cells or nuclei
and edges link cells based on spatial proximity or feature similarity is a rich and
detailed model of a tissue sample. HistoCartography toolkit [14] was designed to
build such cell graphs but is limited to individual patches of the full WSI. Such
graphs were used for cell classification, through node classification with GNNs and
notably Graph Transformers, however using only patch-level context [15,16,17].
Similarly, hierarchical graphs including cell representations from WSI patches were
developed for tissue segmentation, cancer grading and breast cancer classification
[18,19,20]. In these approaches nodes represent individual cells enabling biologically
meaningful modeling, nonetheless, graphs remain restricted to local patches and do
not capture entire WSIs. Achieving tissue-level representation and analysis with
graphs requires incorporating all cells within a WSI and developing GNNs and
their training strategies capable of operating at this scale.

Classical GNNs rely on localized message passing, which limits their ability
to capture long-range dependencies and restricts their scalability to large graphs.
Graph Transformer models [21,22,23] enable to address this challenge with global
attention across nodes while leveraging efficient attention mechanisms. However,
the quadratic complexity of the attention mechanism with regard to the input
tokens, makes training on large graphs impossible. To overcome this issue new ar-
chitectures of scalable Graph Transformers with linear complexity were developed
such as Nyströmformer [24] and more recently NodeFormer [25], DIFFormer [26]
and Simplified Graph Transformers (SGFormer) [27]. These models were used for
node classification on large-graph benchmark such as ogbn-proteins [28], Amazon-
M2 [29] or pokec [30]. Training such models on cell-level WSI graphs could signifi-
cantly improve node classification accuracy over traditional patch-based methods.

In this work we propose a graph-based approach for tumor cell classification
in cutaneous squamous cell carcinoma (cSCC), the second most common non-
melanoma skin cancer worldwide [31,32]. Previous work showed that distinguish-
ing between healthy and tumor epithelial cells in the cSCC is challenging using
classical patch-based segmentation methods. The morphologies of these cells are
very similar and only a broader tissue-level context capturing cell spatial orga-
nization allows to correctly classify them in these two types [33]. We tackle the
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challenge of discriminating between healthy and tumor epithelial cells by building
large WSI graph and training scalable Graph Transformers with linear complexity.
We use a previously published dataset of cSCC WSIs [33] and construct graphs
at two different levels, WSI and patch and term these approaches “WSI-Graph”
and “TILE-Graphs” to compare GNNs and image-based models on epithelial cell
classification. We first asses the performance of GNN models on WSI-Graph and
found the best combination of node features. We then evaluated image-based and
graph-based approach on a several patient configuration with TILE-Graphs. To
the best of our knowledge this work is the first to:

• Encode a full WSI at a single cell level as a graph to generate node classification
predictions,

• Apply graphs to improve classification of epithelial cells as healthy or tumor
in the cSCC skin cancer,

• Compare graph-based and image-based methods on the same underlying data
represented as images and corresponding graph structures.

Methods

From WSI images to cell graphs

To apply a GNN for the classification of healthy versus tumor epithelial cells, we
converted a WSI of cSCC into a structured graph representation. In this graph,
each node corresponds to a cell nucleus and encodes morphological and texture fea-
tures, as well as the associated cell class. Edges connect neighboring cells, thereby
capturing their spatial relationships.

To obtain these nuclei and their initial labels, we used cSCC Hovernet [33],
a model previously developed for cell segmentation and classification. cSCC Hov-
ernet detects, segments and then categorizes cells into five types: granulocytes,
plasma cells, lymphocytes, stromal cells, and epithelial cells (without distinguish-
ing between healthy and tumoral cells). Using tumor regions annotated by an
expert pathologist, we refined this classification by splitting epithelial cells into
two subclasses: tumor epithelial and healthy epithelial. Specifically, epithelial cells
located inside annotated tumor regions were relabeled as tumor epithelial, whereas
epithelial cells outside these regions were relabeled as healthy epithelial. Impor-
tantly, not all cells within a tumor region are tumor cells; only those previously
identified as epithelial are reassigned as tumor epithelial. As a result, each cell of
the entire WSI is categorized into one of the six classes: granulocytes, plasma cells,
lymphocytes, stromal cells, tumor epithelial and healthy epithelial.

Based on the cell segmentation and classification, we represent a WSI as a
graph, where each detected cell nucleus forms a node. Each node i ∈ {1, . . . , N}
among all N nodes is associated with a feature vector hi = [fi ∥ ci] ∈ Rl+6 where
fi ∈ Rl encodes l morphological and texture features, and ci ∈ {0, 1}6 denotes the
cell class encoded as a one-hot vector. We built the undirected, node-attributed
graph G = (H,A), where H ∈ RN×(l+6) is the feature matrix concatenation of
each feature vector hi, and where A = [Aij ] ∈ RN×N is the adjacency matrix.
[Aij ] = 1 if there exits an edge connecting node i and node j, otherwise, [Aij ] = 0.
We define a threshold distance r0 and note dEij

the Euclidean distance between
the centroids of the cell nuclei in the WSI corresponding to nodes i and j in G.
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If dEij < r0, then there is an edge between i and j and [Aij ] = 1. The resulting
graph is shown in Figure 1a. The simplification and splitting steps are described
in the following sections.

Graph simplification

We simplify the graph by first removing all nodes corresponding to cell nuclei that
were detected by cSCC Hovernet but not classified (because of lower confidence).
In addition, nodes of epithelial cells with no degree are more likely to be miss-
classified, as epithelial cells are forming a compact group in the tissue. The nodes
corresponding to these cells are also removed.

The graph is subsequently used for binary node classification, where nodes
representing epithelial cells are classified as either tumor or healthy. Not all nodes
are considered equally during training and inference. In particular, nodes located in
the local neighborhood of tumor and healthy epithelial cells are expected to have a
greater influence on the classification through message passing than nodes that are
further away. To both reduce the computational complexity of the graph during
training and simplify its structure —thereby limiting the number of contributing
nodes in the aggregation of latent features during graph convolution— we remove
nodes that are away from epithelial cells by a given number of graph edges.

We define nodes corresponding to tumor or healthy epithelial cells as anchor
nodes around which the graph will be simplified. We retain all nodes that lie within
a geodesic distance dG (number of edges in a shortest path connecting 2 nodes) of
at most k from at least one anchor node. We define k-max-hops as the maximum
allowed geodesic distance between a cell and its nearest anchor node. We define
the class indicator matrix C ∈ {0, 1}N×6 where the i-th row ci ∈ {0, 1}6 encodes
the class of node i. To specify which class is an anchor, we introduce a binary
class-selection vector s ∈ {0, 1}6 where sp = 1 indicates that class p is selected
as an anchor class. For each node i ∈ {1, . . . , N} we define the anchor indicator
vector a ∈ {0, 1}N as:

ai =

{
1, if (Cs)i > 0

0, otherwise

The anchor indicator ai equals 1 if and only if node i belongs to a class selected
by s (here tumor and healthy epithelial). We finally introduce the node mask
mk ∈ {0, 1}N define as:

mk
i = 1 ⇐⇒ min

j: aj=1
dG(i, j) ≤ k, ∀i ∈ {1, . . . , N}

dG is computable for any pairs of nodes, but interestingly, by using the properties of
the powers of the adjacency matrix one doesn’t need to directly compute distances.
Indeed Aq

ij is the number of walks of lengths q from node i to node j. From this
we can deduce dG(i, j) as the smallest non negative q such as Aq

ij > 0. Another
definition of m is:

mk
i =

{
1, if

[(∑k
q=0 A

q
)
a
]
i
> 0

0, otherwise
∀i ∈ {1, . . . , N}

After simplification of G we obtain the induced subgraph G(k) = (H(k),A(k))
with the induced adjacency matrix A(k) ∈ RN×N and masked features matrix
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H(k) ∈ RN×(l+6) given by:

M(k) = diag(mk), A(k) = M(k)AM(k), H(k) = M(k)H (1)

Implementation details of WSI-Graph

From a WSI of cSCC skin cancer with annotated tumor regions we built and then
simplified a graph of this tissue as described in previous sections. We also split
the simplified graph into 100 non-overlapping subgraphs of similar sizes. To build
the subgraphs we ran K-means algorithm on the large graph nodes’ coordinates
features to form K spatial clusters. We used these subgraphs to evaluate GNN’s
performance on node binary classification task. The process of graph building
is depicted in Figure 1a where each node is colored according to its cell class,
and spatially located using nucleus centroid coordinates. Figure 1b shows the
graph edges. The threshold distance for edges is r0 = 50pixels corresponding to
r0 ≈ 11.5µm. This threshold ensures that neighboring nuclei within cells that are
likely to interact or form structures together are connected by an edge, while not
forming connections between nuclei that are far apart.

A comprehensive description of WSI-Graph before and after simplification is
shown in Figure 1c. The 22 node features represent morphology attributes of the
nucleus (7 features), the texture of the nucleus (7 features), a one-hot encoded
vector of the nucleus class (6 features) and the nucleus centroid coordinates (2
features). The morphology features are: area, perimeter, eccentricity, solidity, ma-
jor axis length, minor axis length and extent. The texture features are: roughness,
contrast, dissimilarity, homogeneity, entropy, angular second moment and disper-
sion. Finally, we represent each class label as a one-hot encoded vector ci ∈ {0, 1}6,
where exactly one element equals 1, indicating the class membership, and all re-
maining elements are equal to 0.

Implementation details of TILE-Graphs

We collected 93 WSIs from 84 patients with cSCC skin cancer for which tumor
regions were annotated by two experts (each expert having a subset of the data
to annotate). These WSIs are a subset of already published TumSeg dataset [33],
where the 93 WSIs kept here contain both tumor and healthy epithelial tissue.
Contrary to TumSeg where the images were downsampled, the collected WSI are
at 40x magnification. To generate TILE-Graphs we extracted two 2560x2560 pixels
patches fully inside the annotated tumor regions and two 2560x2560 pixels patches
containing healthy epithelial cells from each of the WSIs. We then built one graph
per patch. Figure 2a shows the generation of 3 graphs from the dataset. Contrary
to WSI-Graph dataset we did not simplify the graphs as they are smaller and all
their complexity will be needed for classification. We kept the same threshold
distance to generate edges as for WSI-Graph dataset: r0 = 50pixels corresponding
to r0 ≈ 11.5µm. A comprehensive description of TILE-Graphs is shown in Figure
2b. The node features are the same as in WSI-Graph.

Graph Transformer with linear complexity

In this work we perform binary classification of graph nodes as tumor or healthy
epithelial cells. Standard Transformer graph neural networks represent state of art
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Fig. 1: Description of WSI-Graph. (a) Steps to generate WSI-Graph. First a WSI
from cSCC patient is segmented using SCC Hovernet and tumor regions are annotated by
an expert to refine segmentation. From this segmentation map we build a graph, simplify
it around anchor nodes and optionally split it with K-means on centroid coordinate
features. (b) Zooming into the graph, edges generated with threshold distance r0 =
50pixels corresponding to r0 ≈ 11.5µm are shown. (c) Number of edges, nodes, node
features and instances of given cell classes before and after simplification (here k = 3
max-hops simplification).
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Fig. 2: Description of TILE-Graphs. (a) Steps to generate TILE-Graphs. First,
patches from cSCC patient sample extracted from tumor epithelial and healthy epithelial
regions are segmented using SCC Hovernet. Then from these segmentation maps 372
graphs are built. (b) TILE-Graphs dataset statistics. It includes 372 patches from 93
samples from 84 patients. The resulting 372 graphs are then split keeping graphs of the
same patients in the same split during cross-validation.
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and are efficient in node classification [21,22,23], but are computationally intensive
due to the quadratic complexity of the attention mechanism relative to number of
nodes. This restricts their practical application to small graphs (e.g., on the order
of hundreds of nodes) [23].

In our work we evaluated NodeFormer [25], DIFFormer [26] and SGFormer
models [27] - Graph Transformers with linear computational complexity w.r.t num-
ber of nodes. In NodeFormer, the original softmax attention is approximated using
stochastic kernel approximation, reducing the complexity to O(n). In DIFFormer,
the exponential function in the softmax attention is replaced by its first-order Tay-
lor expansion. This new attention layer can be efficiently computed using linear
complexity thanks to re-ordering the matrix product. SGFormer is composed of
a one-layer global attention and a shallow GNN network. Contrary to all-pair at-
tention that incurs O(n2) complexity, this simple global attention allows for O(n)
complexity. In contrast to original implementation of these models, we developed
an alternative training strategy which is described in the following sections.

Context-aware graph neural network classification of epithelial cells

We evaluated state of the art GNNs and Graph Transformers with linear com-
plexity for large graphs on k = 3 max-hops simplified graph G(3) for epithelial
node classification. Prior to training, continuous node features were standardized
using z-score normalization computed from training set nodes and applied to both
training and test sets. To prevent label leakage, the cell class features of epithe-
lial nodes targeted for prediction were masked during training. Although the cell
class feature was masked for epithelial nodes themselves, it remained available for
neighboring nodes. Consequently, the graph neural network incorporates biologi-
cally meaningful contextual information, including neighboring cell class features,
through message passing. The resulting epithelial node embeddings therefore de-
pend on both intrinsic cellular features and features propagated from neighboring
cells, enabling predictions based on the composition and spatial organization of
the local tissue microenvironment.

In general form, node embeddings were computed as:

H(3)
(l+1) = Φ(l)

(
H(3)

(l),A
(3)

)
(2)

where, H(3)
(l) ∈ RN×dl denotes node embeddings at layer l of G(3), A(3) ∈

RN×N is the adjacency matrix of G(3), and Φ(l)(·) represents the architecture-
specific propagation operator.

All architectures were adapted to binary node classification by replacing the
output layer with a single linear unit producing one logit and corresponding prob-
ability per node:

zi = w⊤hi + b

ŷi = σ(zi) =
1

1 + e−zi

where hi ∈ Rd denotes the learned embedding of node i, w ∈ Rd and b ∈ R are
learnable parameters shared across nodes, zi ∈ R is the predicted logit, ŷi ∈ (0, 1) is
the predicted probability, and σ(·) denotes the sigmoid function. Model parameters
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were optimized using binary cross-entropy loss computed exclusively over epithelial
nodes:

L = −
∑

i∈Vepi

[yi log(ŷi) + (1− yi) log(1− ŷi)] (3)

where yi ∈ {0, 1} denotes the ground-truth label of node i and Vepi ⊆ V
denotes the set of epithelial nodes. Finally, all model parameters were optimized
using Adam algorithm [34] to minimize L, with Adam parameters depending on
model chosen.

Finally, to evaluate model performance on binary node classification we ran
3-folds cross-validation using 2 folds for training and 1 for testing. We trained
for 200 epochs on one 80GB A100 NVIDIA GPU (Ampere micro-architecture) per
model, without early stopping nor hyperparameter search. To train on WSI-Graph,
SGFormer, NodeFormer, and DIFFormer used the hyperparameter configuration
from their respective training on the large graph ogbn-proteins [28]. To train on
TILE-Graph, these 3 models used the hyperparameter configuration from their
respective training on the medium graph Cora [35]. We applied the default hyper-
parameters in all other GNNs as in [36].

Image-based approaches for epithelial cell classification

To compare GNNs’ performance with image-based models, we created WSI-Graph
baseline dataset consisting on the WSI used to build the graph and its segmenta-
tions and annotations. This dataset contained over 36,000 segmented patches of
256x256 pixels. We trained CellViT256 model for 200 epochs on one 80GB A100
NVIDIA GPU to segment and classify epithelial cells as tumor or healthy. We
trained Hovernet for 2 distinct steps [37] of 50 epochs on two 80GB A100 NVIDIA
GPUs following original implementation. Prior to training on baseline dataset,
CellViT256 model was originally pretrained on 104 million 256×256px histolog-
ical image patches from The Cancer Genome Atlas (TCGA) and Hovernet was
originally pretrained on ImageNet [38] and the resulting weights were taken as ini-
tialization. We did not apply early stopping and used by default hyperparameter
sets. We either trained the models on all the WSI patches or on patches containing
at least 90% of epithelial cells. Keeping only detected cells, we calculated balanced
accuracy on epithelial cell classification on 3-fold cross validation.

We also generated TILE-Graphs baseline dataset. It consists on 37,200 anno-
tated patches generated from the 370 patches used to build the graphs of TILE-
Graphs. We evaluated image-based models on TILE-Graphs baseline dataset fol-
lowing the same strategy as for WSI-Graph baseline dataset.

Experiments and Results

Healthy epithelial cells (also called non-neoplastic epithelial) and tumor epithe-
lial (neoplastic epithelial) have very similar morphologies and are challenging to
discriminate in cSCC WSIs. In practice, pathologists rely primarily on the global
tissue architecture, overall composition, and on the surrounding cells to differen-
tiate healthy from tumor regions. In this context, state of the art image-based
model are performing poorly in classifying both cell types [33] as they process in-
dividual patches separately and lack information on the broader tissue structure.
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Both convolutional network inspired models, such as Hovernet [37] or Transformer
based model such as CellViT [39] have a limited input tile size they can process
for training or inference that fits into GPU memory. These tiles represent only a
small portion of the whole-slide image and therefore fail to preserve the broader
tissue context, leading to reduced performance.

Comparison of graph-based and image-based approaches for epithelial
cell classification

We compared the performance of linear-complexity Graph Transformers on large
graphs, i.e SGFormer [27], NodeFormer [25], and DIFFormer [26] with that of
conventional GNNs that can also scale to large graphs within a reasonable com-
putational budget, including GCN [7], GAT [40], SGC [41], SGC-MLP [36], and
SIGN [42]. To ensure consistency across models and reproducibility, we adapted all
architectures to the binary node classification by replacing the final output layer
with a single output unit producing one logit per node. We evaluated binary node
classification performance of GNNs following 2 distinct strategies.

First, consistent with common practice [27,25,26] we randomly sampled all
nodes from k = 3 max-hops simplified WSI-Graph (WSI-Graph(3)) into 3 folds
and applied the 3 folds cross-validation described previously. In this standard
transductive evaluation protocol, randomly selected test nodes are often adjacent
to training nodes, allowing their representations to be influenced by training data
through neighborhood aggregation during message passing. This can lead to overly
optimistic performance estimates when the goal is to assess generalization to in-
dependent or disjoint graph regions, in particular in biological tissues where cells
of the same type are often grouped togehter.

To overcome this bias, we used 100 subgraphs originating from WSI-Graph(3)

split and sample them into 3 folds. Each subgraph consists of non-overlapping
nodes and edges from WSI-Graph(3). We ran 3-folds cross-validation and predicted
all healthy epithelial and tumor cell classes in the test set in each run. This way
testing on subgraphs instead of random nodes from one single large graph allows
for an unbiased evaluation. The resulting balanced accuracy and standard error
from both evaluations are shown in Table 1. Following previous findings on large
graphs, SGFormer and DIFFormer are the best performing models.

We observed that state-of-the-art image-based models show lower accuracy
compared to SGFormer and DIFFormer on the same dataset when represented in
an alternative modality. Indeed, SGFormer and DIFFormer respectively yielded in
85.2 ± 1.5 and 85.1 ± 2.5 balanced accuracy (± standard error) whereas best tested
state of the art image-based approach CellViT256 yielded in 81.2 ± 3.0 balanced
accuracy. We were unable to train CellViT-SAM-B model as, even with mixed-
precision training, it could not fit into the memory of an 80GB A100 NVIDIA
GPU with an acceptable batch size. Results are listed in Table 2. Interestingly,
SGFormer was previously known as outperforming all GNNs of Table 2 in node
classification task [27], because common evaluation strategy is done under random
nodes evaluation protocol. With subgraphs protocol evaluation, the performance
is very similar to DIFFormer.
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Method Subgraphs Random Nodes

DIFFormer 85.2 ± 1.5 91.1 ± 0.1
SGFormer 85.1 ± 2.5 94.9± 0.2
SIGN 80.5 ± 2.8 84.8 ± 0.6
GAT 80.4 ± 1.0 73.3 ± 2.0
SGCMLP 80.4 ± 2.7 79.3 ± 0.4
NodeFormer 79.0 ± 0.5 85.0 ± 1.4
SGC 76.8 ± 2.2 66.8 ± 3.1
GCN 70.4 ± 2.0 84.6 ± 1.5

Table 1: Comparison of GNN models on binary epithelial node classification
performance on simplified WSI-Graph. Balanced accuracy (%) is reported as mean
± standard error over 3-fold cross-validation under subgraph-based and random node
evaluation protocols and k = 3 max-hops simplification for the graph ( WSI-Graph(3)).

Method Training set 3-fold crossval

Hovernet all patches 73.7 ± 1.4
epithelial only 79.3 ± 2.3

CellViT256 all patches 76.5 ± 1.9
epithelial only 81.2 ± 3.0

CellViT-SAM-B all patches OOM
epithelial only OOM

Table 2: Comparison of image-based models on binary epithelial cell classifi-
cation performance on WSI images Balanced accuracy (%) is reported as mean ±
standard error over 3-fold cross-validation for different methods and training set config-
urations, using image-based representations..

WSI-Graph node features ablation

We conducted a feature ablation study on WSI-Graph(3) to evaluate the impact of
node features on binary node classification performance. We evaluated SGFormer
performance using the evaluation protocols described previously. Always keeping
the nucleus coordinates as node features, we evaluate performance with different
node features combinations. Z-score normalization was computed on the training
set and applied to the test set using the same normalization parameters. In this
feature ablation study, we evaluate the impact of such normalization on the per-
formance. The results are reported in Table 3 and show that removing any type
of features and normalization leads to the poorest performance, highlighting their
crucial contribution to model generalization.

WSI-Graph simplifications and impact on performance

To evaluate the impact of graph simplification of WSI-Graph on binary node clas-
sification performance, we progressively restricted the graph connectivity by lim-
iting the maximum number of hops between nodes. This simplification reduces
long-range connections and constrains information propagation during message
passing. We evaluated SGFormer performance using the evaluation protocols de-
scribed previously.
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Node Features z-score norm Subgraphs Random Nodes

morphology no 67.8 ± 3.6 92.6 ± 0.3
morphology yes 79.6 ± 2.4 94.0 ± 0.5
morphology & texture no 70.6 ± 9.0 94.0 ± 0.9
morphology & texture yes 84.2 ± 1.6 94.3 ± 0.6
morphology & cell class no 73.6 ± 3.7 93.7 ± 0.5
morphology & cell class yes 84.0 ± 2.8 94.5 ± 0.4
morphology & texture & cell class no 71.4 ± 8.4 92.8 ± 1.1
morphology & texture & cell class yes 85.1 ± 2.5 94.9 ± 0.2

Table 3: Impact of node features on binary node classification performance
on simplified WSI-Graph. Balanced accuracy (%) is reported as mean ± standard
error over 3-fold cross-validation for different node features under subgraph and random
node evaluation protocols with SGFormer model and WSI-Graph(3).

Graph Simplifications Subgraphs Random Nodes

No simplification 82.2 ± 2.9 94.6 ± 0.1
50 max-hops 83.3 ± 3.3 94.9 ± 0.4
10 max-hops 86.6 ± 2.2 95.0 ± 0.2
5 max-hops 82.5 ± 1.9 94.6 ± 0.5
4 max-hops 82.1 ± 4.3 95.0 ± 0.4
3 max-hops 85.1 ± 2.5 94.9 ± 0.2
2 max-hops 81.8 ± 0.8 95.4 ± 0.3
1 max-hops 81.1 ± 3.9 94.7 ± 0.6

Table 4: Impact of graph simplification on binary node classification perfor-
mance on simplified WSI-Graph. Balanced accuracy (%) is reported as mean ±
standard error over 3-fold cross-validation for different maximum hop thresholds under
subgraph and random node evaluation protocols with SGFormer model.

As shown in Table 4, graph simplification has a noticeable impact on per-
formance under the subgraph-based evaluation protocol. The best balanced ac-
curacy is achieved with a 10-hop simplification (86.6 ± 2.2), while both more re-
strictive configurations (1–2 max-hops) and the absence of simplification result in
lower performance. This suggests that an intermediate level of connectivity pro-
vides sufficient contextual information for accurate classification while avoiding the
propagation of less relevant signals. In contrast, performance under random node
splits remains largely stable across all simplification levels. These results highlight
that local graph structure contains most of the useful information for node clas-
sification, and that moderate graph simplification can improve robustness while
reducing graph complexity.

A max-hops simplification with k = 3 provides a good compromise between
graph sparsity and model performance; therefore, this simplification was adopted
throughout this work.
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Method 3-fold crossval

CellViT256 78.1 ± 0.5

DIFFormer 83.6 ± 1.9
NodeFormer 69.4 ± 3.3
SGCMLP 66.4 ± 1.1
SIGN 66.3 ± 1.0
SGC 63.8 ± 1.2
GCN 61.9 ± 0.9
GAT 61.6 ± 1.4
SGFormer 61.0 ± 0.8

Table 5: Comparison of graph-based and image-based models on binary ep-
ithelial cell classification performance on TILE-Graphs and baseline dataset.
Balanced accuracy (%) is reported as mean ± standard error over 3-fold cross-validation
for different methods and training set configurations.

Comparison of graph-based and image-based approaches on multiple
patients dataset

We previously compared the performance of GNN models and state of the art
image-based model for epithelial cell and node classification using a large graph
derived from a WSI of a single patient. Evaluating CellViT on complete WSIs from
different patients is computationally prohibitive and thus prevented a systematic
training and evaluation on an entire WSIs dataset. We therefore devised another
approach to enable the evaluation of our approach across a larger number of pa-
tients. Following this goal we used TILE-Graphs and its baseline counterpart to
evaluate both CellViT256 and GNNs in the same 3-fold cross validation fashion as
previously described. Samples from same patients were distributed into the same
fold, and all models were tested using the same splits.

Our results show that DIFFormer outperforms vision Transformer CellViT256
on the binary classification of epithelial cells as healthy or tumor (Table 5). DIF-
Former model resulted in classification with 83.6 ± 1.9 balanced accuracy on 3
fold cross-validation and CellViT256 with 78.1 ± 0.5 balanced accuracy with the
same folds. Interestingly, SGFormer performed poorly on smaller graphs, even with
adjusted hyperparameters. Indeed, its very light Graph Transformer architecture
probably resulted in attention focused on very few nodes, and in the case of smaller
graphs, these nodes are not representative enough of the overall graph structure.

Discussion

WSIs of cancer samples contain rich information for medical diagnosis and for
gaining insights into tumor biology. These images contain thousands to million of
cells of different types whose automated segmentation and classification can help
practitioners in comprehensive assessment of sample. Due to the large size of WSIs
segmentation models are trained on small image patches. Within small patches, the
discrimination between healthy and tumor epithelial is difficult as healthy epithelial
cells and tumor epithelial cells have very similar morphologies. For this reason,
pathologists rely on the global tissue architecture, overall composition, and on the
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surrounding cells to differentiate healthy tissue from tumor regions. To address
this limitation of the WSI segmentation models, we explored, the use of GNNs,
for incorporation of broader tissue context to differentiate healthy epithelial from
tumor epithelial cells. We showed that scalable Graph Transformer architectures
outperform image-based approaches on this task.

In this work we show that creating graphs from medical images, where each
node represent a single cell, and using scalable Graph Transformers for cell classifi-
cation outperforms the image-based approaches. We started by evaluating several
graph-based methods and image-based models on the same annotated WSI. Graph
Transformer models SGFormer and DIFFormer resulted in 85.2 ± 1.5 and 85.1 ±
2.5 balanced accuracy, respectively (± standard error) on 3 fold cross-validation
whereas best tested state of the art image-based approach CellViT256 resulted in
81.2 ± 3.0 balanced accuracy. To further evaluate both graph-based and image-
based models on several patients, we collected TILE-Graphs dataset. This dataset
is composed of 372 patches from 93 WSIs of 84 different patients. The patches
are converted into smaller graphs and used to train GNNs. Importantly, a graph-
based approach, DIFFormer model, showed a classification performance of 83.6 ±
1.9 balanced accuracy on while state of the art image-based approach CellViT256
reached 78.1 ± 0.5 balanced accuracy. The higher accuracy of graph models in clas-
sifying the two cell types suggests that broader tissue context, encoded in graphs
is important for this task.

In addition to performance, a very important advantage of graph based models
is their lower computational cost. Graph representation of tissues is computa-
tionally lighter compared to raw images and can be manipulated with ease. On
the TILE-Graphs image baseline dataset, training CellViT256 required approxi-
mately five days to complete a single run of 3-fold cross-validation on a 80GB A100
NVIDIA GPU but only 31 min 59 s for graph architecture such as DIFFormer.
Graph-based approaches for cell classification represents therefore a powerful and
efficient way for WSI analysis compared to traditional computer vision methods.

In the present study, tissue was represented as a simple undirected graph in
which nodes were associated with handcrafted morphological and spatial features.
Future approaches could leverage pretrained foundation models for cancer whole-
slide images, such as VOLTA [43] to derive informative learned representations
of cellular phenotypes and incorporate them as node attributes. Furthermore,
more expressive graph formalisms, including multi-graphs or hypergraphs, could
be explored to capture higher-order and multi-relational interactions between cells
through alternative edge or hyperedge construction strategies.
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Supervision: Noémie Moreau, Katarzyna Bozek.
Validation: Lucas Sancéré.
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33. Sancéré, L. et al. Histo-Miner: Deep learning based tissue features extraction pipeline
from H&E whole slide images of cutaneous squamous cell carcinoma. PLoS Comput.
Biol. 22, e1013907 (2026).

34. Kingma, D. P. & Ba, J. Adam: A method for stochastic optimization. CoRR
abs/1412.6980 (2014).

35. Sen, P. et al. Collective classification in network data. AI Magazine 29, 93–106
(2008).

36. Wu, Q. et al. Sgformer: Simplifying and empowering transformers for
large-graph representations. https://github.com/qitianwu/SGFormer/tree/

3578e101c701491ce068bf26a9b029d2134903be (2023). GitHub repository, commit
3578e10.

37. Graham, S. et al. Hover-net: Simultaneous segmentation and classification of nuclei
in multi-tissue histology images. Medical image analysis 58, 101563 (2018).

38. Deng, J. et al. ImageNet: A large-scale hierarchical image database. In 2009 IEEE
Conference on Computer Vision and Pattern Recognition (IEEE, 2009).

39. Hörst, F. et al. Cellvit: Vision transformers for precise cell segmentation and classi-
fication. Medical image analysis 94, 103143 (2023).

40. Veličković, P. et al. Graph attention networks. In International Conference on Learn-
ing Representations (2018). URL https://openreview.net/forum?id=rJXMpikCZ.

41. Wu, F. et al. Simplifying graph convolutional networks. In Chaudhuri, K. & Salakhut-
dinov, R. (eds.) Proceedings of the 36th International Conference on Machine Learn-
ing, vol. 97 of Proceedings of Machine Learning Research, 6861–6871 (PMLR, 2019).
URL https://proceedings.mlr.press/v97/wu19e.html.

42. Frasca, F. et al. SIGN: Scalable inception graph neural networks (2020). 2004.11198.
43. Nakhli, R. et al. VOLTA: an environment-aware contrastive cell representation learn-

ing for histopathology. Nat. Commun. 15, 3942 (2024).



Chapter 5

Chapter 5

Conclusion

5.1 Projects code

5.1.1 Open-Source code for reproducible research

Reproducibility is a main concern in academic research. A 2016 Nature’s survey revealed
that more than 70% of the 1,576 researchers (from all fields) that answered the survey
have tried and failed to reproduce another scientist’s experiments. More than half have
failed to reproduce their own experiments [53]. Computer science as a whole is one of
the academic field where reproducibility of the work is the easiest as long as the codes
generated to produce the research results are openly available. In biology and physics,
experimental outcomes often depend on complex laboratory protocols, specialized instru-
ments, and environmental conditions that are difficult to replicate exactly. Additionally,
natural variability in biological samples or physical systems can introduce unavoidable
differences between experiments. In contrast, computer science experiments are executed
in standardized software environments and typically rely on widely available hardware.
Reproducibility is mostly limited by the access to GPU resources that are increasingly
more expensive, but rising number of works tend to reduce computation budget of ma-
chine learning research experiments. An analysis of 3,700 ICLR papers conducted in 2025
(ICLR-2025 Paper Digest) shows that Efficiency, Compression & Scaling is now the third
biggest machine learning research topic. It includes techniques for making large models
efficient, memory optimization, and understanding scaling laws.

Unfortunately, only average 19.5% of the papers accepted to top-tier machine learning
conferences in 2024 provide their code implementations [54]. Even when available, it is
often not working. A 2021 large-scale study on research code quality showed that 74% of
over 9000 R files tested from published research code failed to complete without error in
the initial execution, while 56% failed when code cleaning was applied [55]. Additionally,
code is often not reviewed in the revision process of applied machine learning journals.
Semmelrock et al. [56] discussed barriers in machine learning reproducibility. They find
that pressure on researchers to publish quickly prevent them to polish and work on the
code and then decreases their willingness to release it, as it is often only optional.

This work provides tools aimed at ensuring the reproducibility of our findings and
supporting future research applications. Concerning ”Histo-Miner: Deep learning based
tissue features extraction pipeline from H&E whole slide images of cutaneous squamous
cell carcinoma” [1] and ”Context-aware Skin Cancer Epithelial Cell Classification with
Scalable Graph Transformers” [3] we are solely responsible for the code. For ”Explainable,
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federated deep learning model predicts disease progression risk of cutaneous squamous cell
carcinoma” [2] first author Juan I Pisula is responsible for the project code.

5.1.2 Histo-Miner code

Histo-Miner code is available at https://github.com/bozeklab/histo-miner.

The README file consists on the main documentation, and an end-to-end example is
provided to help new user get started. To conceive the code and repository we followed
Good Practices recommendations for research code such as Hastings et al. 2014 [57] and
Wilson et al. 2016 [58].

5.1.3 Scalable Graph Transformers code

As stated, the github repository linked to this project will be openly available at the latest
at publication date of the paper in a peer-reviewed journal. At the date of publication of
this thesis manuscript, still some work is needed prior to code release. Future work should
focus on comprehensively describing the repository and adding installation commands for
the conda environment. Nevertheless, we can here describe the project code in its current
state and list the required work for future release.

SGFormer code repository [59] with MIT license served as a base for our implementa-
tion. Our repository is organized with the following modules:

• models: we adapted all implemented GNNs models from the original repository for
the task of binary node classification. We added implementation for masked training,
subgraphs evaluation protocol and cross-validation as developed in the paper.

• dataset-tools: new module used to generate a cell graph from annotated WSIs or
patches. Optionally, this module can be used to simplify or split the graphs following
the algorithms described in the paper. Additionally a script can be run to visualize
generated graphs, where centroid coordinates and cell class features of each nodes
are used to plot the graph in 2D with node colored based on cell class.

• baseline-tools: new module used to generate image-based baseline dataset to train
CellViT and Hovernet. Indeed, annotations and metadata must be in a CellViT and
Hovernet compatible format to allow for training and inference.

• configs: in the original repository all parameters where given via command line while
running the code. We created configs files compatible with Hydra [60] to improve
both readability and reproducibility.

• utils: new module to store all utils function for both graph generation and GNNs
training.
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The code rely on PyTorch [61] and PyTorch Geometric [62] for the machine learning models.

Prior to code publication, future work should focus on:

• Providing a comprehensive README file to help user run the code (similar to Histo-
Miner README),

• Provide a complete end-to-end example for user,

• Improve readability and doc-strings of all functions and scripts,

• Provide conda environment file and installation instructions.

5.2 Summary and Outlook

In this work we implemented Histo-Miner, a pipeline to detect, segment, and classify cells
from cSCC WSIs. The pipeline is also designed to be adapted for other cancers WSIs.
From these segmentations, tissue features are calculated and can be used for downstream
tasks. One example is the study of immunotherapy treatment response. It revealed that
percentages of lymphocytes, the granulocyte to lymphocyte ratio in tumor vicinity and
the distances between granulocytes and plasma cells in tumors are predictive features for
therapy response. We applied this method on a dataset from 3 clinical centers to study
most representative WSI patches for cSCC disease progression classification and showed
that non-progressive tumors maintained structural homogeneity, whereas progressive phe-
notypes demonstrated enhanced spatial intermingling between neoplastic cells and neigh-
boring non-malignant population. Finally, we represented WSIs as cell graphs and use
Graph Transformers model with linear complexity to improve on epithelial cell classifica-
tion accuracy and model training and evaluation time.

Further work could continue on these approaches on several different ways. One could
be improving architectures of the neural networks. For now Transformer architecture
is the gold standard and is applied to mostly all data modalities. In computer vision
there are both Vision Transformer (image-based) and Graph Transformers (graph-based).
Solodskikh et al. 2023 [63] introduced Integral Neural Networks, a new family of deep neural
networks based on new continuous layer representation, Albert Gu and Tri Dao 2024 [64]
introduced new state space model architecture Mamba. Next research could either apply
these models to medical data or create new architectures. Another aspect could be to adapt
the architecture to the medical data itself instead of looking for performing foundational
models. This could take the form of Neural Architecture Search (NAS) with a search space
that is tailored to a given medical task. Kuş et al. 2025 [65] compared their own two NAS
methods, PBC-NAS and BioNAS, across multiple biomedical image classification tasks.
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Improving NAS algorithms for biomedical tasks seems to be a promising future direction.
Large and open datasets for academia is also a key element to pre-train performing models.
New directions of research must include initiative to generate and share medical data, at
a multi-center scale. Recent work are going this direction: in the work of Hu et al. 2024
[66], researcher collected 73 different medical datasets including 12 different modalities and
covering more than 20 distinct anatomical regions.
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