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1. Introduction

Current technologies such as Cyclic Immunofluorescence images (t-CycIF) [29] allow for
highly multiplexed imaging and measurement of protein levels in single cells. t-CyclF
can produce images with up to 60 channels by sequentially staining, imaging, and
then inactivating fluorescent dyes on the antibodies. This allows for the simultaneous
measurement of many proteins in the same sample, with the resulting images with
pixel-level data on protein quantities.

When working with ovarian cancer samples whole slide images (WSI), it can
be expected to obtain images of more than 50000 x 40000 pixels on average [50]. If,
with t-CyclIF, 60 antibodies (channels) are run in these images, the resulting images
will contain more than 100 billion pixels. These images provide a unique opportunity
to identify biological mechanisms at a single-cell resolution but, at the same time,
pose an important data analysis challenge, given the amount of data to be processed.
This process can become especially overcomplicated when identifying common patterns
shared across different patients’ WSI images. A pipeline to help identify the most
important regions to analyze in these images could improve the speed and accuracy of
analysis.

Previous studies have proposed the usage of machine learning models in WSI
images to predict regions-of-interest (ROIs)[21]. However, most of these models are
developed for hematoxylin and eosin stain (H&E) images and trained for the task of
ROI identification based on manual annotations of pathologists. This creates
obstacles for the analysis of t-CyclF image data: A) Models trained for H&E images
typically expect three channels as input and can not handle images like those
produced by t-CyclF B) the manual annotations of the ROIs are not the most
common label to have for these type of images and therefore might not be available;
and C) the model is trained to identify the same regions that the pathologist had
previously identified, therefore, not aimed for discovering unidentified patterns. A
tool that uses t-CycIF as an input and can identify ROIs related to the biological
processes of interest, such as therapy resistance, in a less guided fashion might help
understand important mechanisms that were not previously identified.

ROIs can be very helpful in a clinical setting, by highlighting important regions
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to pathologists, speeding up their daily practice. In a research setting, ROIs related to
process of interest, as it could be therapy resistance, might guide researchers to novel
discoveries.

A joined data analysis pipeline that uses both t-CyclF and spatial
transcriptomics technologies can have great potential for biological discoveries. Some
spatial transcriptomics technologies, such as GeoMX can allow the identification of
tumoral regions at cellular resolution. While t-CycIF can be utilized for whole slide
images, GeoMX allows the maximum size of the region to be analyzed of
660 pm x 785 pm. In the aforementioned data analysis pipeline, an ROI from the
whole slide image must be selected to use the sample for an experiment with GeoMX
technology. The proposal of identifying ROIs with machine learning models can
greatly help enhance the processing time with GeoMX and provide meaningful areas
that may guide new discoveries. At the same time, GeoMX spatial transcriptomics
results can be used to validate that the proposed ROIs are biologically meaningful.

Existing single-cell segmentation and cell phenotyping methods [27, 8] yield
impressive results in characterizing individual cells, but important spatial information
is lost in the single-cell-level analysis. Important tumor microenvironment (TME)
structures such as tertiary lymphoid structures (TLS) [8] are better identified with a
spatial context. Therefore, I propose an end-to-end pipeline that uses the t-CyclF
images with minimum preprocessing, to train a model that produces ROIs related to

classification tasks.

1.1 Rationale

To interpret whole-slide images and make biological conclusions, it is required to
identify the most important ROIs for downstream analysis, such as when analyzing
the tissue with spatial transcriptomics technology. Existing AI methods cannot
process t-CyclF highly multiplexed imaging, as they are designed for 3-channel H&E
images. Solving this can allow the identification of new biological mechanisms and

improve patient stratification.

1.2 Aim

In this work, I aim to

1. develop a preprocessing method to input large-scale whole-slide multichannel

immunofluorescent images to a machine learning classifier pipeline.
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2. develop a machine learning pipeline to classify images based on clinical features,

such as survival and therapy resistance

3. from the classifier in the previous step, extract ROIs used by the classifier that

are relevant to biological processes






2. Background

2.1 High Grade Serous Ovarian Carcinoma

High Grade Serous Ovarian Carcinoma (HGSOC) is the most common type of
ovarian cancer. It is responsible for 85% of the fatalities from all forms of ovarian
cancer [42]. The 10-year survival rate for patients with early-stage HGSOC is 55%,
while it is only 15% for patients with an advanced-stage disease [37]. One of the
principal reasons for the elevated mortality of HGSOC is that it is most commonly
diagnosed in advanced stages [28]. Only 13% of HGSOC cases are diagnosed at stage
1 or stage 2. A better understanding of the biology of HGSOC has led to the
identification of new treatment options for a subset of patients. Genetic alterations
cause distinct patterns in the development and progression of HGSC, with an effect
on clinical behaviors. The samples can be categorized based on the status of a
DNA-repair Homologous Recombination (HR). HR-deficient (HRD) samples
accumulate high chromosomal abnormalities, including loss of heterozygosity, large
scale transitions and telomeric allelic imbalances, which are indicative of high HRD
score. In total, around 50% of the HGSC cases manifest HR deficiency, often resulting
from alterations in tumour suppressor BRCA1/2 genes ([6],[40]). The identification of
homologous recombination deficiency led to the successful targeting of these
biological drivers and the discovery of synthetic lethality induced by PARP inhibitors
(PARPi) proven to be effective at least in BRCA-mutated cancers [51]. Nonetheless,
advanced HGSOC survival had a minor improvement over the last decades [53]. A
better understanding of HGSOC mechanisms, and especially mechanisms of therapy

resistance are needed to improve the overall survival of this deadly cancer.

2.2 Primary Debulking Surgery and Interval
Debulking Surgery

Primary Debulking Surgery (PDS) is an approach where the patient first undergoes

surgery to remove as much of the tumor as possible, followed by chemotherapy. PDS

5
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has been the standard of care for advanced ovarian cancer since the 1970s[10]. Interval
Debulking Surgery (IDS) involves giving neoadjuvant chemotherapy (NACT) first to
shrink the tumor, followed by surgery to remove any remaining disease, and then
additional chemotherapy after surgery. IDS has emerged as an alternative to PDS in
recent years[10]. The main difference is that with PDS, surgery precedes chemotherapy,
while with IDS, chemotherapy is given first to shrink the tumor before surgery is
performed. As the tissue analyzed with the t-CyclF pipeline is extracted during the

surgery, PDS tissues are not exposed to chemotherapy, while IDS tissues are.

2.3 Tumor microenvironment

The tumor microenvironment (TME) is a complex and dynamic network that
surrounds and interacts with cancer cells, playing a crucial role in cancer progression,
metastasis, and treatment resistance. It consists of various cellular and non-cellular
components, including immune cells, fibroblasts, endothelial cells, extracellular
matrix (ECM) proteins, signaling molecules, and blood vessels. An illustration of the
tumor microenvironment can be seen in Figure 2.1. Evidence across different cancer
types shows the importance of TME in responding to a broad range of cancer
therapies, further reinforcing the idea that the characterization of the tumor alone is
not enough to understand therapy mechanisms and therapy resistance [44]. The
tumor microenvironment is orchestrated by malignant epithelial cells and guided by
tumor-induced interactions [52]. Tumor-derived signals downregulate anti-tumor
functions from immune effector cells, resulting in tumor escape from the host immune
system. Certain therapy strategies can be used to modulate the microenvironment
towards one with anti-tumor activity [52]. In the case of HGSOC, distinct
characteristics of the tumor microenvironment have been identified across different

patients where characteristics of increased immunosurveillance were detected [25].

2.4 Biomarker-based therapeutics

Many existing approved FDA treatments require the identification of biomarkers for
the selection of patients who can benefit from them. For example, in breast cancer
treatment, anti-HER2 agents are dependent on identifying the patient’s cancer as
being HER2 positive [36], in the case of non-small-cell lung cancer (NSCLC), the
treatment decision is highly influenced by several biomarkers [32] and in HGSC
BRCA mutation and HRD status are important biomarkers for PARPi therapy [40].
More biomarkers are yet to be discovered. With existing technologies such as

immunofluorescence imaging, single-cell analysis, and other omics data, there is an
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Figure 2.1: Tumor microenvironment illustration, showing the different types of cells and typical
steps occurring in the microenvironment for a primary tumor site and a different metastatic site.
Extracted from [48].

important challenge in finding patterns in amounts of data that are difficult to
process at a human level. Machine learning could help in making sense of the vast

amounts of omics data that we have and find new actionable biomarkers [11].

2.5 Tissue microarray

Tissue microarray (TMA) is a useful technique in the field of pathology, it helps to
reduce the amount of data to be processed and reduce the costs of experiments,
allowing the processing of multiple samples in parallel [16]. This technique can be
useful for biomarkers discoveries using large patient cohorts. A microarray contains
several tissue samples from different cases assembled on a single histologic slide. Each
sample is extracted with a cylindrical shape from a bigger structure. With this
technique, hundreds of samples can be arrayed into a single paraffin block. It allows
simultaneous analysis of molecular targets under identical, standardized conditions on
a single glass slide. It is an effective tool for high-throughput molecular analysis of
tissues. An illustration of the process of building tissue microarrays can be seen in

Figure 2.2.

2.6 Tissue Cyclic Immunofluorescence Imaging

Tissue-based cyclic immunofluorescence (t-CycIF) is a method for highly multiplexed

immuno-fluorescence imaging. It can produce up to 60-plex images on an interactive
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Figure 2.2: Diagram showing the steps involved in a tissue microarray extraction process and the

resulting sampled material. Extracted from [2].

process, in which low-plex fluorescence images from the same sample are repeatedly
collected and finally assembled into a high-dimensional image. High plex imaging can
greatly expand the number of identified cell populations in the TME[29]. It is an
effective method for pre-clinical and clinical research[29].  This method allows
simultaneous visualization of multiple proteins within a tissue section and provides
detailed maps of protein expression and localization, being a great tool to understand

the TME further and for biomarker discovery.

2.7 Computer Vision

Computer vision is a field of artificial intelligence (AI) that enables computers and
systems to derive meaningful information from digital images, videos, and other
visual inputs and to take actions or make recommendations based on that
information. Previously, it was considered that the goal of computer vision was to
mimic human visual perception. Therefore, the robustness of a computer vision
algorithm should be judged against the performance of a human performing the same
task [34]. Deep learning methods are the state-of-the-art in several fields, including
computer vision[49]. In the last decade, deep learning algorithms have been reported

to exceed the human-level performance on some computer vision tasks [19]; this
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creates the possibility that machine learning algorithms could be applied to tasks in
which humans have issues. Given the vast amount of data present in each t-CyclF
image, computer vision could be a powerful tool to discover patterns that are difficult

for the human eye to notice.

2.8 Machine learning for digital pathology

Whole slide images (WSI) of tissues can result in very large images, where a resolution
of 100k x 100k is common [38]. Processing this amount of information by a human
expert is not easy and, in general, requires that a pathologist select a region of interest
to focus on. In a clinical setting, this creates subjectivity in the diagnosis tasks as
different pathologists might select different ROIs and arrive at different conclusions
[35, 41, 33] while in a research setting, there might be potential biomarkers that are
showing patterns that are not easy to detect; machine learning can help develop more
efficient pathology workflows, standardizing and automating manual and subjective
tasks [38] and can help find new promising biomarkers. If that type of sample is run
on a t-CyclF method, it can result in 100k x 100k pixels by 60 channels, which is more
than 600 billion pixels. This creates a huge challenge for human experts to identify
relevant patterns. Machine learning can be critical in processing this data, finding
patterns, and selecting ROIs that might lead to identifying novel biomarkers. At the
same time, this amount of data can be challenging to process with a machine-learning
pipeline. Therefore, different techniques have been developed to be able to process
WSI images in a typical pipeline. For example, a common preprocessing step, is to
divide a WSI into smaller tiles, so a group of tiles can be fitted into memory. This can
be seen in Figure 2.3.

The state of adoption of machine learning in this field is heterogeneous in clinical
practice. [13] provides a comprehensive analysis of the current status of different sub-
areas in cancer pathology. A typical pipeline for deep learning in digital pathology
is provided, which contains a series of steps that is common across most applications
(can be seen in Figure 2.4). [13] classify deep learning models for digital pathology
in two categories: basic, which aim to simplify routine workflows that are currently
entirely performed by human pathologists (tumor detection, subtyping, and grading),
and advanced (survival prediction, mutation, response prediction), which includes those
that exceed pathologistsa routine capacities. As part of the categorization provided by
this article, it explains that basic systems could potentially reduce cost or turnaround
time, but only in rare cases do they improve sensitivity and specificity as compared
to human expert observers. On the other hand, it states that advanced models, with

the inference of genetic alterations, prediction of survival and prediction of treatment
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Figure 2.3: Typical tiling process, to divide WSI image into smaller images that could be fitted into

a machine learning pipeline.

response, have the potential to change clinical decision-making in the management of
solid tumours. The review article, which is from 2021, described that there is only one
FDA-approved model for the basic case and none for the advanced one. In Figure 2.5,
it is possible to visualize the landscape provided. For both categories, it is explained
that a critical challenge is the validation that a model generalizes to different patient
cohorts and is not overfitting to data from only one patient cohort used for model
training. This suggests that the impact of this tool is still to be seen in daily clinical
practice. As explained in the cited publication, H&E slides are routinely available for
almost every cancer patient, making them an easy-to-obtain data source. Therefore,

most of the existing work in digital pathology focuses on this type of images.

2.9 Biological interpretation of ML features

Deep neural networks are a type of machine learning model that is known for the
difficulty to interpret and is commonly referred to as a black box [4]. There are multiple
attempts to explain deep learning model decisions. In the case of computer vision, with
algorithms to try to identify the pixels that caused the activation of a model [43] or
model architectures that, by their design, provide interpretability information [12].

Nonetheless, proving the value of such interpretations from a biological point of view
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is not a solved task. In [26], they used a classifier model trained to predict response to
platinum-based therapy in HGSC from H&E images and extracted the image regions
used by the model for its prediction, which are then the selected regions to obtain the
spatial transcriptomic (10X Genomics Visium) information from. After obtaining the
spatial transcriptomics profile from the high-importance regions for the classifier model,
the spatial transcriptomic was obtained from other regions (not important for the
classifier model) and both transcriptomic profiles were compared. Tissue microarrays
(TMAs) were constructed, and those were used for the spatial transcriptomic analysis.
On those TMAs, differentially expressed genes were identified between short and long
PFI groups. The inter and intragroup distances of the ST profile for the HC (high
confidence) and BG (background) regions were measured. The intergroup distance is
the cosine distance between long and short PFI, and the intragroup distance refers
to the distance between background and high-confidence regions for the same group.
To detect the most relevant alterations between short and long-survival groups, they
identified the differential gene expression of the high-confidence regions of those groups.
A gene set enrichment analysis was carried out. They found several enriched pathways
in each of the long- and short-PFI groups. Important robust differences were identified
in high confidence areas of both groups but not in background regions.

This example illustrates a path to get a biological validation of regions of interest
proposed by a machine learning model. The model was trained to predict platinum-free
interval (PFI) after at least 6 cycles of platinum-based chemotherapy, and it considered
either 6 months or less (short PFI; PFI-S) or 18 months or more (long PFI; PFI-L)
classes. An illustration of the pipeline used in the referenced article can be seen in
Figure 2.6. The study used samples from Helsinki Biobank. All samples belong to
HGSC patients with stage III or IV disease who underwent primary debulking surgery.
As a limitation, they kept only two TMA cores for each sample (one high confidence and
one background region), potentially losing valuable information. Another big limitation
of the article is the selection of groups; as they only focused on very extreme cases of
short and long survival, they ended up excluding most patients (from 517 patients,
they only ended up including 52 patients). Furthermore, from those 52 patients, the

sample size ends being reduced to 16 patients.

2.10 Variational Auto Encoders

Variational autoencoders (VAEs) are a type of generative neural network model that
learns a probabilistic latent representation of input data [24]. VAEs encode inputs as
a distribution in the latent space. VAEs can generate new samples by sampling from

the learned latent distributions, enabling them to be used as generative models. VAEs
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consist of an encoder network that maps inputs to parameters of a latent distribution,
and a decoder network that maps samples from the latent space back to the input
space. The model is trained to maximize the evidence lower bound (ELBO), which
encourages the latent distributions to capture the statistical structure of the training
data. Autoencoders architectures have been used in the literature to learn a latent
representation of digital pathology WSI images[14]. A typical VAE architecture can

be seen in Figure 2.7.

2.11 ResNet classifier

Residual Networks (ResNets) are a class of deep convolutional neural networks
introduced by He et al. in the 2015 paper, "Deep Residual Learning for Image
Recognition'[18]. ResNet addressed the challenge of training very deep networks,
which was historically hindered by the vanishing gradient problem[20] and the
degradation of accuracy as the network depth increased. By introducing residual
learning, ResNet allowed for the effective training of networks with significantly
greater depth. The core innovation of ResNet is the use of "residual blocks," which
include identity shortcut connections that bypass one or more layers. These shortcuts
enable the network to learn residual mappings instead of directly learning the desired
transformation. As a well-established and widely recognized architecture, ResNet

provides a consistent and reproducible baseline for evaluating novel methods.

2.12 Foundation models’ (for pathology)

Foundation models are a class of machine learning systems that are pre-trained on large-
scale, diverse datasets and designed to be adapted for a wide range of downstream tasks.
In the context of pathology, foundation models are pre-trained on extensive collections
of histopathological images, often sourced from various tissue types, disease states,
and staining techniques. In this work, I explored two foundation model’s: UNI and
GigaPath. UNI is a Vision Transformer computer vision model for digital pathology[9].
It was trained using over 100 million tiles from over 100 thousand H&E WSI slides and
can produce embeddings over a given digital pathology image. Prov-GigaPath is a
model pre-trained on 1.3 billion pathology image tiles in 171,189 whole slides. Prov-
Gigapath has two main components, a tile encoder and a slide encoder that uses the
embeddings generated by the tile encoder, with their coordinates from the original
image, to produce a slide embedding. The main idea behind these models is that the
pretraining that they had on vast amounts of data will help when these models are

applied to a new downstream task.
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2.13 Attention

The attention mechanism has been proposed and applied successfully in the context
of Natural Language Processing ([30], [47], [15]). It is designed to selectively focus on
the most relevant parts of a sequence when forming a representation of the input.
Rather than treating all parts of the input equally, attention assigns weights to each
part based on its relevance to the task. In most applications of attention-related
architectures, the sequence is a sentence where each of the words obtains a different
"attention score', giving the importance of the elements for the task at hand.
Nonetheless, several computer vision applications have benefited from attention
mechanisms. In the context of computer vision, the sequence is generated by dividing
an image into tiles and creating a sequence of those tiles as how they are represented
in the image. This has resulted in a performance boost for several computer vision
tasks with large datasets, and state-of-the-art models for numerous famous computer

vision tasks use an attention layer as part of their architecture [17].

2.14 Multiple-instance learning

Multiple-instance learning (MIL) is a type of supervised learning paradigm where the
label is assigned to a set or bag of instances, opposite to having a label per instance
as in a typically supervised paradigm[5]. The MIL assumption for a binary problem is
that every positive bag contains at least one positive instance. The individual instance
labels are not known during training. This paradigm adapts very well to a digital
pathology setting, where, in most cases, a label exists for a complete image. Still,
there are no labels assigned to separate sections of the image, where most of the image
might not contain any signal of the label, but only a small part of it is related to
the label (i.e., cancer subtype label)[14]. MIL architectures that use Attention layers
provide as part of their architecture a method for extracting model feature importance

over images, which has a direct application in digital pathology.

2.15 F1-score

The Fl-score is a widely used performance metric in classification problems,
particularly when dealing with imbalanced datasets. It is the harmonic mean of
precision and recall, providing a single value that balances the trade-off between these
two metrics.  Precision measures the proportion of correctly predicted positive

observations out of all predicted positives, while recall measures the proportion of
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correctly predicted positive observations out of all actual positives. By combining
these, the Fl-score captures the performance of the model in scenarios where both
false positives and false negatives are critical. I chose the Fl-score as the evaluation
metric to compare the models in this study because it offers a robust measure for
assessing classification performance in the presence of imbalanced class distributions.

The formula for the Fl-score is given as:

Precision - Recall

Fr=2.
! Precision + Recall

where precision is calculated as

True Positives

Precision =
True Positives + False Positives

and recall is calculated as

True Positives
True Positives + False Negatives'

Recall =
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3. Methods

3.1 Computational Analysis Pipeline

The method were implemented using Python programming language. Most of the
analysis and model training was performed on computing clusters with access to
graphics processing units (GPUs). As part of Aim 1), the images needed to be
pre-processed, creating tiles out of these images with dimensions that can be easily
used in the machine-learning pipeline. As part of creating the tiles, it was necessary
to create a logic that detected the tissue position in the image and discarded the
background. For Aim 2), the model implementation and training were carried out
using the PyTorch Python library[39]. I tested three different classifier architectures:
VAE combined with a simple convolutional network, ResNet, and Multiple Instance
Learning, using a simple trained-from-scratch encoder and also pre-trained encoders
for histopathology [54] based on the Vision Transformer [12] architecture, a computer
vision implementation of the popular transformer architecture commonly used for
natural language processing (NLP) tasks [46]. In the Multiple Instance Learning
architecture that I used, which includes and Attention layer, an attention weights
matrix can be easily computed to understand the regions of the image that the model
assigns more importance to. I determined the suggested ROIs related to the
classification task with this weights matrix. I adapted these existing models to
multiplex imaging. Novel strategies were needed to handle the amount of channels

available in this data.

3.2 Data

This work is based on highly multiplexed immunofluorescence images with at least 15
channels, which are contained in OME-TIFF [7] pyramidal files. These images contain
single-cell-level information on the antibodies’ expression in the immunofluorescence
process. The proposed model will be trained on datasets from HGSC patients with
FIGO stage IIb-IV. The number of channels and type of antibodies vary between the

19



20 CHAPTER 3. METHODS

different datasets. Dividing the input images into tiles is necessary to accommodate

the input data in dimensions the machine learning pipeline can handle.

3.2.1 NKI dataset

For tissue microarray (TMAs)[16] images, I used 29-channel (corresponding to
different antibodies) 964 core images, with four cores per sample from 241 patients in
Dutch tertiary referral hospitals (Netherlands Cancer Institute-Antoni van
Leeuwenhoek Hospital (NKI-AVL), Maastricht University Medical Centre (MUMC)
and Amsterdam University Medical Centre (AUMC)), between January 2008 and
December 2015. A plot summarizing the dataset cohort can be seen in Figure 3.1.
This data was collected initially by [45], which, in each case, sampled two cores from
the tumor center and two more from the periphery. The TMAs were scanned with a
RareCyte CyteFinder scanner following the t-CycIF protocol[29]. The image tiles
were stitched and successively piled up with the corresponding images from every
cycle to one another (registered) using the ASHLAR algorithm[3]. The TMA’s cores
were cropped from the stitched multi-channel image with the Image Processing

Toolbox on MATLABI1]; this process produced multi-channel tiff images.

HGSC patients 964 cores

® Pre-chemo (n=97) 10 TMAs High-plex imaging
? Primary debulked ~4 cores per tumor 9 channels

surgery (PDS)

@ @ After-chemo (n=144)
{ Interval debulked
o surgery (IDS)

Figure 3.1: NKI dataset description. Created in https://BioRender.com.

3.3 Preprocessing: Normalization of t-CyclIF data

The t-CyclF process implies using several cycles of low-multiplex imaging over the
sample. As described in [29], highly multiplexed antibody intensities on the images are
affected by the cycle number that they are run on. An example of this, with different
antibodies, can be seen in Figure 3.2. For some antibodies, fluorescence intensity
increases with cycle number, and for others, it decreases. The reasons for the variation
in staining with cycle number are not known, but this variation is reproducible across
specimens, which makes us believe that it reflects the properties of the antibody and
not the t-CycIF process[29].
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In this work, I created a normalization algorithm that normalized the intensity
values based on the range they had for all images of the same dataset. With it, I
changed the intensity values to be between 0 and 1, being one in the case that the
value was at the highest of the values range for that dataset. Still, to the date of
writing this work and my understanding, there is no normalization strategy that fully
addresses this issue and that is a standard for this type of image.

Variation in staining can be controlled by staining all specimens with the same
antibodies in the same order. Nonetheless, this solution will not work for the creation
of large-scale t-CyclF datasets in which diverse tissues will be compared with each
other and for which different datasets for different research questions get combined
together. The intensity of this cycle-signal reduction varies between antibodies, with
some more robust than others. It is a common practice to design the experiments with
the most important antibodies related to the research question and hypothesis on the
first cycles, as it is common that the tissue might be degrading in each cycle. Also, the
datasets used for this work have an important imbalance between the classes used for
the classifier model, which were initially collected for heterogeneous research questions.
This can easily highlight data bias. For example, consider a dataset where 90% of the
samples belong to class A and 10% to class B, and antibody X (which produces a
weaker signal in later cycles) was measured in cycle 0. In contrast, another dataset
with 90% of class B and 10% of class A measured antibody X in cycle 5. This setup
might misleadingly suggest that antibody X has a stronger signal in class A. However,
the apparent difference could actually be a bias introduced by the experimental design,
rather than a true difference in antibody X signal between classes A and B. Therefore,
it is important to have a normalization strategy for t-CycIF datasets. This could be
an important obstacle if in the future a foundation model is trained on a diverse set of
images from t-CyclF.

Examples of antibody signal variation in the dataset used for this work could be
seen in Figure D.1 for NKI dataset dataset. In those plots, we see the frequency of
pixel signals between 0 and 65535, corresponding to the TIFF images.

PCNA (overlap=0.91) 5100 (overlap=0.66) VEGFR2 (overlap=0.26) SMA (overlap=0.61) CD45RO (overlap=0.46
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Figure 3.2: t-CycIF antibodies signal per cycle. Extracted from [29].
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3.4 Cohort selection

On the TMA core images used for this work, as explained in section 3.2, there are four
core images per sample. Two of those four images belong to the tumor center and two
to the tumor periphery. These images were used to train a classifier to detect if a tissue
was exposed to chemotherapy. It was determined that using the TMA core images from
the tumor periphery might not be representative enough of the differences between
samples exposed to chemotherapy, so it was tested to train the model, excluding the
cores that did not contain enough cancer cells. For this purpose, a table containing
cancer cells per core image was used, and cores containing less than 500 cancer cells
were discarded. The table was created by first segmenting the cell nucleus, then the
image Processing Toolbox on MATLAB was used to quantify the median intensity
of each channel for the segmented cells, along with morphological features such as
Area, Eccentricity, Solidity, Perimeter, and Roundness. After, the cells were clustered
according to the z-score scaled signal of the epithelial markers (Cytokeratin 7 and
E-cadherin) using a Gaussian mixture model implemented in the R-package Mclust.
The number of Gaussians was fit for two, and the cells within the cluster of higher

expression of epithelial markers were labeled as cancer cells.

3.5 Preprocessing: Tiling

Some of the WSI image files used in this project are larger than 100 GB. This amount
of data exceeds what can be fitted in memory in the most commonly available graphics
processing unit (GPU) used for machine learning training. This requires reducing the
data size before inputting it into the model. An option for reducing the image size
might be to rescale the image into a lower resolution, but doing so will imply that
valuable information will be lost. Another alternative I follow in the present work
consists of dividing the WSI images into multiple smaller files (tiles), which can then
be fitted into the GPU memory.

An optimal process of tile creation requires 1) the identification of the tissue
in the image (to avoid creating tiles that only contain background), 2) establishing
a maximum acceptable background threshold to generate tiles on the borders of the
tissue, and 3) defining a tile size. This process can be visualized in Figure 3.3.

To carry out this task, I adapted some of the methods proposed by [23], originally
designed to run with H&E images, to the t-CyclF data. This package expected input
images with three channels (from H&E images). In this case, data exceeds three
channels, so deciding which channels should be used for the tiling process was needed.

I chose to use staining of cell nuclei, 4’ 6-diamidino-2-phenylindole (DAPI) for this as
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DAPI allows the identification of the cell presence in t-CycIF data. Cell presence is
necessary for detecting any biological signal related to any of the other channels in
our data and, therefore, constituting an optimal guide for the tiling process. While
in the original Histoprep implementation, tiles are saved as 3-channel images, in the
algorithm that I created for this work, after deciding on the tiling coordinates, each
tile was saved as a TIFF image, keeping all the channels that originally existed in the
t-CyclF WSI image.

To maximize the signal obtained from each image, I follow the tiling procedure
both with WSI images and with TMAs[16] images. In present work, I used TMA
images with an approximate resolution of 3500x3500 pixels; although these images are
much smaller, resizing them to a reasonable input size for a neural network model
will still imply data loss. Therefore, I follow the same tiling procedure as for WSI
images, which consists of first detecting the tissue location (ignoring the background)
and splitting the image into smaller tiles. The core images I have available were not
perfectly cut for each core, but most of them have a core in the center, with other cores
invading the image’s borders, as can be seen in Figure 3.4. This could cause several
issues, as it is intended that the model learns a common pattern related to the class to
predict what is present in the image. The labels are assigned to the core in the center,
but the other cores invading the image might contain different labels. This could lead
the model to base its predictions on a pattern existing in the invading cores and not
on the main label assigned to the image. To mitigate the risk of including invading
tissues in the image, I decided to crop the center of the image, which proved to be
reliable enough in most cases to avoid the invading cores. A systematic search was
conducted to determine the optimal cropping resolution, balancing the need to avoid
including non-relevant areas while preserving the signal from the main core. Based
on this search, a resolution of 2300x2300 pixels was selected for center cropping the

images.

3.6 Classification task

The primary classification task for the trained models was to determine whether the
tissue was extracted during PDS or IDS (see section 2.2). As IDS tissues were exposed
to chemotherapy, the idea is that the effect of chemotherapy on the tissue should cause
a clear pattern, different than PDS, which the model could learn. For the first simple
comparison between models, data was manually split between train and validation.
Validation split consisted of two whole slides from subsection 3.2.1 dataset, TMA_45_312
and TMA_46_325. These two slides were selected for the validation set as they have
a balanced number of TMA cores that were PDS and a similar number of IDS. The
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Figure 3.3: Tiling process: Detection of tissue area, and division of tissue image into smaller tiles

rest of the cores (from other slides) were used for the training set. Afterward, as a
more robust comparison, all models were run on a random 5-fold cross-validation, were
the whole slide, containing several TMA cores, was randomly put in either a train or
validation group, to avoid data leakage and ensure that two cores from the same slide

could not belong to different groups.

3.7 Model Comparisson

In this project, several model types were tested: variational autoencoder, ResNet, and
MIL.

I trained VAE networks to try to capture a meaningful latent representation. The
latent representations were later used as the input of a classifier for PDS vs IDS.

ResNet architecture was used as a baseline. This classifier gets as input a raw
t-CyclF image from a TME core with three channels and more (several combinations
were tested), which is resized to 512 by 512 pixels and was trained from scratch (without
any pertaining) to classify PDS vs IDS. This serves as a base benchmark to compare
any other solution.

For applying MIL to this work, using the tiled version of the core images, which
in this case resulted in the bag of instance, I generated embeddings using pre-trained
pathology models (section 2.12) and an encoder that was trained from scratch. Then,
I used those embeddings as the input of a MIL classifier model with an attention layer
based on the architecture proposed by [22]. An illustration of the pipeline steps can
be seen in Figure 3.5. The use of an attention layer in this architecture provided a
built-in method to explore the importance of the model assigned to each tile, which
could be used to select ROIs. As part of the, pretained encoders, I tested the UNI
model [9] and Prov-GigaPath [54] (tile encoder, Prov-GigaPath also has a slide encoder,
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Figure 3.4: TMA image, with a center core with other cores invading the image

which was not utilized). Although both of these models were trained for H&E images,
I adapted them to the highly multiplex data obtained from t-CycIF. These models
expects three channels as input. To utilize the t-CyclF data, I made several three-
channel combinations of all the data available in these images. After, the resulting

embeddings were fed to different models for classification tasks.

3.8 Attention weights

Visualizing attention layer weights in a vision transformer model can provide insights
about the model decisions and which parts of the input image it focuses on for a
given task[12]. While some explainability methods, such as Grad-CAM[43] propose an
algorithm to obtain explanations for model predictions, the Attention[47] layer is part
of the model architecture and at the same can be inspected to obtain the importance
values assigned to different sections of the input. This was used with the MIL model
(section 2.14) to obtain ROIs.
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4. Results

4.1 Tiling

Results of the tiling algorithm can be visualized in Figure 4.1 for a WSI image and in
Figure 4.2 in a TMA core.

(a) Original image (b) Proposed tiling by algorithm

Figure 4.1: Detection of tiles over WSI image

4.2 Variational Auto Encoders

On the VAE results, good reconstruction quality was obtained over the original images,
as it can be visualized in Table 4.1. However, I tested using the learned latent space as
the input of a two-layer CNN classifier to predict if an image came from PDS or IDS
and using TMA cores. The resulting performance was worse than using a ResNet with
the full image as an input, as seen in Table 4.2. When visualizing the learned latent

space with TSNE on 2D, no clear group separations are showing in the data, which
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(a) Original image (b) Proposed tiling by algorithm

Figure 4.2: Detection of tiles over TMAs image

seems to imply that the learned latent representation might not be useful [31]. The

learned latent space visualization can be seen in Figure 4.3.

Original image Reconstructed image




4.3. RESNET CLASSIFIER 29

Table 4.1: VAE results, with original images and the reconstructed images

Architecture Training set F1-score Validation set F1-score
VAE latent space + CNN 0.66 0.49
ResNet 0.79 0.63

Table 4.2: PDS and IDS classifier performance

4.3 ResNet classifier

The trained ResNet classifier was tested on TMA core images, as this model was
adapted to use raw images resized to 1024x1024px. This proved to keep enough signal

when resizing TMA cores (that were originally between 2 and 4 times the size of the
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resizing). The performance of this model was relatively good for predicting PDS and
IDS therapy, achieving an Fl-score of 0.63 on the validation set. An explainability
algorithm must be used on top of the trained model to obtain ROI regions from this

type of classifier. In this case, I used Grad-CAM|[43]. An example activation can be

seen in Figure 4.4.

Figure 4.4: ResNet classifier: Grad-CAM activations

4.4 MIL classifier

The MIL classifier got the best results of the models tested on TMAs cores images.
For the MIL pipeline, which is described in Figure 3.5, I tested training a simple

convolutional neural network to encode the tiles information and also I tested using
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UNI|[9] and Prov-GigaPath[54] as the encoder model. In this pipeline the input are the
image tiles, which are generated with the algorithm explained in section 3.5. Then,
these tiles, selecting for certain channels (in this case DNA1, CK7, and Vimentin), are
fed to either a trainable encoder part of the model or to a pre-trained model (UNI
or GigaPath), and the resulting encoding is used as the input of an Attention-MIL
classifier. The model returns the output of a Sigmoid layer for a binary classification.
With the different encoders, as it can be seen in Table B.1, results from each of these
variations it is quite similar. Both of these pre-trained encoders are designed to encode
H&E images, which is very different from the t-CyclF data being used in this work. My
hypothesis is that given the pre-training data differences, these foundation models are
not especially useful out of the box and can be easily replaced with a simple encoder
that have been exposed to a much smaller amount of data. As described in section 3.3,
t-CyclF data has unique characteristics in terms of signal differences per antibody and
cycle. This feature is not comparable to H&E data characteristics, and it is not clear
how it can affect the encoders that were pretrained with this data type. Nonetheless,
there is a slight performance boost with those pre-trained encoders, and I ran the
rest of the experiments with a UNI and GigaPath encoder when using a MIL model.
In Table 4.3, we can see that the best-performing model is the combination of Prov-
Gigapath with a MIL classifier and the channels DNA1, CK7, and Vimentin. I ran
the best performing models with a different combination of channels, which returned

worse results. This can be seen in Table B.5.

DNA1, CK7 and Vimentin, 5-fold cross validation | AVG F1 Score on Validation Set
VAE + Classifier 0.56
ResNet 0.73
UNTI encoder MIL 0.88
Prov-Gigapath encoder MIL 0.89

Table 4.3: Model Performance on Validation Set, with cross-validation

4.5 Identified ROIs

My hypothesis is that the model with the best performance should return more
meaningful ROIs, and in addition, the MIL classifier, as in the architecture used in
the present work, contains an attention layer, provides a built-in logic to extract the
ROIs, which we assume that should be less biased than extracting these regions with
an additional method, as it could be Grad-CAM][43]. Therefore, I extracted the ROIs
produced by the combination of Prov-Gigapath with a MIL classifier and the
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channels DNA1, CK7, and Vimentin. In Figure 4.5,Figure C.1, Figure C.2,Figure C.3
and Figure C.4 we can see the detected regions of interest for the different classes

(stronger red color means more weight of the model on the highlighted region).

Original Image with Attention Weights

Figure 4.5: ROI sections in red, by analyzing attention layer, on a TMA exposed to chemotherapy






5. Discussion

In this work, I trained machine learning models to classify between tissues that had been
exposed or not to chemotherapy, by classifying PDS and IDS patients section 2.2 using
immunofluorescence images (t-CycIF) as input. The main opportunity in this data
relies on the availability of extra information compared to the typical H&E pathology
images. In the H&E images, there are three channels of information (RGB); in this
case, we have between 25 and 50 channels. Nonetheless, in my results, I did not
manage to train a model that used more than three channels in an effective way. In my
opinion, this has multiple causes: A) Most publicly available pre-trained models for
pathology data are pre-trained over H&E images with three channels. Using this kind
of model with more than three channel inputs requires important architecture change,
while the benefit of the pre-training might be lost due to the data input differences. B)
Training a computer vision model from scratch, without any pre-training data, requires
an important amount of images. The t-CycIF datasets available for this work are all of
a limited size. Combining multiple datasets in the context of t-CycIF creates several
challenges, as most datasets do not follow the same combination of channels and their
order. This creates important variation in input data as explained in section 3.3. From
the tested models, Multiple Instance Learning models section 2.14 combined with pre-
trained pathology models, performed the best, showing promising results. On the other
hand, neither a classifier based on the input of a VAE nor the ResNet classifier showed
significant results. As far as I am aware, no other work has explored the use of pre-
trained H&E models in immunofluorescence data. My results have shown that these
pre-trained models, although for a different data modality, outperformed an encoder
trained exclusively with immunofluorescence data and benefitted from the number of

images that the pre-trained models were exposed to.
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6. Conclusions

This work demonstrates the feasibility of applying machine learning models to
t-CyclF  immunofluorescence images for classifying ovarian cancer tissues and
identifying biologically relevant regions of interest (ROIs). Among the models tested,
the MIL classifier with pre-trained encoders (UNI and Prov-GigaPath) achieved the
best performance, suggesting that attention-based mechanisms can effectively
highlight critical tumoral areas and that the pre-training of these models in a
different data modality (H&E) provides useful information for these models when
applied to immunofluorescence images. The identified ROIs provide valuable insights
into the tumor microenvironment and potential therapy resistance markers.

Despite these promising results, challenges remain in leveraging the full potential
of t-CycIF multi-channel data. Existing foundation models are optimized for 3-channels
H&E-stained images, limiting their direct applicability to highly multiplexed imaging.
Additionally, data normalization across different t-CyclF datasets remains an open

problem, impacting model generalizability.

6.0.1 Future work

New normalization strategies are required for effectively combining immunofluorescence
datasets. With the normalization solved, a computer vision foundational model trained
over a vast immunofluorescence dataset might be the key to fully take advantage of

the rich information present in immunofluorescence images.
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Use of Al tools

Grammarly (https://app.grammarly.com) has been used to check grammar. ChatGPT
(https://chatgpt.com/) has been used for proofreading and grammar checking.
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Appendix A. NKI Antibodies list

Antibodies Fluorochrome | Company | Catalog
Number
CDl11c 488 CST 455818
CD207 555 R&D AF2088
GranzymeB 647 Dako M7235
CD163 488 Abcam ab218293
CDb57 555 BioLegend | 359612
CD20 647 eBioscience | 50-0202-80
CD4 488 R&D fab8165g
CD3d 555 Abcam ab208514
CD8a 660 eBioscience | 50-0008-80
TIM3 488 CST 546695
pSTAT1 555 CST 8183S
CD45R0O 488 BioLegend | 304212
FOXP3 555 eBioscience | 41-477782
PD1 647 Abcam ab201825
pTBK1 488 CST 1458685
CD68 555 CST 795948
PD-L1 488 CST 14772S
CD15 488 BioLegend | 301910
CD11b 555 Abcam ab206616
yH2AX 647 BioLegend | 613407
cPARP1 647 CST 6987S
Ki67 488 CST 11882
Vimentin 555 CST 9855
MHCII 647 Abcam ab201347
CKT7 555 Abcam ab209601
MHCI 647 Abcam ab199837
E-cadherin 488 CST 3199
a-SMA 555 Abcam ab202509
CD31 647 Abcam ab218582
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Appendix B. Models experiments

MIL attention with DNA1, CK7 and Vimentin: | F1 Score on Validation Set
Trainable encoder 0.76
UNTI encoder 0.84
Prov-Gigapath encoder 0.84

Table B.1: Model Performance on Validation Set, all TMA cores

MIL attention with DNA1, CK7 and Vimentin: | F1 Score on Validation Set
Trainable encoder 0.73
UNI encoder 0.85
Prov-Gigapath encoder 0.86

Table B.2: Model Performance on Validation Set, filtered TMA cores with low amount of cancer

cells

MIL attention only with DNA1: | F1 Score on Validation Set
Trainable encoder 0.77
UNTI encoder 0.78
Prov-Gigapath encoder 0.80

Table B.3: 1-channel Model Performance on Validation Set

MIL attention only with DNNA1: | F1 Score on Validation Set
Trainable encoder 0.77
UNTI encoder 0.78
Prov-Gigapath encoder 0.83

Table B.4: 1-channel Model Performance on Validation Set, filtered TMA cores with low amount of

cancer cells
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CD3d, Ki67, ECadherin, 5-fold cross validation

AVG F1 Score on Validation Set

UNI encoder MIL

0.84

Prov-Gigapath encoder MIL

0.86

Table B.5: Cross-validation with a different set of channels and MIL models




Appendix C. Identified ROIs

Original Image with Attention Weights

Figure C.1: ROI sections in red, by analyzing attention layer, on a TMA exposed to chemotherapy
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AprPENDIX C.

IDENTIFIED ROIs

Figure C.2:
chemotherapy

Original Image with Attention Weights

ROI sections in red, by analyzing attention layer, on a TMA not exposed to
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Original Image with Attention Weights

Figure C.3: ROI sections in red, by analyzing attention layer, on a TMA not exposed to
chemotherapy
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Original Image with Attention Weights

Figure C.4: ROI sections in red, by analyzing attention layer, on a TMA exposed to chemotherapy
but classified by the model as not



Appendix D. Signal variation in t-CyclF data
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