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1. Introduction

All living entities adapt to their environment. This phenomenon can be observed as
morphological differences both at the macro- and microscales. Microscopy became a
crucial tool for cell biology because it allowed researchers to go beyond the limits of the
human eye and recognise structural differences between individual cells. With the
development of optical, chemical and electronic technologies, modern automated

microscopes produce thousands of images routinely.

In order to draw conclusions and suggest an appropriate diagnosis or treatment, biological
samples are frequently examined at the single-cell level in biological research and medical
examinations. The key step in treatment development is to validate efficacy on target cell
types [1]. Cell cultures or tissue samples from patients can be used to study a treatment's
effects. For each case, precise and reliable results depend on single-cell phenotyping. The
phenotype of a cell is the culmination of numerous cellular processes — driven by the
organism’s genetic code and environmental factors — that result in a unique morphological
trait. Visual cell phenotyping is the characterization and quantification of these cellular
features in images. Image-based phenotypic classifications are usually performed by

machine-learning algorithms.

Machine learning methods are designed to learn functional correlations based on features
and solve tasks like classification, regression or clustering [2]. Image processing and
classical machine learning approaches have been widely used to decipher significant
biological patterns [3, 4]. However, a new generation of image analysis algorithms has
been able to thrive thanks to the development of deep learning-based computer vision
methods [5].

Machine learning earned a crucial role in cell biology and in medical image analysis. One
of the reasons behind that is developments in microscopy and computational cell biology
led to a massive increase in data volume, frequently as large as millions of images per
study. Researchers nowadays prefer these high-content screenings, however analysing the
produced datasets manually is either time-consuming or downright impossible. Another
reason is that there is a chance that machines could see useful properties in images that are

invisible for the human eye. It is in everyone’s interest to get precise medical diagnosis



and reliable treatment suggestions and to achieve this, it is important to improve the

accuracy of machine learning algorithms.

In this thesis, we show how taking the cellular microenvironment into account affects the
phenotypic characterisation of single cells using supervised machine learning and deep
learning [6, 7]. For the latter, we also propose a transformation similar to what is used in
fisheye cameras to increase classification accuracy. Finally, we present the challenges we
face when analysing 3-dimensional cell cultures. Outside of the classification procedure,
we describe how to perform the necessary steps that precede the analysis: improve the
quality of the microscopic images of these cultures [8], annotate [9] and segment cell nuclei
[10].

1.1 Machine learning

Machine learning is a subfield of artificial intelligence that focuses on the development of
algorithms and models that allow computers to learn from data and make predictions or
decisions without being explicitly programmed. It involves the use of statistical methods
and algorithms to build mathematical models of complex phenomena, making it possible

to analyse and identify patterns in large datasets [11].

There are three main categories of machine learning algorithms: supervised learning,
unsupervised learning, and semi-supervised learning [12]. In supervised learning, the
algorithm is trained on a labelled dataset, meaning that the correct output is already known
for each input example. The algorithm uses this labelled data to learn a mapping between
inputs and outputs, allowing it to make predictions on new, unseen data. Commonly used
algorithms that work in a supervised way include linear regression, logistic regression, and

decision trees [13].

Unsupervised learning, on the other hand, involves training the algorithm on an unlabelled
dataset, where the correct output is not known [14]. The goal of unsupervised learning is
to identify patterns in the data, such as clusters or groups of similar examples. K-means
clustering [15], hierarchical clustering [16], and principal component analysis [17] are

widely used examples of this learning type.



In the semi-supervised learning approach, a small amount of labelled data is combined
with a large amount of unlabelled data to train the algorithm [18]. The algorithm uses the
labelled data to make predictions and then uses the information it learns from the
predictions to improve its ability to make predictions on the unlabelled data. This process
is repeated until the algorithm provides the best possible predictions for the entire dataset.
Examples of semi-supervised learning algorithms include co-training and self-training
[19].

All three approaches have been applied to a wide range of applications, from computer
vision and natural language processing to finance and healthcare [11]. However, the choice
of which approach to use depends on the specific problem being addressed and the

characteristics of the data.

In recent years, machine learning methods have evolved significantly due to the increasing
availability of large datasets and the development of more powerful computational
resources [20]. This has enabled the development of deep learning algorithms, which use
multiple layers of artificial neural networks to model different fields of life and science
[21]. Deep learning has been particularly successful in tasks such as image classification

[22] and natural language processing [23].

Despite the impressive results of machine learning algorithms, there are still many
challenges that need to be addressed. Often, machine learning algorithms are susceptible
to overfitting [24], which occurs when the algorithm becomes too specialised to the
training data and is unable to make accurate predictions on new, unseen data. There is also
ongoing work to improve the interpretability of machine learning models [25], so that it is

easier for humans to understand why the algorithm makes certain predictions.

1.1.1 Classical supervised machine learning in biological image analysis

This section outlines a typical workflow for solving phenotypic classification using
classical supervised machine learning [6], as depicted in Figure 1. The process begins with
original images of biological samples, which are fed into segmentation algorithms to find

the outlines of individual cells. From these segmented areas, computer-understandable



information is collected, which includes basic properties like intensity, texture, and shape

of individual objects. Each cell has its own feature vector containing its data.

Once feature extraction is complete, a training database is created by a human expert who
decides which phenotypes appear in the images. These phenotypes become the classes for
machine learning. After adding enough training examples, the database is given to a
machine learning algorithm, which aims to find the boundaries of each class in a
multidimensional space (where the number of dimensions equal to the number of features

used).

After the algorithm has completed the training phase, the resulting model can be saved and
used to classify cells in new, previously unseen images. This workflow enables researchers
to identify and study various phenotypes with high accuracy, providing insights into the

underlying mechanisms of biological processes.

1. Originalimage —— > 2.Segmentation ———————> 3. Feature extraction

|Feature 1|Feature 2! Feature 3| Feature 4

== Cell 1 1086 231 4726 87.95
~Cell2 799 861 4583 106.35
——= Cell 3 798 468 6863 139.58
Cell 4 763 509 7509 130.53
Cell 5 874 464 6834  109.56
Cell 6 1248 581 6832 151.14
——> [Cell 7 851 98 8231 126.84
Cell 8 1044 317 3914 103.36

_- [ rounoen

7 f——————
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6. Model «—— 5. Machine learning algorithm <«——— 4.Training data

Figure 1 Supervised machine learning process for biological image analysis

1.1.2 Deep learning

Deep learning is a sub-field of neural networks, which is a sub-field of machine learning,
all of which fall under the umbrella of artificial intelligence. Deep neural networks (DNNS)

have been around since the 1960s, but their widespread use was limited due to

10



computational complexity and resource requirements [26-28]. Recent technological
advancements, such as the availability of high-performance GPUs, have allowed for the

rise of deep learning-powered applications.

Since their ground-breaking performance in the 2012 ImageNet challenge [29], deep
learning techniques have been effectively used for a variety of visual identification tasks,
such as pose estimation [30], activity recognition [31], object recognition [32], and object
tracking [33]. In phenotypic image analysis, deep learning has taken the lead in tasks such
as semantic segmentation, feature extraction, picture augmentation, and object detection
[34].

DNNs use an end-to-end approach to learning, taking raw data as input and learning from
training examples to produce the desired output. Unlike traditional machine learning
techniques, which rely on manually selected features, DNNs automatically extract features
from the data (Figure 2). DNNs are composed of multiple layers of artificial neurons that
transform the data into a higher-level representation. This architecture allows for
outstanding discriminatory power despite the simplicity of the individual calculations.
Modern DNNs often contain hundreds of layers, and can learn to perform multiple tasks

using the same network [35].

One of the main advantages of DNNs is their ability to perform transfer learning [36].
Transfer learning is the practice of using a pre-trained DNN for a new task, rather than
starting the training from scratch [37]. This can greatly reduce the amount of data needed
to train a new network, and can lead to better performance in some cases. Another
advantage of DNNSs is their ability to learn from large and diverse datasets, which can lead

to better generalisation and robustness.

Despite their many advantages, DNNs are not without their challenges [38]. One of the
biggest challenges is the need for large amounts of data to train the networks. Another
challenge is the potential for overfitting, where the network becomes too specialised to the
training data and performs poorly on new data. Additionally, DNNs can be

computationally demanding, requiring powerful hardware to train and deploy.
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Figure 2 Differences between classical machine learning and deep learning. When solving
a machine learning problem, we follow a specific workflow. We extract selected features
from the input images, then with a machine learning algorithm, we create a model that
describes or predicts the object. On the other hand, with deep learning, we skip the manual
step of extracting features from images. Instead we feed the images directly into the deep
learning network which then predicts the object’s phenotypic class. Figure is partially
adapted from [7].

Deep learning algorithms are more attractive than the conventional machine learning
methods in a variety of aspects. Firstly, deep networks can learn to perform multiple tasks
using the same network [39]. In addition, deep learning has the capacity to model highly
complex functions, enabling it to solve issues that are beyond the scope of classical

methods.

1.2 Biological background

Understanding cellular complexity is essential for treating diseases effectively and
answering significant questions about cell biology. Personalised medicine has tremendous
potential to become a widely used application for patients [40], but it requires the use of
automated microscopes and appropriate analysis software to work efficiently. High-
content screening is a popular method used with cell cultures to identify substances that
can alter cell phenotype in a desired manner, such as small molecules, peptides, or RNAI

[41]. Automated software capable of processing large amounts of data is used for
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computational analysis [42]. Single-cell level analysis of cell cultures or tissue sections
could provide a more precise description of the studied sample compared to looking at the
sample as a whole. By considering the frequency and occurrence of affected cells, valuable
insights can be gained into the functional differences between adapted and healthy samples.
As a result, working on the single-cell level is essential for obtaining reliable information
[43].

1.2.1 Cell cultures

For the past century, the most commonly used method for studying and analysing adherent
cell lines has been 2D or monolayer culture [44, 45]. This involves growing cells on a flat
surface, such as a plastic culture flask or Petri dish, which can be coated with proteins or
other substances to aid in cell adhesion and promote their growth [46, 47]. Maintaining
cells in these flasks is inexpensive and straightforward, and protocols have been developed
that are robust and reduce the risk of contamination. Cell viability and morphology can be
monitored easily as one can directly image through these substrates [48]. Additionally, it
is simple to add reagents and take samples to analyse the effects of different conditions and

stimuli.

High-content screening is a technique that enables the examination of various compounds
and treatments on multiple cell lines simultaneously in multi-well plates [49]. Culturing is
a convenient technique used to prepare and maintain cell cultures for high-content
screening experiments. Patient-derived cells can also be cultured for clinical trials or

medical treatments [50].

After undergoing microscopy, the acquired images are analysed with appropriate software
[6]. Image processing is generally more straightforward for cell culture images compared
to tissues, especially when using fluorescent labelling due to the negligible background
signal [51]. Different kinds of labelling techniques can be applied to visualise the
expression of certain protein products or more generally the functional integrity of cells.
Fluorescent dyes are most frequently used to label certain proteins or cellular
compartments [52], such as the nucleus, cell membrane, cytoskeletal proteins like actin or

tubulin, lipid droplets, or virus particles in infection studies. DAPI or Hoechst are typically
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used to label the nucleus, while Alexa Fluor dyes are usually used for the cytoskeleton.
Expressed proteins are often tagged with GFP or mCherry. However, fluorescent labelling
often prevents the examination of living cells, except for expressed fluorescent proteins,
as the dye conjugation to the target biological structure may cause perturbations or even
cell death [53].

1.2.2 Tissue sections

Tissue sections are thin slices of biological tissue that are used for a wide range of
applications in biology, including histology, pathology, and molecular biology. These
sections are typically generated through a process known as sectioning, in which a tissue
sample is embedded in a matrix, such as paraffin or frozen media, and then sliced into thin
sections using a microtome or cryostat [54]. The generation of tissue sections is a complex
process that requires careful handling and processing of tissue samples to ensure that they
are preserved in a manner that allows for accurate analysis. The choice of embedding
matrix, slicing technique, and staining protocol can all impact the quality and integrity of

the tissue section [55].

Histological analysis of tissue sections has been a cornerstone of medical research for over
a century and has played a critical role in the diagnosis and treatment of diseases [56]. They
are also widely used in molecular biology applications, such as in situ hybridization and
immunohistochemistry [54]. These techniques allow researchers to localise specific

molecules within the tissue section and to study their expression and distribution.

Samples in the form of tissue sections, originating from patients or model organisms, are
commonly analysed in pathology to identify specific regions, such as tumorous or healthy
[57]. In order to achieve our desired outcome, we may opt for brightfield microscopy
instead of fluorescent microscopy, as it is more suitable for live-cell assays [53]. The most
commonly used stain for tissue sections in histology is the hematoxylin and eosin stain,
which allows pathologists to differentiate between different cellular compartments based
on the staining patterns. Hematoxylin stains cell nuclei dark purple, while eosin stains the
extracellular matrix and cytoplasm pink, with other components appearing in various

combinations of these colours.
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When conducting a software-guided analysis of tissue samples, their intrinsic 3D nature
can pose challenges, as cells or nuclei located above or below the focal plane may be partly
obscured by surrounding tissue, making accurate segmentation difficult [51]. However, the
biological structure of the sample also means that cells imaged in tissue more closely
resemble their true appearance than those in 2D culture, which can provide additional

information on underlying cellular processes.

1.2.3 3D cell cultures

For decades, 2D monolayer cell cultures have been the go-to model systems to evaluate
drug efficacy in drug discovery studies. These 2D cell culture systems are convenient, cost-
effective, and widely used. However, they have several drawbacks and limitations. One of
the main concerns is that the actual three-dimensional (3D) environment in which cancer
cells exist in vivo is not accurately mimicked [58]. Thus, the 2D environment may provide
misleading results regarding the expected responses of cancer cells to anticancer drugs
[59]. Typically, the standard preclinical screening process for therapeutic agents involves
testing compounds on 2D cell culture systems and animal models before introducing them
in clinical trials [60]. However, the percentage of efficient agents dramatically decreases
with each phase, and less than 5% of anticancer agents and small molecule oncology
therapeutics pass the clinical trials and are finally approved for marketing by regulatory
agencies [59]. One of the possible causes of this failure is that the drug responses of 2D

cell cultures systems do not consistently predict the outcomes of clinical studies [61, 62].

The main drawback of conventional 2D culture is that it does not replicate the complex
architecture and microenvironment of in vivo cells. As a result, cells cultured in 2D possess
different characteristics such as morphology, proliferation, differentiation potential, cell-
cell and cell-matrix interactions, and signal transduction, when compared to in vivo cells
[63]. These concerns led to the development of 3D cell culture systems, which offer a
promising solution to bridge the gap between cell-based assays and clinical trials. 3D cell
culture systems provide a more physiologically relevant environment, closely resembling
the behaviour of in vivo cells. In recent years, numerous in vitro platforms have been

developed for 3D culture systems in cancer and stem cell research, including drug
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development, biological research, tissue engineering, and other experimental analyses
[64]. Therefore, cellular phenomena can be investigated under conditions that closely

resemble the in vivo environment [65].

There are several 3D in vitro models that are currently used in biological laboratories, with
spheroids being the most common [66]. Spheroids consist of clusters of cells arranged in a
sphere-like structure and have several advantages over 2D cultures, including the ability to
mimic in vivo conditions and preserve cell structure [67]. Consequently, spheroids are

being increasingly used in drug discovery, tumour biology, and immunotherapy [68-70].

Despite the many benefits of using 3D cell cultures, large-scale image acquisition is still a
major challenge, particularly with spheroids. The main issue is that it is difficult to
visualise individual cells in the deeper layers of 3D samples due to limited light penetration
and scattering. To address this problem, several optical clearing methods have been
developed [8].
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2. Aims

Our objective was to demonstrate how considering the cellular microenvironment during
machine learning training impacts classification accuracy and determine the optimal
distance from the cell of interest where the classifier performs with the highest efficiency.
To accomplish this, we followed three main paths: 1) use information from the cell and its
environment as input for classical machine learning algorithms, 2) use a fisheye-like
transformation on original biological images and use these datasets as inputs for deep
learning algorithms and 3) investigate the crucial steps required in 3D, such as 3D image
acquisition, 3D cell annotation, 3D cell segmentation, and use a 3D co-culture dataset in

which we distinguished phenotypes.
The main findings of this thesis are as follows.

1) Taking into account the environmental features of cells can enhance the accuracy
of machine learning-based phenotypic classification.

2) Combining the cellular microenvironment with fisheye transformation can improve
deep learning-based single-cell phenotyping.

3) Incorporating neighbourhood features can increase classification accuracy in 3D

cell cultures.
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3. Environmental features combined with classical machine

learning

Understanding the diverse phenotypic structure of cellular systems is crucial to answer
major biological questions. With the multitude of images that modern automated
microscopes produce, manual analysis is nearly impossible. Because of that, machine
learning-based analysis software earned a key role in single-cell-level profiling of large
datasets. However, existing approaches are limited by only analysing the local features of
the target cell in isolation, and do not include information from the cellular

microenvironment.

In this part of the thesis, we demonstrate how including different environmental features
can improve single-cell-level phenotypic analysis. The proposed methodology was tested
on cell culture and tissue section images. We measured the size of the environment with
Euclidean and KNN (K-nearest neighbours) distances. Our experimental results show that

a cell's environment has a significant role in determining its entity.
3.1 Background

Analysing large bioimaging datasets produced during high-content screenings requires the
development of automated and objective computational methods [71]. Numerous open-
source and commercially available software have been developed to make image and
computational data analysis more efficient [72—74]. CellProfiler became one of the most
widely used open-source software for image processing [75]. It features modules for
several image processing operations that can be performed task-by-task in a pipeline. This
pipeline allows for the identification of biological objects—typically nuclei, cytoplasm,
and cells—and the calculation of their metric features, such as their area, shape, texture,
and intensity. Previous studies have suggested segmentation techniques for the
differentiation of even more complex shape morphologies, like cells that are contacting or

overlapping [76, 77].

Despite the developments in the field, it is still a challenge for single-cell segmentation
methods to work on tissue section images. Therefore, we have chosen to apply the simple

linear iterative clustering (SLIC) superpixel segmentation method on tissue sections to test
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our hypothesis (that including the cellular microenvironment improves classification).
Superpixel algorithms group pixels into larger coherent regions, thus they could replace
the conventional pixel grid used in single-cell segmentation methods [78]. Superpixel
algorithms became popular in computer vision applications because they are easy-to-use,
fast, and produce high-quality segmentations. The SLIC algorithm generates superpixels
by grouping pixels together based on similarities in intensity and location in the image
plane [79].

Instead of manually verifying every experiment, machine learning techniques are made to
discover functional relations from instances based on features [2]. Often, these techniques
are more effective than traditional ones in handling multi-dimensional data analysis tasks
like differentiating phenotypes that are defined by a large number of features [80, 81]. The
extension of CellProfiler, CellProfiler Analyst applies supervised learning on features
extracted from images of individual cells to identify their phenotypes [82, 83]. From
version 2.0, it is written in Python, utilises a variety of machine learning techniques,
performs classification at the cell and field-of-view levels, and offers a tool for visualising
data from entire experiments [42]. CellClassifier displays the original microscope images
so the users could annotate individual cells in their natural context [84]. Another software
that uses CellProfiler metadata and is appropriate for multi-class classification is called
Enhanced CellClassifier [85]. This program is able to distinguish between complex
phenotypes. Advanced Cell Classifier is a graphical image analysis software in which users
can use various machine learning methods [86]. Advanced Cell Classifier 2.0 has a built-
in tool called phenotype finder, which allows researchers to reveal new and biologically
important cell phenotypes [87]. Additionally, some programs have the ability to classify
entire images rather than just individual objects (e.g., WND-CHARM, CP-CHARM) [88,
89].

The above-mentioned software have a major limitation in that they only operate at the
single-cell level, and do not gather data from the cell's micro- or macroenvironment. As a
result, they cannot account for the population context of the cell of interest. It has been
demonstrated that both internal and extrinsic factors influence single-cell heterogeneity in
cell populations [90-92]. Based on previous studies on genetically identical individual
cells, it is hypothesised that differences in phenotypes are determined by the properties of

growing cell populations, which create microenvironmental diversity to which cells
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eventually adapt [93, 94]. The arrangement of cells inside tissues is also not random; the
core of the cellular landscape is established even before differentiation, which is regulated
by well-known biological mechanisms. As a result, the single-cell entity is strongly
influenced by the cellular milieu. Based on this, it seems plausible that using environmental
information of each individual cell of interest for machine learning applications would

improve classification.

In this part of the thesis, we present a systematic analysis of how cellular neighbourhood
impacts the phenotypic characterization of individual cells using supervised machine
learning. For various neighbourhood sizes, environmental features were measured, and
machine learning classification rates were compared. For the evaluations, a variety of well-
known machine learning methods were applied. Data from tissue sections and cell cultures
were used to compare the methods. Our results indicate that by including the features of
the cell's surroundings in phenotypic analysis tools, we can significantly outperform

conventional methods.
3.2 Datasets

We analysed two separate datasets to test our hypothesis utilising biological and clinical
data. First, we tested data from a breast cancer cell line treated with various drugs used in
medical practice. After that, we examined images of urinary bladder cancer tissue sections

to confirm our findings and assess the performance of our method.

3.2.1 MCF-7 cell culture dataset

Our first dataset is a publicly available MCF-7 breast cancer cell line collection (available
online at the Broad Bioimage Benchmark Collection [95]
https://www.broadinstitute.org/bbbc/BBBC021/) that had been treated for 24 hours with

113 different small compounds at eight different doses. To summarise the treatments
briefly, a specific group of targeted and cancer-relevant cytotoxic drugs were applied on
the MCF-7 cell line. These drugs caused a wide range of aggressive and subtle cell
phenotypes. The cells were then fixed, stained for DNA, F-actin, and B-tubulin and imaged

by fluorescent microscopy. Images from 55 microtiter plates (with 96-well format) were
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used to create the publicly accessible dataset. This dataset contains approximately 2 million
cells in 39.000 images [96].

3.2.2. Urinary bladder cancer tissue sections

The images in our second image dataset are of a urinary bladder carcinoma (UBC) tissue
sample. The images were acquired from patient derived samples were obtained from the
University of Szeged (approval authorisation number: 5127, registration number: 17/2022-
SZTE). The samples were obtained from 3 patients (sex and gender identity/age/stage of
cancer of the subjects respectively: female/71/stage 2, male/65/stage 3, male/73/stage 2).
According to standard histopathologic procedure, slides of urinary cancer tissue were
stained with hematoxylin-eosin (HE). Formalin-fixed and paraffin-embedded tissues were
cut in 4-um-thick sections and stained in a Tissue-Tek DRS 2000E-D2 Slide Stainer
(Sakura Finetek Japan) instrument according to the manufacturer’s instructions. Images
were taken by an Axio Imager Z.1 (Carl Zeiss Meditec AG, Germany) microscope
equipped with an EC Plan-NEOFLUOAR 20x/0.5NA lens using the AxioVision
SE64Rel.4.9.1.1 (Carl Zeiss Meditec AG, Germany) software.

3.3 Methods
3.3.1. Evaluation Software

For numerous steps in our experiments, we used an image analysis and machine learning
software, BIAS (previously named as SCT Analyzer) developed by Single-Cell
Technologies Ltd. (Szeged, Hungary). This software incorporates customisable cell
segmentation algorithms, such as SLIC segmentation, and image pre-processing
techniques (e.g. illumination correction, filtering). The user can annotate segmented
regions into any number of phenotypic classes with the aid of an interactive interface. A
variety of machine learning methods are available that can work on a single-cell-level. An

active learning interface is also offered to increase user efficiency [97].
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3.3.2 Segmentation

CellProfiler 2.2.0 was used to segment images from the high-content-screening dataset of
drug-treated MCF-7 samples (Fig. 3a). Nuclei were detected using the adaptive Otsu
algorithm. Cells with a diameter of less than 5 pm and nuclei touching the borders were
excluded. Cytoplasm of cells was isolated using watershed separation based on the nuclei

as seed points.

a Original Segmented

SLIC 50 SLIC 100

Figure 3 Segmentation of cell culture and tissue section images. (a) Segmentation of the
MCF-7 breast cancer cell line using CellProfiler 2.2.0. Scale bar: 50 um (b) SLIC
superpixel segmentation of urinary bladder cancer tissue section images. Images were
segmented into superpixels of different sizes (25, 50, 100 pixels). Scale bar: 50 um. Figure
is adapted from [6].

For the segmentation of the tissue dataset, we used the SLIC superpixel segmentation
algorithm in BIAS. We tested different superpixel sizes: 25, 35, 50, 75, and 100 pixels -
6.75, 9.45, 13.5, 20.25, and 27 um (Fig. 3b). For all cases, if the superpixels were smaller

than 20, 25, 40, 60 or 75 pixels, respectively, we forced connectivity between them.
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3.3.3 Feature extraction

We extracted the most commonly used cell-based and neighbourhood features. Regular
features describe the intensity, texture, and shape of selected objects. We ran our
experiment in three different ways: using only regular features, using only neighbourhood

features and combining the two. The full list of features we used:

Regular features: area, ellipse eccentricity, ellipse major axis length, ellipse minor
axis length, ellipse orientation, enclosing circle radius, extent, form factor, Haralick
texture features (angular second moment, contrast, correlation, sum of squares:
variation, inverse difference moment, sum average, sum variance, sum entropy,
entropy, difference variance, difference entropy, information measure of correlation),
integrated intensity, intensity maximum, intensity mean, intensity median, intensity

minimum, intensity standard deviation, perimeter, solidity.

Neighbourhood features: the minimum, maximum, mean, median, and standard
deviation statistics of the regular features; distance features: minimum, maximum,

mean, median, standard deviation.

Before analysing the environment, we first computed all cellular features and then used
these characteristics to describe the microenvironment. To calculate distances, we first
found the centre of mass for each segmented area. We used two different approaches to get
the neighbours of a cell: the K-nearest neighbours (KNN) and the N-distance methods (Fig.
4a, b). In the case of KNN (where ‘K’ denotes a positive integer) we chose the
neighbouring cells based on Euclidean distance. For the other, we took a fixed N-pixel
radius around an area’s reference point and selected all cells/superpixels within this range.
Once we had all neighbours for each individual cell, we calculated the neighbourhood

features.

Neighbourhood features were computed from statistics of regular features. Distance
statistics represent the localisation of the neighbouring cells. An additional feature was
added for the Euclidean distance-based approach to describe the neighbourhood's size, i.e.
the number of neighbours within the specified range (for KNN it was not necessary as ‘K’

was already known).
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Figure 4 Feature extraction. (a) The K-nearest neighbours (KNN) method, illustrated in a
schematic figure and in real cell culture and tissue section scenarios, K=5. Scale bars: 25
um (b) The n-distance method, illustrated in a schematic figure and in real cell culture and
tissue section scenarios, n=>50 pixels (cell culture: 19.51 um, tissue sections: 13.5 um).
Scale bars: 25 um. Figure is adapted from [6].

Figure 5 is an example of how two cells with different phenotypes might have remarkably
similar regular features and local appearances, but when additional neighbourhood

properties are taken into account, we can see a clear distinction between them.

Cancer cell |

Fibroblast

2 4 6 8 10
Regular features

Cancer cell ‘
Fibroblast w !
5 10 15

20
Neighbourhood features

Figure 5 Superpixels containing two different phenotypes (cancer cell and fibroblast)
share highly similar regular features, but features of their neighbourhoods differ
significantly. Scale bars: 50 um. Figure is adapted from [6].
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3.3.4 Machine-learning algorithms

After feature extraction, we created the annotated single-cell set for machine learning
classification using BIAS. For the high-content-screening dataset, we used the phenotypic
annotation set published by Piccinini and colleagues [87]. In their study, they applied the
phenotype finder tool of Advanced Cell Classifier to identify biologically significant cell
phenotypes in this dataset. Nine phenotypic classes (i.e. abundant, rounded, elongated,
multinucleated, bundled microtubule, peripheral cytoskeleton, punctate actin foci,
decreased cell size and fragmented nucleus) and a debris class were identified (Fig. 6a),
and 1,673 cells were labelled (see Table 1). We took special care to prevent biasing of
neighbourhood features by avoiding labelling identical cell types in close proximity,
because in that arrangement, cells would have highly similar characteristics, which could

lead to a bias in the evaluation.

Within the UBC cancer tissue image dataset, we distinguished eight different phenotypic
classes: cancer cell, lumen, endothelial cell, stroma, fibroblast-fibrocyte, lymphocyte-
plasma cell, smooth muscle, and lipocyte (Fig. 6b) and a debris class. We labelled an
average of 1200 superpixels for each superpixel size. Table 1 contains the full list of
labelled superpixels in each class. As this dataset contained a relatively low number of
images (38), it was unavoidable to annotate cells in a close proximity. However, to ensure
that cells close to each other are placed in either in the training or the test set (otherwise
we may favourably bias the evaluation), we generated the cross-validation folders at the

image level instead of the cell level.

Our aim was to find the optimal neighbourhood size, where machine-learning works with
the highest classification accuracy. In the case of the UBC dataset, we also compared the
classification performance on different superpixel sizes. For the evaluation we used Weka
3.8.1 (http://www.cs.waikato.ac.nz/ml/weka/), a machine learning and statistical

framework.

We tested the performance of five classification methods: Naive Bayes, Random Forest,
Support Vector Machine (SMO), the Logistic Regression (Simple Logistic), and

Multilayer Perceptron (MLP). We used 10-fold cross validation to measure the accuracy.
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Figure 6 Distinguished phenotypes. (a) Cells of nine different phenotype classes identified
in the MCF-7 High-Content-Screening Dataset. (b) Eight phenotypic classes in the UBC
tissue image dataset. Figure is adapted from [6].
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Table 1 Distribution of the labelled cells in the MCF-7 and the UBC datasets. Table is
adapted from [6].

Number Number | Number [ Number | Number | Number
of of of of of of
MCF-7 labelled UBC labelled | labelled | labelled | labelled | labelled
Phenotypes | cells Phenotypes | super- | super- | super- | super- | super-
pixels pixels pixels pixels pixels
(SLIC | (SLIC (SLiIC (SLiIC (SLiIC
25) 35) 50) 75) 100)
Abundant 307 Cancer cell 200 200 150 100 75
Rounded 301 Lumen 200 200 150 100 17
Bundled 85 Endothelial 100 100 75 55 40
microtubule cell
Multi- 155 Stroma 200 200 150 100 62
nucleated
Punctate 54 Fibroblast/ 200 200 150 100 62
actin foci .
fibrocyte
Decreased 47 Lymphocyte/ 200 200 150 100 66
cell size
Plasma cell
Elongated 94 Smooth 200 200 150 100 73
muscle
Peripheral 124  |Lipocyte 200 200 150 100 75
cytoskeleton
Fragmented 185 | Debris 200 200 150 100 68
nucleus
Debris 321
Sum of| 1673 [Sum of | 1700 1700 1275 855 598
labelled labelled
cells: superpixels:
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3.4 Results

We evaluated the performance of neighbourhood features on both image sets. We
compared various classification methods, took into account the size of the neighbourhood
and tested whether regular features, neighbourhood features or the combination of these
features produce the best results. We anticipated that the inclusion of neighbourhood
features would improve the performance of machine learning based on the concordant
opinion of biologists and pathologists, who highlight the relevance of cellular
microenvironment. We also observed that the local features of cells can be remarkably
similar, despite belonging to different phenotypic classes, but the neighbourhood features
clearly distinguish them (Figure 5). We hypothesised that there is a nonzero, but not
excessively big size of the environment, where classifiers work best (i.e., an optimal

neighbourhood size with respect to accuracy).
3.4.1 Improved accuracy in cell culture

For the MCF-7 breast cancer cells, we selected 5-25 nearest neighbours for the KNN and
100-1200 pixels (39.025—468.3 um) for the Euclidean distance-based analysis. According
to cross-validation results, adding more neighbours increases accuracy for all classifiers
(Fig. 7a). The SMO classifier displayed the best performance at a distance of 800 pixels
(312.2 um). In this instance, accuracy was 90.80%, which is 10% higher than that achieved
when considering regular features only (Fig. 8a,b). An enhancement can also be seen when
we compare our results to an earlier study[87], in which the MCF-7 dataset was analysed

with Advanced Cell Classifier (see Supplementary Section 1).
3.4.2 Neighbourhood features have major influence on phenotyping tissue sections

In the case of the UBC dataset, we used the KNN approach with 5-3000 neighbours and
the N-distance method between 100 and 1500 pixels (27-405 um) to analyse the effect of
neighbourhood features. First, we tested the RandomForest algorithm for all training sets.
Figure 7b shows the cross validation results for various SLIC sizes. The best performance
(90.96% accuracy) appears at superpixel size 35 (when a superpixel region is
approximately 89.3 um2) in the case of 100-nearest neighbours. Using only local features
at the same superpixel size and same KNN value, accuracy reaches 83.87%. This means

that the inclusion of neighbourhood features increases the performance of over 7%.
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We used this preliminary information based on RandomForest calculations that superpixel
size 35 could be the optimal choice and tested other supervised classification models on
this size (Fig. 7c). The MLP classifier with 100-nearest neighbours produced the best
accuracy (93.37%). Without the neighbourhood features, accuracy was 74.96%. The other
classifiers we examined showed a similar trend: using neighbourhood features resulted in

better results in each case than did relying only on regular features (Fig. 8c,d).
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Figure 7 Comparison of the performance of machine learning methods (RandomForest,
NaiveBayes, SMO, SimpleLogistic, MultilayerPerceptron) on different neighbourhood
distances. (a) Machine learning accuracies in the cell culture dataset using neighbours
selected with the KNN (left) and the N-distance methods (right). (We note that principal
component analysis was performed using 99% coverage before the Naive Bayes and the
Multilayer Perceptron calculations to reduce computational complexity.) (b) Three-
dimensional (3D) illustration (and its contour) of the performance of the RandomForest
algorithm in the UBC tissue dataset with respect to different superpixel and neighbourhood
sizes using the KNN (left) and the N-distance (right) methods. (c) Machine learning
accuracies on the best performing superpixel size (SLIC35, based on Figure 7b results) in
the case of the UBC tissue image dataset. Figure is adapted from [6].
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Figure 8 The effect of taking cellular neighbourhood into account. (a) Prediction examples
based on machine learning (SMO) in the cell culture dataset. Original image (left), scale:
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50 um, prediction using regular features only (middle), prediction using regular and
neighbourhood features, N-distance: 1200 pixels, 468.3 um (right) (b) Confusion matrices
of the best machine learning performance (SMO) in the MCF-7 breast cancer cell dataset,
taking the features of single-cells into account (middle) and considering neighbourhood
features (N-distance: 1200 pixels, 468.3 um) as well (right) (c) Prediction examples based
on machine learning (MLP) in the UBC tissue dataset. Original image (left), scale: 50 um,
prediction using regular features only (middle), prediction using the combination of
regular and neighbourhood features, KNN, K=100 (right), superpixel size: 35 pixels (9.45
um) (d) Confusion matrices of the best machine learning performance (MLP) in the case
of the tissue section images. Calculations using base features only (middle) and taking
cellular neighbourhood into account (KNN, K=100). Figure is adapted from [6].

3.4 Conclusion

In this part of the thesis, we presented an analysis of two datasets to test our hypothesis
using biological and clinical data. The first dataset used was a publicly available MCF-7
breast cancer cell line collection treated with various drugs used in medical practice. The
second dataset was images of urinary bladder cancer tissue sections obtained from patient-
derived samples. We extracted regular and neighbourhood features to describe the
microenvironment (the local features of cells can be similar across different phenotypic
classes, but neighbourhood features clearly distinguish them). We used two different
approaches to get the neighbours of a cell, the K-nearest neighbours (KNN) and the N-
distance methods. In conclusion, we found that the inclusion of neighbourhood features
improves the accuracy of machine learning based classification in both cell culture and
tissue sections (Figure 8). The optimal neighbourhood size varies based on the dataset and
classifier used. The results suggest that neighbourhood features have a major influence on
phenotyping tissue sections, with an increase in performance close to 20%. This
information can be used to optimise the selection of neighbourhood features for machine

learning classification in future studies.
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4. Fisheye transformation combined with deep learning

In the previous chapter we discussed that image-based features derived from the
microenvironment have an enormous impact on successfully determining the phenotype of
a cell. Deep learning networks are able to process arbitrary image sizes and therefore it is
technically feasible to process larger microenvironments. However, from a biological point
of view it seems reasonable that the direct neighbours of a cell have a bigger impact than
the cells that are farther. We wanted to illustrate this phenomenon in the input images of
the networks. To achieve this, we used a distortion similar to those characteristic for
fisheye cameras. With this approach we could produce images that (1) contain the fully
featured view of the cell-of-interest, (2) include the neighbourhood and (3) give lesser
weight to cells that are far from the cell-of-interest. In this part of the thesis we show that
using the proposed transformation with proper settings, we could improve classification
accuracy for both cell culture and tissue-section images. We also present that the range of
potential applications of the aforementioned method goes beyond microscopy, as in the
case of a dataset that contains images of wild animals, we could achieve better results

compared to traditional deep-learning approaches.
4.1 Background

Researchers have utilised a combination of computer vision and traditional machine
learning methods to aid in tasks such as exploring changes in cell structure during imaging-
based drug screening, classifying the distribution of proteins within cells, segmenting
single cells in images, and tracking objects [4, 77, 98-100]. Although these techniques
were successfully used in the past, deep learning approaches tend to be more effective in

recognizing biological patterns when analysing images [5, 101].

Deep learning has produced impressive results in addressing biological problems [34]. The
appearance of a cell is shaped by various cellular processes and factors, including the
stochasticity of gene expression, diverse proteomes and metabolomes, which contribute to
its unique morphological configuration [102]. By utilising deep learning, researchers have
been able to examine factors such as replicative age, organelle inheritance, and stress
response [103]. Deep learning analysis methods have proven to be as effective as human

pathologists in classifying whole-slide images into cancerous and normal lung tissue
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categories, and even predicting the top ten most commonly mutated genes [104]. Another
common challenge in cell biology is identifying proteins and determining their locations
within cells. To address this issue, multiple models have been developed to automatically
identify subcellular localization patterns, utilising data from the Human Protein Atlas,

which comprises single-cell-level images of 12,003 human proteins [105-107].

The variability among individual cells within a population is also influenced by the
microenvironment of each cell [92, 93]. Research has shown that the unique characteristics
of the cellular neighbourhood can play a critical role in understanding the collective
organisation of cells in various contexts. For example, Snijder et al. have reported that in
a cell culture setting, the burden of viral infection at the single-cell level can be predicted
based solely on each cell's microenvironment [93]. Bove et al. found that in a study of
competition between normal Madin-Darby canine kidney (MDCK) cells and cells lacking
the polarity protein scribble, the likelihood of cell division was significantly higher for
MDCK cells when their neighbourhood was mostly comprised of scribble cells [108].
There are numerous other examples in the literature of the importance of cellular
neighbourhood, such as neighbouring epidermal stem cells affecting each other's
differentiation, and the size difference of ligand-producing hair cell precursors in the inner
ear compared to their neighbours [109]. As it was shown in the previous chapter of the
thesis, our group has also concluded that incorporating the features of a cell's
microenvironment improves phenotype classification in high-content screens [6]. Based
on these findings, we believe that incorporating environmental data into deep learning

phenotypic profiling is worth exploring.

Recently, fisheye cameras have gained significant attention from both technical experts
and the general public. These cameras use ultra-wide angle lenses that are capable of
capturing panoramic or hemispheric images, but they introduce significant optical
distortion into the process. Specific mapping techniques (such as stereographic,
equidistant, equisolid angle, or orthogonal) are utilised by fisheye lenses, which give the
resulting images a characteristic convex, non-rectilinear appearance [110]. Due to their
ability to provide rich visual information, fisheye lenses have a wide range of applications,
including generating augmented or virtual reality, improving the performance of intelligent

robot vision systems, and simplifying the complexity of surveillance systems [111-113].
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To rectify the distortion introduced by fisheye lenses, various correction models have been
proposed [114-116].

In this part of the thesis, we propose a new approach to represent images for deep learning-
based image classification networks. The approach involves using a fisheye-like spatial
sampling method to transform the original image, which contains the object of interest in
the centre along with its predefined microenvironment. The transformation collects more
pixels from the proximity of the object-of-interest and decreases the resolution for larger
proximity (Fig. 9b). The results show that the proposed pipeline outperforms classical
machine learning methods and deep learning-based classifiers on different datasets, such
as cell cultures, scans of cancerous tissues, and real-life images. The fisheye transform
method achieves higher accuracy scores on the datasets compared to using multi-scale
images in parallel (i.e. an image pyramid) for the network. Moreover, the fisheye
transformation can be incorporated into the network as a layer, although it requires more

computational resources when large images are fed into the network [117].

d

optical axis

Object height
ybiay abew

Object distance Focal distance
2

A

Original image Classicalpixel Fisheye pixel Transformed image
sampling sampling

MCF-7 Urinary bladder cancer Lung cancer iWildCam2020

L1 £
O

Figure 9 Fisheye transformation. (a) Illustration of the optical parameters for the fisheye
transformation. (b) The difference between classical and fisheye pixel sampling: in the
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classic case we select pixels evenly, while in case of fisheye, sampling is dense near to the
object-of-interest, and less dense as the distance from the object increases. (c) Examples
of the fisheye transformation. Figure is adapted from [7].

4.2 Datasets
4.2.1 MCF-7 cell culture

As a cell culture dataset, we used the same set we described in section 3.2.1. To see

examples of the distinguished phenotypic classes, see Fig. 10a.

4.2.2 Urinary bladder cancer tissue sections

We used our previously described (section 3.2.2.) urinary bladder cancer (UBC) tissue

dataset. Refer to Fig. 10b to observe instances of the distinguished phenotypic classes.

4.2.3 Lung cancer tissue sections

We used images of lung cancer (LC) tissues as a test dataset (Fig. 10c). The images were
acquired from patient-derived samples were obtained from University of Szeged (approval
authorisation number: 5127, registration number: 17/2022-SZTE). The samples were
obtained from 4 patients (sex and gender identity/age/histological observations of the
subjects respectively: female/75/primary pulmonary multinodular invasive papillary
adenocarcinoma, female/65/primary lung origin, acinar predominant adenocarcinoma,
female/74/primary lung origin, invasive adenocarcinoma, acinaris predominant,

male/76/primary lung origin, invasive solid adenocarcinoma).

The slides of lung cancer tissues were stained with HE in standard histopathological
procedures. Formalin-fixed and paraffin-embedded tissue sections were cut into 4 um thick
slices, and were stained using a Tissue-Tek DRS 2000E-D2 Slide Stainer (Sakura Finetek
Japan) according to the manufacturer’s instructions. Using the AxioVision

SE64Rel.4.9.1.1 (Carl Zeiss Meditec AG, Germany) software, images were captured with
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an Axio Imager Z.1 (Carl Zeiss Meditec AG, Germany) microscope equipped with an EC
Plan-NEOFLUOAR 20x/0.5NA lens.

For this dataset, we differentiated 10 phenotypic classes (blood cell, cancer cell, cartilage,
endothelial cell, epithelium, fibroblast-fibrocyte, gland, lymphocyte-plasma cell, muscle

cell and stroma cell, see Fig. 10c), and labelled 5,000 cells.
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Figure 10 Distinguished classes. (a) Cells of nine different phenotype classes identified in
the MCF-7 High-Content-Screening Dataset. (b) Eight phenotypic classes in the UBC
tissue image dataset. (c) Ten phenotypic classes in the LC tissue image dataset. (d) The ten
most common animal species in the iWildCam2020 dataset. Figure is adapted from [7].
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4.2 4 iWildCam 2020 dataset

The iWildCam 2020 dataset was created from a Kaggle competition that was centred on
the task of categorising different animal species. The Wildlife Conservation Society,
iNaturalist, the U.S. Geological Survey, and Microsoft Al for Earth were the primary
sources of data. The training dataset for the competition is composed of 217,959 pictures
taken at 441 sites, and it contains 267 categories, which have an uneven number of
examples. The top 10 classes that include the majority of the examples (excluding the

‘'empty’ category, which has no visible animals in the picture) are shown in Fig. 10d.
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4.3 Methods
4.3.1 Segmentation
The segmentation we used for the MCF-7 and UBC datasets is described in section 3.3.2.

Similar to the UBC dataset, the SLIC superpixel segmentation technique [78] was
employed to segment urinary bladder cancer and lung cancer section images. In this case,
a superpixel size of 35 pixels was used, and connectivity was enforced between superpixels
with less than 25 pixels. Our previous research has shown that this superpixel size is most
effective for representing cells [6].

While annotating the MCF-7, urinary bladder, and lung cancer datasets, we recorded and
saved the x-y coordinates of the nuclei/superpixels' centres. These coordinates were then

utilised as inputs for the fisheye transformation.

The iWildCam dataset was accompanied by a general animal detection model called
MegaDetector (https://github.com/microsoft/CameraTraps/blob/master/megadetector.md)
and an annotation file with one label per image, provided by the Kaggle competition
organisers. In cases where multiple animals appeared in an image, we selected the detection
with the highest accuracy and used its label. MegaDetector utilises bounding boxes, and
for our study, we used the x-y coordinates of the bounding box centres as inputs for the

fisheye transformation.

4.3.2 Fisheye transformation

A range of ultra-wide angle lenses exist, all of which introduce a notable visual distortion.
In our investigation, we assessed an algorithm that artificially replicates this distortion
present in images captured using ultra-wide angle lenses. We examined the importance of
nearby features to identify the optimal distance for achieving the highest classification

accuracy.
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p=r

d / f

The projection position of a given real world point in fisheye transformation can be
determined based on the angle of the incident ray. This can be calculated using a mapping

function:

r =m(f,0),
where f is the focal length. For a given f we can reformulate the above equation as

r = mg(0).

The mapping function is an essential component of fisheye lenses that determines the
position of an object (r) in the image relative to the centre, based on the focal distance (f)

and the angle (0) from the optical axis. The functions in wide-angle lens cameras include

the following:
- Rectilinear:
r=ftan@
- Fisheye
- Equidistant
r=f0
- Equisolid angle
= 2fsin—
T f sin >

- Stereographic
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=2ft o
r= fan2

- Orthographic
r=fsinf

All of these functions are invertible:

6 = ms*(r).
The following relation is also valid for 6:

_P
tan 6 =7

where d is the distance between point p and the centre of the lens, measured along the axis
of the lens. In our case, the pixels of an image represent the object points, and the constant

d remains the same throughout the entire image.

In tasks that involve transforming images, the transformation function is typically
expressed as an inverse mapping, which specifies the source position of every output pixel.
In other words, it determines the value of p for each output position r. From the equations

above, p can be calculated as follows:
p =d tanm;(r).

This equation contains two free parameters: d and f. The scalar multiplier d only impacts
magnification. The value of f affects both the scale and magnitude of distortion. However,
in our study, we aimed to adjust the fisheye effect of the transformation without changing
the scale of the selected area. To achieve this, we connected the value of d and f in a way

that preserves the scaling.
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Let’s mark the size of the selected area with a. Our objective is to maintain the original
position of the corner points even after the fisheye distortion is applied. In this case an
equation is introduced as follows:

tan 0 = 7
where 6,,,, is the angle of the incoming ray from the borders of the selected area. As for

the border points are expected to be transformed into themselves,

is also valid. Combining these two equations gives

a

2tan mg! (%) .

d =

It is evident that the last equation is determined by f as a modifiable parameter (when the

value of « is fixed). Thus, the final form of the equation for the fisheye transformation is

a tan m;'(r)

_E.tan mf‘l(%)

p

As an easy-to-read interpretation, we normalise the value of 0 to the range of [0, 1], and

then rescale it to the range [O, %]
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Note that in the calculations above it is assumed that the selected area of interest is in the
middle of the image. However, with a simple translation, the calculations are valid for any

arbitrary image positions.

The first parameter that we optimised was the window size, which refers to the range
around our object of interest (i.e., the object height in optical terms, as shown in Fig. 9a).
For the MCF-7, UBC, and LC datasets, we previously saved the x-y coordinates of the
nuclei/superpixels centre, and then applied the selected pixel range for fisheye
transformation based on these coordinates. For the iWildCam dataset, we cropped the areas
of interest from the original images in four different sizes for fisheye transformation. We
multiplied the size of the original bounding box by 1.0, 1.5, 2.0, and 2.5. When we
multiplied the original size by 1.0, we cropped the images to the same size for both the
baseline and fisheye-transformation images. For all other cases, we considered a larger

environment size.

The second adjustable parameter we optimised was the focal distance, which determines
the extent of the distortion. Unlike for the analyses based on our original idea of acquiring
information based on cell neighbourhood, we used pixel-based information acquisition
(Fig. 4, 9b). The third parameter we optimised was the mapping function, which in cameras
is responsible for transforming a portion of a spherical object into a 2D plane. In this study,
we selected the "equidistant” function, which is one of the most common mapping
functions used in cameras, to test our hypothesis on the significance of neighbourhood in
classification accuracy. We set the object distance (the distance between the original image
and the lenses) to eliminate scaling due to fisheye distortion in all cases. For additional

examples of transformed images, see Supplementary Figure S1-S4.

4.3.3 Deep learning-based object classification

Matlab R2019b and its Deep Learning Toolbox (version 13.0) were employed for image
classification in this study. The toolbox offers a platform to develop or implement
networks, pre-trained models, and apps. Two pre-trained networks on ImageNet, ResNet50
and InceptionV3, were utilised for transfer learning due to their accuracy, speed, and size.
To avoid any possible positive influence of evaluation, annotated cells were excluded from

the validation image as a neighbour in the training dataset of MCF-7 and UBC datasets.
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Instead, the training dataset was pre-defined at the image level. In contrast, LC and
iIWildCam datasets only contained one annotated object per image, and were randomised
and split into 80% for training and 20% for validation. Data augmentation was performed
on the training datasets using standard geometry transformations such as reflection in the
left-right and a top-bottom directions, rotation, horizontal and vertical scaling. However,
we did not use any transformations that would move the cell-of-interest away from the

centre of the image, as this would impact the fisheye transformation.

The deep-learning parameters used: MiniBatchSize: 64, MaxEpochs: 100,
InitialLearnRate: 3e-4, LearnRateDropFactor: 0.3, LearnRateDropPeriod: 50, Shuffle:

every epoch.

4.4 Results

We assessed the effectiveness of a fisheye-inspired sampling approach in enhancing deep
learning-based image classification networks, using several image datasets (Figure 10).
We compared ResNet50 and InceptionV3-based classifiers, and examined the impact of
neighbourhood extent and focal distance of the fisheye transformation. Our aim was to
determine the best combination of these parameters that would produce the most accurate

results.

We used ResNet50 and InceptionVV3 models as baselines for comparison. For the cell
culture and tissue section datasets, we cropped out 192x192 pixel-sized images around the
cells' centres and resized them to 224x224 to meet the models' requirements. For the
iWildCam dataset, we cropped out the bounding boxes around the animals and resized
them to 224x224 pixel images. We did not use fisheye transformation for benchmarking.
We performed two-sample t-tests for statistical analysis of the classification accuracy

results (see Supplementary Section 2).

Based on previous studies in cellular biology, we hypothesised that considering the cell's
microenvironment would enhance deep learning classification performance. To test this,
we introduced a fisheye transformation, which takes into account more pixels from the

object-of-interest's direct neighbourhood than from the surrounding region (Fig. 9b). We
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also hypothesised that there would be an optimal combination of neighbourhood range and

focal distance for deep learning-based classification accuracy.

4.4.1 Increased classification accuracy on images of cell cultures

For the MCF-7 breast cancer cell dataset, we defined an environmental range of 45 to 724
pixels (17.56-282.54 um). The average nuclei size in this dataset is 37 pixels (14.44 um).
Validation results indicate that the accuracy of both ResNet50 and InceptionV3 classifiers
improves when applying the fisheye transformation (Fig. 11a). The best performance was
achieved with the ResNet50 model using a window size of 543 pixels (211.91 um) and a
focal length of 130 arbitrary units. This resulted in an accuracy of 91.38%, which is 7%
better than deep learning alone (84.31%). Our previous results with classical machine
learning approaches showed a maximum accuracy of 90.80% with the support vector
machine classifier, which was outperformed by the highest classification accuracy
achieved with fisheye distortion. Although InceptionV3 had a higher deep learning
baseline (85.85%) than ResNet50, the best result we achieved with InceptionV3 using

distorted images was only 89.33%.

We also segmented nuclei and cytoplasm in the MCF-7 dataset and tested the effect of
including the environment and the fisheye transformation on classification accuracy. We
used the same ResNet50 network for both the baseline and fisheye calculations. The results
show that the accuracy is lowest when the network sees only the nuclei, and highest when

using fisheye transformed images that include the cell’s microenvironment (see Figure S5-

S6).
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Figure 11 Comparison of the performance of deep learning networks (ResNet50,
InceptionV3) upon considering different neighbourhood distances. (a) Classification
accuracies for the MCF-7 cell culture dataset using ResNet50 (left) and InceptionV3
(right). (b) Classification accuracies for the urinary bladder cancer tissue image dataset.
(c) Classification accuracies for the lung cancer tissue dataset. (d) Classification
accuracies for the iWildCam2020 dataset. Green lines indicate the baseline yielded with
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deep learning upon using the original (undistorted) images, while black lines indicate the
results achieved on fisheye distorted images with different f (focal distance) values (the
values are measured in arbitrary units). Figure is adapted from [7].

4.4.2 Fisheye transformation has a major impact on phenotyping tissue sections

In the UBC tissue image dataset and the lung cancer dataset, we collected neighbourhood
information for window sizes of 45 to 724 pixels (12.15-195.48 um) and 45 to 362 pixels
(17.55-141.18 um), respectively. The average nuclei sizes for these datasets were 32 pixels
(8.64 um) and 39 pixels (15.21 um), respectively. Our results indicate that using the
fisheye transformation improved classification accuracy compared to traditional deep

learning, regardless of whether we used ResNet50 or InceptionV3.

In our previous study on the UBC dataset, we achieved a maximum classification accuracy
of 93.37% with MLP calculations using neighbourhood features. In our current study,
using the fisheye transformation with ResNet50, we achieved a best performance of
98.14% with a window size of 272 pixels and a 150 arbitrary unit focal length (Fig. 11b).
Without using the distorted images, classification accuracy was 94.41% only. For the lung
cancer dataset, InceptionVV3 performed slightly better than ResNet50, with a maximum
accuracy of 99.46% achieved by incorporating the neighbourhood feature with a 272 pixel
range and using 170 arbitrary units as focal distance. This is more than 2% better than the

results yielded with InceptionVV3 on undistorted images (accuracy: 97.25%).

4.4.3 Fisheye transformation outperforms image pyramids

To compare the performance of our proposed fisheye transformation with classical
multiscale approaches, we conducted a benchmark test on the UBC and LC datasets using
an image pyramid as input for the networks. We provided ResNet50 networks with images
of different scales (1/1, 1/2, 1/4) simultaneously. The phenotypic classification accuracy
was 97.9% for the UBC dataset and 99.1% for the lung cancer dataset. These results show
that using the image pyramid approach produces better outcomes than traditional deep

learning. However, it is not as effective as the fisheye transformed approach.
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4.4.4 Improved accuracy in case of the iWildCam2020 dataset

Our study aimed to determine whether incorporating environmental information from real-
life scenes could enhance the accuracy of classification results. The dataset comprised
photographs of animals captured from stationary camera positions. As the perspective
varied, the animals appeared either small or large in the images. To address this disparity,
we utilised the size of the bounding boxes surrounding the animals as references, rather
than using fixed pixel-distances. The deep learning baselines for classification accuracy
were 95.3% and 95.22% for ResNet50 and InceptionV3, respectively. However, when
fisheye-transformed images were used, classification accuracy improved to 95.48% with
ResNet50, using 2.0x the size of the bounding boxes as the neighbourhood feature and a

focal length of 150 units.

4.5 Conclusion

In this chapter, we proposed a new method that combines fisheye transformation with deep
learning to improve phenotypic classification accuracy. We tested our method on various
datasets, including MCF-7 cell culture, urinary bladder cancer and lung cancer tissue
sections, and iWildCam2020. Our approach outperformed traditional machine learning
methods that used single-cell and neighbourhood features, as well as deep learning models

that used non-fisheye transformed images as input (Figure 12).

The most significant improvement was observed in the tissue section images, where
microenvironmental differences are apparent. These differences are evident in the
histology studies of tissues, where the cooperation and interdependence of different cells
are visible. Our method captures these differences by using the fisheye transformation and
considers the adjacency information of endothelial cells and the presence of restricted cell

types such as connective tissue cells and smooth muscle cells.
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Figure 12 The effect of combining the fisheye transformation with deep learning. (a)
Prediction examples and confusion matrices based on ResNet50 models in the cell culture
dataset. Original image (left), prediction and confusion matrix using the model built on
standard images (middle), prediction and confusion matrix using the model built on
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fisheye-transformed images, window size: 543 pixels, focal length: 130 a.u. (right). In the
second and fourth images we show with different colours the predicted phenotypes and in
the third and fifth images we show if the prediction was true (green) or false (red). (b)
Prediction examples and confusion matrices of the best deep learning performance
(ResNet50) in the urinary bladder cancer tissue dataset. Original image (left), prediction
and confusion matrix using traditional deep learning (middle) and considering the cellular
neighbourhood with fisheye transformation, window size: 272 pixels, focal length: 150 a.u.
(right). (c) Prediction examples and confusion matrices based on InceptionV3 models in
the lung cancer tissue dataset. Original image (left), prediction and confusion matrix using
the model built on undistorted images (middle), prediction and confusion matrix using the
combination of deep-learning and fisheye-distorted images, window size: 272 pixels, focal
length: 170 a.u. (right). Figure is adapted from [7].

We also observed an improvement in accuracy in the case of cell cultures. Though there
are homogeneous-looking areas in these images, they are not composed of molecularly
identical cells. Here, the fisheye transformation helps capture the differences in these
regions, and the neighbourhood provides a more statistically stable basis for decision

making.

While we observed only minor improvements in accuracy in the iWildCam dataset, we
demonstrate that the fisheye transformation approach is generally applicable to any image

data where the environment plays an important role.

In conclusion, our study shows that incorporating the microenvironment into machine-
based decisions can improve phenotypic classification accuracy. This highlights the
importance of considering macro structures in cellular structures. We also demonstrate that
non-uniformly sampling the original image data for deep learning training and inference is
feasible and can further improve accuracy. A potential extension to our approach could
involve introducing data transformer layers that can learn non-linear spatial sampling

functions.
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5. Analysis of 3D cell cultures

In the previous chapters, we talked about improving machine learning accuracy for 2D
images by considering the neighbourhood of the cell of interest. Now, we turn our attention
to 3D cell cultures. Despite recent developments in the analysis of 3D data, a number of
methodological challenges remain unresolved. So in this chapter we will focus not only on
phenotypic classification, but also on the steps that precede it. These steps include sample
generation, image acquisition, annotation and segmentation. We will discuss how to
improve the quality of microscopy images using optical clearing and quantify the
effectiveness of different clearing protocols. Then, we will discuss the challenges and
solutions for annotating and segmenting cells in 3D. Finally, we will share our results so

far in studying cells and their microenvironment in 3D co-cultures.

3D cell cultures refer to cell models where cells are grown in three-dimensional structures,
as opposed to traditional two-dimensional monolayer cultures. 3D cultures have numerous
applications in anticancer drug screenings and toxicology studies. Extensive research has
shown that these 3D cell cultures are more reliable than the classical flat (2D) cell cultures
(as described in Chapter 1). Culturing cells in a 3D manner offers multiple benefits
compared to 2D cell culture, as it enables the expression of extracellular matrix
components and facilitates interactions between cells and the matrix, as well as between

cells themselves [118].

We can define different types of 3D multicellular models based on their geometry and

functional complexity [66]:

e Multicellular aggregate: a 3D cell cluster free from a defined structural obligation
e Spheroid: a type of multicellular aggregate that is almost spherical in shape
e Tumoroid: a spheroid composed of cancer cells

e Co-culture spheroid: a spheroid that is composed of more than one cell type not

accomplishing a specific function together

e Microtissue: a 3D multicellular aggregate that includes multiple cell types that

work together to perform a specific function
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e Organoid: a self-renewing multicellular aggregate that has an irregular shape and

self-organise into ex vivo mini-organs

5.1 Related methods
5.1.1 Optical clearing and a quantitative metric to measure its effectiveness

Confocal and light sheet-based fluorescence microscopy are widely used to acquire images
of single cells of spheroids [119]. However, in these models, imaging depth is significantly
restricted due to the scattering of the excitation and emission lights. This scattering leads
to a loss of fluorescence intensity and contrast, practically limiting the screening of cells
to the outer layer of the spheroids only. The primary reason behind this light scattering
effect is the presence of refractive index (RI) discontinuities between and within spheroids
[120]. To address this issue, numerous optical clearing protocols have been developed
[121].

Optical clearing is a process that makes biological samples, such as cells, tissues, or even
whole organisms, optically transparent [122]. It is a crucial technique for biological
imaging as it allows scientists to visualise the complex structures and connections within
these samples in three dimensions, without the need of tissue sectioning approaches that
can introduce artefacts. This technique is particularly valuable in the fields of neuroscience,
developmental biology, and cancer research, where understanding the intricate three-

dimensional organisation of cells and tissues is essential [123].

There are a variety of optical clearing methods, each with its strengths and drawbacks.
However, the primary objective of most of these methods is to enhance the transparency
of samples chemically, by equilibrating the RI throughout the sample. The process of
optical clearing typically involves several steps, although the specific methods can vary
depending on the application and the type of sample being studied. Here's a general

overview of the optical clearing process [124]:

1. Fixation: The first step involves fixing the biological sample. Fixation helps
preserve the sample's structural integrity and prevents degradation. Different

fixatives may be used depending on the specific experiment's requirements.
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2. Dehydration: In this step, water is removed from the sample using a series of
alcohol solutions with increasing concentrations. Dehydration helps prevent the
sample from swelling when it comes into contact with the clearing agent.

3. Clearing: The most critical step is the application of a clearing agent, which
replaces the sample's water and lipids. The clearing agent has refractive properties
similar to the biological sample, reducing light scattering and making the tissue
transparent.

4. Staining and labelling (optional): Depending on the research objectives, the cleared
sample can be stained or labelled with fluorescent markers or antibodies to
highlight specific structures or molecules of interest.

5. Imaging: Once the sample has been successfully cleared, it can be imaged using
various microscopy techniques, such as confocal microscopy or light-sheet
microscopy. The ability to image the sample in three dimensions allows researchers
to gain insights into complex cellular and neural networks, which would be

challenging with conventional two-dimensional imaging.

While clearing protocols are being increasingly utilised for 3D cultures in cellular
phenotyping assays [125, 126], quantitatively evaluating their effectiveness remains a
challenging task. Qualitative and quantitative measures are used in most recent studies to
assess the effectiveness of clearing [127-129]. During qualitative approaches, based on
images that were taken with brightfield and fluorescence microscopy before and after
optical clearing, most of the researchers applied subjective scoring [130]. While this
method is suitable when determining the presence or absence of fluorescent signals after
the clearing process or when distinguishing different clearing protocols based on
brightfield images, it becomes time-consuming and impractical when comparing hundreds

of 3D images.

In our work [8], we presented the development and comparison of metrics designed to
measure the efficiency of optical clearing protocols for 3D images in a standardised
manner. We evaluated seven metrics commonly used to assess blurriness in general photos
and videos (namely intensity variance, gradient magnitude variance, Laplacian variance,
histogram thresholding, histogram entropy, frequency thresholding and Kurtosis) and
implemented them into an easy-to-use open-source Imagel/Fiji [131] plugin called
Spheroid Quality Measurement (SQM).
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To test the performance and usability of these metrics, we created and shared a dataset
[132] containing 90 spheroids derived from three different human carcinoma cell lines (T-
47D: human breast cancer, 5-8F: human nasopharyngeal carcinoma, Huh-7D12: human
hepatoma). In order to make the spheroids more comparable to each other, we paid special
attention to generate them with a nearly identical size (200 to 250 um in diameter). We
cleared all three types of spheroids with five popular water-based clearing protocols,
namely Clear" [133] Clear™ [133] CUBIC [132, 134], ScaleA2 [135] and Sucrose [132,

136]. In Figure 13 we could see the qualitative comparison of the cleared spheroids.
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Figure 13 Qualitative comparison of cleared spheroids. Brightfield images of the different
cleared spheroids on glass slides with a grid of parallel black lines. The scale bar
represents 100 um. Figure is adapted from [132].

We asked ten microscopy experts - each with a minimum of 5 years of experience in
microscopy and working with spheroid images — to evaluate the 3D dataset (in Figure 14
we could see examples of the images, the experts had to examine). Their task was to
visually assess the sharpness of the images. We considered their assessment as ground
truth. Then, we compared the correlation between their evaluation and the results of the
metrics. We found that out of the seven metrics examined, only intensity variance proved
suitable for quantitatively measuring and assessing different optical clearing protocols.
Finally, to measure the efficacy of the clearing protocols, we used intensity variance metric
and identified the best clearing protocols for each cell line. As anticipated, the tested optical

clearing protocols exhibited varying performances on the three cell lines. For the T-47D
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cell line, which formed the least compact spheroids, the Sucrose, CUBIC, and ScaleA2
protocols demonstrated equal effectiveness, resulting in no significant quality differences
among the cleared groups. The ScaleA2 clearing protocol provided the best image quality
for the 5-8F spheroids. Finally, the Huh-7D12 cell line only showed successful
visualisation of single nuclei in the lower regions of the spheroids when using the Sucrose

clearing protocol.
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Figure 14 Comparison of the optical clearing protocols on nuclei-labelled fluorescence
images, showing the middle region of the spheroids. Figure is adapted from [132].

5.1.2 3D nuclei annotation

One of the biggest challenges in computational biology is the segmentation of single cells

in microscopy images. Segmentation is the first step in analysing cell cultures before
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further phenotype-based statistics and other bioimage analysis tasks can be performed.
Studies have demonstrated that deep learning-based systems significantly surpass classical
image processing techniques when it comes to 2D nuclei segmentation [51]. However,
these approaches require precise and large training datasets (for the segmentation of 3D
cell cultures the training data contains 3D-annotated spheroids). Generating such ground
truth datasets in 2D often involves manually drawing cell contours on a 2D canvas.
Likewise, the natural progression to 3D would entail annotating each slice of the volume
data. However, it is not difficult to see that this approach is extremely time-consuming. In
addition, when annotating slice by slice, the human eye may not be able to find the exact
boundary of the objects, which could lead to discontinuous object surfaces, which is

against our goal to create the most accurate training dataset.

To overcome these issues, we designed 3D-Cell-Annotator [9] (Figure 15), offering an
alternative method for accurately outlining 3D shapes through the utilisation of a
specialised active surface model [137]. This tool is a patch for the segmentation plugin of
the widely used Medical Imaging Interaction Toolkit (MITK) [138]. Due to the
computational complexity and high cost of active surface models, our approach was
specifically designed to leverage Graphics Processing Units (GPUs) and implemented
within the NVidia CUDA framework. This implementation resulted in a considerable
speed boost, several orders of magnitude faster compared to traditional CPU

implementations.

..

(b) Original Comparison 3D-Cell-Annotator Annotator 1 Annotator 2 Annotator 3

e

Figure 15 3D-Cell-Annotator (a) 3D-Cell-Annotator graphical user interface. (b)
Confocal single-cell dataset annotated by three experts. Despite the fact that the
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annotators are all experts in the field, the obtained segmentations slightly differ (green
contours). However, those obtained by the proposed software do not vary significantly (red
contour). (c) Segmentations of a cancer-derived multicellular spheroid, imaged with an
LSFM at a single-cell level. (d) 3D-Cell-Annotator can be used to extract cells with a
special phenotype as shown in the magnified cell (red). Figure is adapted from [9].

This tool facilitates the 3D segmentation of individual cells and nuclei from a 3D dataset,
commonly acquired using confocal, multi-photon, or light-sheet fluorescence microscopes.
It employs 3D active contours with shape descriptors as prior information to achieve
accurate single cell annotation in a semi-automatic manner. Each object is assigned a label
to initiate contour evolution, and the annotation process can be done manually, cell-by-
cell, or semi-automatically by placing initial seed points. Unlike the general active surface
algorithm, which may generate object clusters when cells share boundaries, the proposed
selective active surface method uses user-provided shape descriptor values (sphericity and
volume) to apply forces and ensure more precise segmentation. During surface evolution,
these prior parameters can be finely adjusted with high precision to achieve single cell level

segmentation. The resulting segmentations are automatically exported as 3D masks.

During the evaluation of 3D-Cell-Annotator, we computed the Jaccard Index for the
segmentations obtained by 3D-Cell-Annotator, and compared it to other tools as well as to
manual segmentations executed by expert annotators [9, 10]. The obtained results showed
that 3D-Cell-Annotator works with an accuracy comparable to human experts. Based on
these results, we consider this tool suitable for generating training tests for more advanced

machine learning approaches.

5.1.3 3D nuclei segmentation

As we implied in chapter 5.1.2, our aim is to segment cell nuclei automatically. Of the
existing methods, we chose StarDist-3D [139] because its developers claim that it works
with high precision in images with low signal-to-noise ratios and/or dense packing of
nuclei, which is the case in images of spheroids. The name "StarDist" was chosen because

this model applies a star-convex polygon representation for cell shape, instead of using
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more traditional methods like watershed transformations [140] or the U-Net convolutional

neural network [141].

As StarDist is a method for deep learning based instance segmentation, it requires training
data. This data consists of corresponding pairs of input (i.e. raw) images and fully
annotated label images (i.e. every pixel is labelled with a unique object id or O for

background). During the training there are two main steps (Figure 16):

1. Object Detection: StarDist begins by detecting the centers of individual cells in the
3D image. Each cell is associated with a center voxel (a pixel in 3D space). The
task is formulated as a binary classification problem where each voxel in the 3D
image is classified as either being the center of a cell or not.

2. Shape Prediction: After the centers of cells are detected, StarDist predicts the 3D
shape of each cell. This is done by predicting the distances from the center voxel

to the boundary of the cell in various directions.

a) Input Segmentation (GT) Object probability Star-Convex distances  b)
p(z,y,2) di(z,y,2)

-
- « I
(z,y,2)

Figure 16 Representation of the StarDist-3D method. a) StarDist-3D method is trained to
densely predict object probabilities p and radial distances dk to object boundaries. b)
Schematic of the used convolutional neural networks architecture based on ResNet. Figure
is adapted from [139].

This method predicts the parameters of the polyhedra directly and densely for each pixel.
Following this, it applies non-maximum suppression to remove redundancies from the
large set of polyhedron shapes that we've obtained. Ideally, this process will leave us with

only one predicted shape for each actual object in the image.
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5.2. Materials and methods
5.2.1 Co-culture spheroid dataset

We used 3D images of co-culture spheroids as a test dataset. The spheroids were generated
from Hela-Kyoto adenocarcinoma cells and MRC-5 fibroblast cells. The cell ratio was:
20+80% (60 HeLa cells + 240 MRC-5 = 300 cells/well). The seeding happened
sequentially, which means that on day 1 60 HeLa cells per well were seeded into a U-
bottom, cell-repellent 384-well plate (Greiner, 787979). On day 2, 240 MRC-5 cells were
added to each well. The spheroids were incubated in a medium consists of DMEM
supplemented with 10% of FBS, 1% L-glutamine and 1% P/S/A. After the spheroids
developed, they were washed twice with Ca?’Mg?* PBS and fixed with 4% PFA for an
hour at room temperature. For the staining, the spheroids were incubated in 1% TRITON-
X for overnight, then wash with PBS 2 times. The nuclei were stained with DAPI (1 pg/ml)
overnight. The Hela-Kyoto cells express two fluorescent proteins, a H2B-associated
mCherry fluorescent protein and an alpha tubulin-associated EGFP (enhanced GFP). This
means that the nuclei of Hela-Kyoto cells, when excited with 638 nm light, are visible in
fluorescence microscopy images without staining. When looking at the DAPI channel, all

nuclei from both the HelLa and fibroblast cell lines are visible (Figure 17).

C

Figure 17 Cell nuclei in a HeLa-Kyoto — MRC-5 co-culture spheroid. a) Cells under 405
nm laser excitation (we could see all of the cell nuclei), b) cells under 638 nm laser
excitation (we could only see the Hela-Kyoto cells), ¢) the combination of the channels in
a) and b). Scalebar: 50 um.

A Leica SP8 Digital LightSheet microscope was used to take fluorescence images.
Fluorescence light sheet images were acquired with an exposure time of 200 ms at 50%

laser intensity at 405 and 638 nm (maximum laser intensity 350 mW), and a 25x/0.95
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detection objective was used for light sheet imaging with a 2.5 mm mirror device mounted
on the objective. Images were captured with the SCMOS DFC9000 Leica camera at a
resolution of 2048 x 2048 pixels with a pixel size of 0.14370117 pm. The spacing between

images in each z-set was 3.7 um.

5.2.2 Segmentation

For 3D nuclei segmentation, we used the aforementioned StarDist-3D method [139].
However, as it was described in subchapter 5.1.3, to train the deep neural network, we need
annotated 3D data. To create that, we used 3D-Cell-Annotator [9] on 12 images showing
fluorescently labelled nuclei of spheroids. Our training dataset contained manually and
semi-automatically annotated nucleus instances (7238 in total). We applied data
augmentations during training, including random rotations, flips, and intensity changes,

which are typically sensible for 3D microscopy images.

We randomly chose 9/3 images for training/validation. To evaluate the performance of our
trained model, we used the same metrics as the authors of the StarDist article [139].

Namely, we calculated

TP
TP+ FN + FP

accuracy(t) =

where TP are true positives, which are pairs of predicted and ground-truth nuclei having
an overlap beyond a chosen intersection over union threshold (t). FP are false positives

(unmatched predicted instances) and FN are false negatives (unmatched ground-truth
instances). The value of 7 can be between 0 (even slightly overlapping objects count as

correctly predicted) and 1 (only pixel-perfectly overlapping objects count). During our

evaluation, we set t to 0.7 and reached 0.6453 accuracy.

After the training was finished, we used our model to segment nuclei in new, previously

unseen images (see Figure 18).
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ORIGINAL SEGMENTATION

3D

Z=10

Z=20

Z=30

Figure 18 Nuclei segmentation with StarDist-3D method on a Hela-Kyoto-MRC-5 co-
culture spheroid. Top: 3D representation of a nuclei-labelled co-culture spheroid and the
segmentation what was performed on it. Bottom: Representation of the nuclei segmentation
in different z-positions, showing the top, the middle and the bottom region of the spheroid.



5.2.3 Feature extraction

We extracted 3D features that describe the shape and intensity of the selected nuclei and
we used neighbourhood features to represent the microenvironment. The full list of features

we used:

e Regular features:

o Shape features: elongation, equivalent ellipsoid diameters, equivalent
sphere diameter, equivalent sphere perimeter, extent, Feret diameter,
flatness, number of components, principal moments, rotation invariants,
roundness, surface voxels, volumetry, voxels

o Intensity features: integrated, minimum, maximum, mean, median and
standard deviation statistics of a 3D region

e Neighbourhood features: the minimum, maximum, mean, median, and standard
deviation statistics of the regular features; distance features: minimum, maximum,

mean, median, standard deviation.

Similar to what was presented in Chapter 3, we have defined what we consider a neighbour
in two ways: with the KNN and the N-distance methods (here, we calculated the Euclidean-

distances in the 3D space). For the feature extraction, we used BIAS (see subsection 3.3.1).

5.2.4 Machine learning classification

After feature extraction, we created a training dataset for machine learning classification
using BIAS. We distinguished two classes: HelLa-Kyoto cells and MRC-5 cells and 400
cells were labelled. We took special care to not label the same cell types that are in a close
proximity, because it could potentially cause a bias in the evaluation. During the labelling,
the human experts used information in the images from both the red and blue channels to
distinguish the two cell types. Fibroblast cells are visible only in the blue channel, while
carcinoma cells are visible in both channels (Figure 17,19). However, after preliminary
tests, where our concept performed above 99% accuracy (Supplementary Section 3), we
raised the question whether accurate classification was possible using shape features only.
So it is important to point out that from then, we performed our training in such a way that

the machine learning algorithms were not given intensity information of the objects
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(whether a given nucleus was visible in the red or blue channel), but could only use data

about the shape of the nuclei (Figure 19).

We tested the performance of two classification methods: Random Forest and Multilayer
Perceptron with different KNN and N-distance sizes. We used 10-fold cross validation to

measure the accuracy.

Figure 19 a) Image seen by the human expert during training data generation b) Image
used by the machine learning algorithm. Scalebar: 50 xm.

5.3. Results

With two classification methods (Random Forest and Multilayer Perceptron), we
compared whether the usage of regular features, neighbourhood features or the
combination of these features give us the highest classification accuracy (Figure 20). We
also took into account the size of the neighbourhood, we selected 5-25 nearest neighbours
for the KNN and 100-500 pixels (14.37-71.85 um) for the N-distance-based analysis.

. Information from the
Information from

Information from the cell only cell+microenvironment
(using both regular and
neighbourhood features)

the microenvironment only
(using neighbourhood features)

(using regular features)

Figure 20 Illustration of the origin of regular features, neighbourhood features and the
combination of them
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The cross-validation results show that using neighbourhood features increases accuracy in
every examined case (Figure 21). For both classifiers, whether KNN or N-distance
approach was used, the highest results were obtained when both regular and neighbourhood
features were included in the calculation. The best performance we observed was for the
25 KNN using the Random Forest classifier. In this case, accuracy reached 87.5%, which

is 13% better than that achieved when considering local features only.
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Figure 21 Comparison of the performance of machine learning methods RandomForest
and MultilayerPerceptron (MLP) on different neighbourhood distances. Neighbours were
selected with the KNN (left) and the N-distance methods (right).
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6. Discussion

The unprecedented progress in collecting and storing digital data has fuelled the demand
for fast and dependable computer-based processing of digital images. This process aims to
extract valuable insights from complex and diverse image datasets. In fields like life
sciences, the improvements in microscopy provides never-seen chances for in-depth and
detailed examination of biological systems. However, analysing this large amount of

information requires automated processing of thousands of images.

In this thesis, cell biology and pathology derived microscopy image analysis was addressed
at a single-cell level. This kind of analysis can be a starting point to get detailed insight to
the mechanism of action, viability or disease progression of individual cells in samples.
There is a great potential that this deeper understanding could lead to more efficient

treatments in drug discovery and clinical trials, or diagnosis in personalised medicine.

Phenotypic single-cell analysis has become an important part of next-generation digital
pathology evaluations. Regular histology work includes comparing neighbouring cells on
a slide at smaller or larger distances. For instance, the subjective morphological
comparison of nearby tumour cells is commonly used to identify anisocytosis or
anisonucleosis, two biological hallmarks of malignancy [6]. Most often, digital pathology
evaluation strategies concentrate on single cell features, the environment of individual cells

is beyond its focus.

In the first part of this thesis, we introduced a machine learning-based phenotyping method
that uses both local and neighbourhood features. We showed that taking the cellular
microenvironment into account significantly increases the recognition accuracy. This
enhancement was observable for both cell cultures and tissue sections. However, we should
point out that it was somewhat weaker (but still noticeable) in the case of images of cell
cultures. From a biological viewpoint it is not difficult to explain why there is a difference
in improvements between the MCF-7 and UBC datasets. Human tissue is a collection of
heterogeneous cell types. Certain cell types frequently appear near each other, so

recognising one can help us identify the other.

The main questions we needed to address were: how many nearby cells do we need to

include and from how far away to improve single-cell classification? In a cell culture, as
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expected, including more cells from the environment increased accuracy for all of the
classifiers until it reached a plateau. In the case of the urinary bladder cancer sections, we
found a peak of the optimal distance of neighbours at ~80-100 micrometres, almost
independently of the type of the classification method. Due to the inclusion of
neighbouring cells, the amount of information substantially rises until a certain point (i.e.
the optimal neighbourhood size). After this, adding more cells that are farther apart, led to
a slowly growing confusion, i.e. the increasing number of neighbouring elements resulted
in a decrease in accuracy. In our study, the NaiveBayes classifier achieved a modest level
of accuracy, while the SMO, RandomForest, and MultiLayer Perceptron methods worked

with high accuracy.

In the second part of the thesis, we presented a method combining fisheye transformation
with deep learning, an extension to our previous model, incorporating the information
obtained from the cellular microenvironment in phenotypic classification. We showed that
our method works better on MCF-7 cell culture and urinary bladder cancer datasets than
using traditional machine learning with regular and neighbourhood features. We compared
our results to the performance of deep neural networks (ResNet50 and InceptionV3) that
used non-fisheye transformed images as inputs. For each dataset we used (a cell culture,
two tissue sections, and a dataset containing images of animals), training with fisheye-

transformed images resulted in significantly higher phenotypic classification accuracies.

An interesting segment of the testing was the inclusion of the iWildCam dataset. This is
the only dataset in this thesis which is not cell biology or histology related. In the case of
this set, usage of the fisheye transformation caused only a minor improvement in accuracy
compared to the other datasets. The reason behind that might be that while recording the
animals, fixed positioned cameras were used. This means that if animals were close or far
from the camera, the view of their environment could be big, small, or not visible at all.
Hence, even if we increase the window size, it may occur that we do not gain more

information about the surrounding area.

The third part of the thesis delved into the challenges of working with 3D cell cultures and
the subsequent analysis in a three-dimensional context. The scientific community is excited
about 3D cellular model systems because they promise to more closely reflect and recreate

the in vivo tissue environment than 2D systems. We have to keep in mind though, that
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these models frequently lack the necessary cell types and growth factors and do not take
into account long-distance signalling from other organs, the immune system, the endocrine
system, or the microbiome. As a result, in many cases they do not represent the complexity

of many in vivo tissues [142].

Imaging of 3D model systems is a difficult task, due to the fact that these systems are
characterised by high density and differences in refractive index that perturb the
penetration depth of light and the opportunity to visualise very large spheroids [143]. In
our work, we compared five clearing protocols on three types of spheroids generated from
carcinoma cell-lines. We reviewed and evaluated seven quality metrics which
quantitatively characterise the imaging quality. Based on our findings, we proposed the use
of a unique quality metric as a way to compare optical clearing techniques and select the
one that is most appropriate for a given experiment.

A first step of many single-cell image analysis pipeline is segmentation. There are already
existing methods to do this task in 3D [10], however, especially the deep-learning
approaches require 3D annotated data to work properly. We developed 3D-Cell-Annotator
that could potentially help annotators to create such training dataset in a semi-automated

fashion.

Finally, we showed our results in studying single-cells and their neighbourhood in a 3D
co-culture that consisted of carcinoma and fibroblast cells. We found that including the
neighbourhood features in our calculations improved phenotypic classification accuracy.
An interesting result is that we could achieve a higher accuracy using the neighbourhood
features only without including information about the cell itself. Another important finding
is that we could recognize the two cell-types with 87.5% accuracy when we took into
account only the shape attributes of the cells and their neighbours. This could have a critical
influence on cell staining or labelling execution. Designing these cell staining experiments
is a demanding task. So if we can demonstrate that we can get enough information for

analysis while using fewer dyes, we can make it easier to carry out experiments.

In conclusion, we showed that the incorporation of the microenvironment into machine-
learning based decisions can improve the task of single-cell phenotypic classification. This
underscores the notion that cellular structures exhibit a deliberate organisation, and it is

beneficial to account for these macro-structures in our considerations.
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Our research also raises several directions to follow. One thing worth testing is the
effectiveness of the fisheye transformation in 3D. We have seen that in the 2D case, it has
improved the accuracy of the cell classification. However, the 2D implementation of the
transformation was not integrated into a deep learning network, so it implies an extra pre-
processing step. Including this integration in the 3D implementation would probably make

the learning process easier and faster.

Another direction is to examine more complex 3D structures. It could be achieved by
increasing the number of cell lines we use during co-culture spheroid generation. Another
way to get more information from 3D cell cultures is to distinguish more phenotypes than
we worked with before (for example dead/alive cells or mitotic cells). In our opinion,
similar to the 2D case, the microenvironment may have a greater influence on the
appearance of individual cells in 3D tissue samples. However, even with the promising
advancements in tissue sectioning and image registration methods [144-146], it is rarely
possible to achieve 3D single-cell resolution. Nonetheless, we believe that with the right
choice of optical clearing and fluorescence staining protocols, we can get closer to 3D
single-cell phenotype analysis in tissue samples. Classifying cells in such systems more
accurately is a step towards characterising and understanding the phenotypic heterogeneity

and cellular diversity of organisms.
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Summary

Machine learning has assumed a pivotal role in the realms of cell biology and medical
image analysis. This emergence is primarily attributed to advancements in microscopy and
computational cell biology, resulting in an unprecedented surge in data volume, often
reaching the scale of millions of images per study. Modern-day researchers increasingly
prefer high-content screenings; however, manually analysing the resulting datasets is either
excessively time-consuming or, in some instances, not feasible. Moreover, there is
potential for machines to identify valuable features within images that are beyond the
human eye's capabilities. There is a shared interest in achieving detailed and reliable
medical diagnoses and treatment. To accomplish this objective, it is crucial to enhance the

accuracy of machine learning algorithms.

This thesis presents our research in microscopic image analysis. Our aim was to extract
valuable insights from complex image datasets on a single-cell level, particularly in the
context of cell biology and pathology. We showed the influence of considering the cellular
microenvironment in the phenotypic characterisation of individual cells using supervised

machine learning and deep learning techniques.

Firstly, we analysed images of MCF-7 cell culture and urinary bladder cancer tissue
sections with classical supervised machine learning methods. We defined two approaches
to represent the microenvironment: the K-nearest neighbours (KNN) and the N-distance
methods. We extracted regular and neighbourhood features, and we have seen that while
the local features of cells can be similar across different phenotypic classes, the
neighbourhood features are able to identify them. The results of our analysis demonstrated
that the incorporation of neighbourhood features significantly enhances the accuracy of
machine learning-based classification, regardless of whether the data originates from cell
cultures or tissue sections. The optimal size of the neighbourhood varied according to the
specific dataset and classifier used. Notably, our findings emphasised the substantial
impact of neighbourhood features on tissue section phenotyping, with performance

improvement close to 20%.

In the second part of the dissertation, we introduced a novel approach of representing
images to deep-learning-based image classification networks. The fundamental concept

revolves around the following notion: the original image includes both the object of
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interest, as well as its surrounding microenvironment within a pre-defined range.
Subsequently, a fisheye-like spatial sampling technique is applied to transform the images.
The fisheye sampling collects more pixels from the close proximity of the object of interest,
and the resolution decreases for larger proximity. Our findings demonstrated that the
proposed transformation highly outperforms conventional machine-learning techniques
and deep-learning-based classifiers. This performance was evaluated across various

datasets including cell cultures, scans of cancerous tissues, and real-life images.

While images in the MCF-7 cell culture dataset may contain visually uniform sections, it
IS important to recognise that these areas do not consist of cells that are molecularly
identical. In such instances, the fisheye transformation proves valuable in capturing
distinctions within these regions, and the utilisation of neighbourhood information offers

a more statistically robust foundation for decision making.

The most notable enhancement was in the case of urinary bladder cancer and lung cancer
tissue sections, where variations in the microenvironment are clearly distinguishable.
These distinctions become evident in histological examinations of tissues, revealing the
synergistic relationships and interdependencies among various cell types. Our approach
effectively captures these distinctions by employing the fisheye transformation and taking

into account the spatial relationships of cells in different phenotypic classes.

We observed only a modest accuracy improvement in the case of the iWildCam dataset
(containing images of wild animals). It is still a relevant finding, as it demonstrates that the
fisheye transformation approach is not useful in the case of microscopy images only, but
for images from other aspects of life as well, where the environment plays an important

role.

In the third part of the thesis, we turned our attention to 3D cell cultures. As 3D single-cell
analysis is a relatively new scientific field, we faced several challenges during the steps

that precede phenotypic classification.

We discussed the enhancement of microscopy image quality through optical clearing and
assessed the efficacy of various clearing protocols. We presented our work on the
development and comparison of a novel metric designed to assess the effectiveness of
optical clearing protocols for 3D images in a consistent manner. We generated a 3D dataset

consisting of cancer spheroids and used five different clearing protocols. We examined
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seven no-reference sharpness metrics to evaluate these protocols. Out of the seven metrics
only intensity variance proved suitable for quantitatively measuring the effect of optical

clearing in microscopy images.

Then, we explored the difficulties and remedies associated with annotating and segmenting
cells in three dimension. Segmentation is the first step of single-cell level biocimage
analysis. In 2D it is already demonstrated that the usage of deep learning methods for this
task is highly effective. However, for the segmentation of 3D cell cultures, such algorithms
require 3D-annotated data. To create this dataset manually is time-consuming and could
lead to inaccurate training instances. To overcome these issues, we developed an MITK
(Medical Imaging Interaction Toolkit) plugin, 3D-Cell-Annotator, which allows us to do

annotation in a semi-automatic way.

Lastly, we shared our achieved progress in investigating cells and their microenvironment
within 3D co-cultures consisted of carcinoma and fibroblast cells. Similar to the first part,
we used KNN and N-distance measurements to determine which cells we consider
neighbours, and then performed the classifications with supervised machine learning
algorithms. Our results showed, that including the neighbourhood features in the machine
learning process increased phenotypic classification accuracy. Furthermore, we could
distinguish the two cell types with 87.5% accuracy, solely by considering the shape

attributes of the cells and their neighbours.

Overall, the research demonstrates that integrating the cellular microenvironment into
machine learning-driven analysis enhances single-cell phenotypic classification. This
highlights the importance of considering macro-structures within cellular systems,
ultimately advancing the understanding and potential applications of image analysis in

various scientific contexts.

70



Osszefoglalas

A gépi tanulds kulcsfontossagu szerepet tolt be a sejtbioldgia és az orvosi képelemzeés
teriiletén. Ez elsésorban a mikroszkopia és a szamitogépes sejtbioldgia fejlodésének
koszonhetd, ami az adatmennyiség soha nem latott mértékli megugrasat eredményezte,
gyakran elérve a tobb millié képet vizsgalatonként. Napjainkban a kutatok egyre inkabb a
high-content felvételeket részesitik eldnyben. Az igy keletkezé adathalmazok kézi
elemzése azonban vagy tulsagosan iddigényes, vagy egyes esetekben egyenesen lehetetlen.
Ezen kiviil az elemzések soran a szamitogépek olyan értékes jellemzoket azonosithatnak a
képeken beliil, amelyek az emberei szem szamara lathatatlanok. K6z6s érdek a részletes €s
megbizhato orvosi diagnézisok és kezelések felallitasa. E cél eléréséhez elengedhetetlen a

gépi tanulasi algoritmusok pontossaganak novelése.

Ez a dolgozat a mikroszkopikus képelemzéssel kapcsolatos kutatdsainkat mutatja be.
Célunk az volt, hogy egysejtes szinten, kiilonosen a sejtbiologia és a patoldgia
Osszefiiggésében értékes felismeréseket nyerjiink Osszetett képadathalmazokbol.
Megmutattuk, hogy a sejtek mikrokérnyezetének figyelembevétele milyen hatassal van az
egyes sejtek fenotipus jellemzésére, felligyelt gépi tanulds és mélytanulasi technikak

segitségével.

Eldszor MCF-7 sejttenyészetrol és hugyholyagrakos szoveti metszetekrol késziilt képeket
elemeztiink klasszikus feliigyelt gépi tanuldasi modszerekkel. Két megkozelitést
hasznaltunk a mikrokornyezet meghatarozasara: a K-kozelebbi szomszéd (KNN) és az N-
tavolsag modszerét. Lokalis és szomszédsagi jellemzoket vontunk ki, €s azt lattuk, hogy
mig a sejtek helyi jellemz6i hasonldak lehetnek a kiilonbozd fenotipus osztalyokban, a
szomszédsagi jellemzok képesek megkiilonboztetni 6ket. Eredményeink azt mutattak,
hogy a szomszédsagi jellemzok bevonasa jelentdsen ndveli a gépi tanuldson alapulod
osztalyozas pontossagat, fiiggetleniil attdl, hogy az adatok sejtkultirdkbol vagy szoveti
metszetekbOl szarmaznak. A szomszédsag optimalis mérete az adott adathalmaztol és az
alkalmazott osztalyozotol fiiggden valtozott. Eredményeink kiemelik a szomszédsagi
jellemzOk jelentds hatasat a szoveti metszetek fenotipizalasa esetében, ahol a

teljesitményjavulas megkozelitette a 20%-0t.

A disszertacid masodik részében a képek reprezentdlasanak tUjszerli megkozelitését

mutattuk be, amelyek a mélytanulason alapuld képosztalyozo halozatok bemeneteként
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funkcionalhatnak. Az elvarasaink a kovetkezok voltak a bemeneti képekkel kapcsolatban:
az eredeti kép tartalmazza mind a szamunkra érdekes objektumot, mind pedig az azt
koriilvevd mikrokornyezetet egy elére meghatdrozott tartomanyon beliil. Ezt kovetden egy
halszemoptika-szerti térbeli mintavételi technikat alkalmazunk a képek atalakitasara. A
halszemoptika-szerti mintavételezés tobb képpontot gylijt Ossze a vizsgalt objektum
kozvetlen kozelébdl, mint a tavolabb elhelyezkedd képteriiletekrol. Eredményeink azt
mutattak, hogy a javasolt transzformacié nagymértékben feliilmulja a hagyomanyos gépi
tanuldsi technikakat és a mélytanuldson alapuld osztilyozokat. Ezt a teljesitményt
kiilonb6z6 adathalmazokon, koztiik sejttenyészeteken, rakos szoveti metszeteken és valds

¢letbdl szarmazd képeken értékeltiik.

Bar az MCF-7 sejtkultura adathalmaz képei vizudlisan egységes megjelenésii sejteket
tartalmazhatnak, fontos felismerni, hogy ezek a teriiletek nem molekuldrisan azonos
sejtekbdl allnak. Ilyen esetekben a halszem-transzformacio értékesnek bizonyul a régiokon
beliili kiilonbségek megragadasaban, és a szomszédsagi informdaciok felhasznalasa

statisztikailag megbizhatdbb alapot nytjt az osztalyozashoz.

A legjelentOsebb javulast a higyholyagrak és a tiidorak szoveti metszeteknél tapasztaltuk,
ahol a mikrokornyezet eltérései egyértelmilien felismerhetok. Ezek a kiilonbségek
szovettani vizsgalatok soran valnak nyilvanvaldva, feltarva a kiilonb6z6 sejttipusok kozotti
szinergikus kapcsolatokat és kolcsonds fliggdségeket. Megkdzelitésiink a halszem-
transzformacio alkalmazéasaval és a kiilonboz6 fenotipusos osztalyokba tartozd sejtek
térbeli kapcsolatainak figyelembevételével hatékonyan hasznélja fel ezen kiilonbség-

informaciodkat.

Az iWildCam adathalmaz (amely vadon €16 allatok képeit tartalmazza) esetében csak
szerény pontossagjavulast tapasztaltunk. Mindazonaltal a valtozas szignifikdns és kiemelt
szamunkra, mivel azt mutatja, hogy a halszem-transzformacion alapulé megkozelités nem
csak a mikroszkopos képek esetében hasznos, hanem az élet mas teriileteir6l szarmazo

képek esetében is, ahol a kornyezet fontos szerepet jatszik.

A dolgozat harmadik részében a 3D-s sejtkultirdk felé forditottuk figyelmiinket. Mivel a
3D egysejtes analizis viszonylag 0j tudomanyos teriilet, a fenotipus osztalyozast megel6z6

1épések soran szamos kihivassal szembesiiltiink.

Téargyaltuk a mikroszkopos képmindség optikai tisztitassal torténd javitasat, és felmértiik

a kiilonbozo tisztitasi protokollok hatékonysagat. Bemutattuk egy olyan 1) metrika
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kifejlesztésére €s Osszehasonlitdsara iranyulé munkénkat, amelynek célja a 3D képek
optikai tisztitdsi protokolljainak hatékonysaganak egységesitett értékelése Volt.
Létrehoztunk egy rakos szferoidokbol allo 3D-s adathalmazt és 6t kiillonbozo tisztitasi
protokollt alkalmaztunk ezen mintakon. E protokollok hatékonysaganak megallapitasara
hét fajta kiértékelést vizsgaltunk. A hét metrika koziil csak az intenzitasvariacié bizonyult

alkalmasnak az optikai tisztitas hatasdnak kvantitativ mérésére mikroszkopos képeken.

Ezutan megvizsgéaltuk a sejtek haromdimenzios annotalasaval ¢és szegmentalasaval
kapcsolatos kihivasokat. A szegmentalas az egysejtes biologiai képek elemzésének elsd
Iépése. 2D-ben mar bebizonyosodott, hogy a mélytanulasi mddszerek hasznalata erre a
feladatra igen hatékony. A 3D-s sejttenyészetek szegmentalasahoz azonban az ilyen
algoritmusoknak 3D-s annotalt tanité adatokra van sziikségiik. Ennek az adathalmaznak a
manualis 1étrehozasa idéigényes és pontatlan tanitasai példak hasznalatahoz vezethet. E
problémak lekiizdésére kifejlesztettiink egy MITK (Medical Imaging Interaction Toolkit)
plugint, a 3D-Cell-Annotator-t, amellyel az annotaciot részben automatizalt modon

végezhetjiik el.

Végiil megosztottuk a sejtek €s mikrokornyezetiik vizsgalatidban elért eredményeinket a
karcinoma- és fibroblaszt sejtekbdl allo 3D ko-kultardk esetében. Az elsd részhez
hasonléan KNN és N-tavolsag mérésekkel hataroztuk meg, hogy mely sejteket tekintjiik
szomszédnak, majd feliigyelt gépi tanulasi algoritmusokkal végeztik el az
osztalyozasokat. Eredményeink azt mutattdk, hogy a szomszédsagi jellemzdk bevondsa a
gépi tanuldsi folyamatba novelte a fenotipus 0Sztalyozasi pontossagot. 87,5%-0s
pontossaggal tudtuk megkiilonboztetni a két sejttipust a szferoidokon beliil, kizarélag a

sejtek és szomszédaik alaki jellemzdinek figyelembevételével.

Osszességében a kutatds azt mutatja, hogy a sejtek mikrokdrnyezetének integralasa a gépi
tanulas altal vezérelt elemzésbe javitja az egysejtes fenotipus osztalyozast. Ez ravilagit a
mikrostrukturak sejtes rendszereken beliili figyelembevételének fontossagara, ami végso
soron a képelemzés megértését és lehetséges alkalmazasait segiti eld kiilonbozo

tudomanyos kontextusokban.
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Supplementary

Section 1 - Significance test for the results with SMO classifier in the case of the MCF-
7 dataset

We compare our results to an earlier study, in which the MCF-7 dataset was analysed with
Advanced Cell Classifier. In that study, the highest accuracy reached considering regular
features only was 88.4%, using the SimpleLogistic (Logistic Boost) classifier, while in this
paper we report 90.8% best performance with the combination of regular and
neighbourhood features (SMO classifier). The 2.4% difference in accuracy is significant.
We randomized our data several times and calculated the accuracies with the mentioned
classifiers (Logistic Boost for information from single-cells only, and SMO for data with
neighbourhood features).

Advanced Cell Classifier Neighbourhood

Logistic Boost accuracies: SMO accuracies:
88.3443 90.795
88.5236 90.9145
88.2845 90.4363
88.165 90.1973
88.2247 90.9743

As a statistical procedure, two-sample t-test was performed, we considered the result
significant at p <0.05.

Descriptive
Statistics
N Mean SD SEM
ACC 5(88.30842 | 0.1376 | 0.06154
Neighbourhood 5190.66348 | 0.33386 | 0.14931
Difference: -2.35506

| t-Test Statistics

t Statistic DF Prob>|t|

4.79E-

Equal Variance Assumed -14.58315 8 07
Equal Variance NOT 1.71E-
Assumed -14.58315 | 5.3209 05

Null hypothesis: meanl-mean2 = 0
Alternative hypothesis: meanl-mean2 <> 0

At the 0.05 level, the difference is significant.
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Section 2- Significance tests for the results with the fisheye transformation method

MCE-7

Our best result (accuracy: 91.38%) for this dataset with the fisheye-transformation appears
with a window size of 543 pixels with a focal length of 130 arbitrary units when we used
ResNet50. We compare this result to a baseline, where we used ResNet50 (accuracy:
84.31%). For the baseline we cropped out images around the cells’ centre with 192x192
pixel diameter (so in this case, we haven’t performed fisheye transformation on the original
images). Deep learning calculations were run 5-5 times on both the baseline and the fisheye
transformed data.

MCF7
baseline MCF7 best

accuracies accuracies

82,23 92
84,89 90,15
85,03 91,08
84,17 91,68
85,23 91,99

As a statistical procedure, two-sample t-test was performed, we considered the result
significant at p <0.05.

Descriptive
statistics
N Mean | SD SEM Median
MCF7_baseline 5| 84,31 1,22955 | 0,54987 | 84,89
MCF7_best 5| 91,38 |0,78253 | 0,34996 | 91,68
Difference 5 -7,07 0,65179 -6,76
t-Test Statistics
t
Statistic | DF Prob>|t|
- 4,61E-
Equal Variance Assumed 10,8471 8 06
Equal Variance NOT Assumed (Welch - 1,56E-
Correction) 10,8471 | 6,78368 05

Null hypothesis: meanl-mean2 =0
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Alternative hypothesis: meanl-mean2 <> 0

At the 0.05 level, the 7.07% difference in accuracy is significant.

Urinary Bladder Cancer

Our best result (accuracy: 98.14%)for this dataset with the fisheye-transformation appears
with a window size of 272 pixels with a focal length of 150 arbitrary units when we used
ResNet50. We compare this result to a baseline, where we used ResNet50 (accuracy:
94.41%). For the baseline we cropped out images around the cells’ centre with 192x192
pixel diameter (so in this case, we haven’t performed fisheye transformation on the original
images). Deep learning calculations were run 5-5 times on both the baseline and the fisheye

transformed data.

UBC
baseline UBC best

accuracies | accuracies
94,12 97,94
94,68 98,24
94,04 98,24
94,85 97,97
94,36 98,31

As a statistical procedure, two-sample t-test was performed, we considered the result

significant at p <0.05.

Descriptive
statistics
Mean SD SEM Median
UBC baseline 94 41 0,35 | 0,15652 94,36
UBC _best 98,14 | 0,17161 | 0,07675 98,24
Difference -3,73 0,17433 -3,82
t-Test Statistics
t
Statistic | DF Prob>|t|
- 2,40E-
Equal Variance Assumed 21,3965 8 08
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21,3965

Equal Variance NOT Assumed (Welch

Correction) 5,81818 07

9,37E- ‘

Null hypothesis: meanl-mean2 = 0
Alternative hypothesis: meanl-mean2 <> 0

At the 0.05 level, the 3.83% difference in accuracy is significant.

Lung Cancer

Our best result (accuracy: 99.46%)for this dataset with the fisheye-transformation appears
with a window size of 272 pixels with a focal length of 170 arbitrary units when we used
inceptionVV3. We compare this result to a baseline, where we used inceptionVV3 (accuracy:
97.25%). For the baseline we cropped out images around the cells’ centre with 192x192
pixel diameter (so in this case, we haven’t performed fisheye transformation on the original
images). Deep learning calculations were run 5-5 times on both the baseline and the fisheye
transformed data.

LC
baseline LC best

accuracies | accuracies

97,32 99,64
97,54 98,97
97,01 99,57
97,03 99,54
97,35 99,58

As a statistical procedure, two-sample t-test was performed, we considered the result
significant at p <0.05.

Des_cr@ptive
statistics
N Mean |SD SEM Median
Lung_baseline 5 97,25 | 0,22638 | 0,10124 97,32
Lung_best 5 99,46 | 0,27632 | 0,12357 99,57
Difference 5 -2,21 0,15975 -2,32

t-Test Statistics
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t
Statistic | DF Prob>|t|
- 7,20E-
Equal Variance Assumed 13,8341 8 07
Equal Variance NOT Assumed (Welch - 1,03E-
Correction) 13,8341 | 7,70198 06

Null hypothesis: meanl-mean2 =0

Alternative hypothesis: meanl-mean2 <> 0

At the 0.05 level, the 2.21% difference in accuracy is significant.

iWildCam2020

Our best result (accuracy: 95.48%)for this dataset with the fisheye-transformation appears
when 2.5% the size of bounding boxes were considered as the neighbourhood feature and
focal length was set to 150 units and we used ResNet50. We compare this result to a
baseline, where we used ResNet50 (accuracy: 95.3%). For the baseline we cropped out
images with different dimensions based on the bounding boxes provided by the Kaggle
organisers (so in this case, we haven’t performed fisheye transformation on the images).
Deep learning calculations were run 5-5 times on both the baseline and the fisheye
transformed data.

iWildCam iWildCam
baseline best

accuracies accuracies
95,32 95,51
95,29 95,46
95,27 95,49
95,33 95,46
95,29 95,48

As a statistical procedure, two-sample t-test was performed, we considered the result

significant at p <0.05.

Des_cr@ptive
statistics

Mean | SD SEM Median
iWildCam_baseline 5 95,3 | 0,02449 | 0,01095 | 95,29
iWildCam_best 5| 9548 0,02121 | 0,00949 | 95,48
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‘ Difference ‘ 5 ‘ -0,18 ‘ ‘ 0,01449 ‘ -0,19 ‘

t-Test Statistics
t
Statistic | DF Prob>t|
- 1,65E-
Equal Variance Assumed 12,4212 8 06
Equal Variance NOT Assumed (Welch - 1,96E-
Correction) 12,4212 7,84 06

Null hypothesis: meanl-mean2 = 0
Alternative hypothesis: meanl-mean2 <> 0

At the 0.05 level, the 0.18% difference in accuracy is significant.

Section 3 — Machine learning classification results for 3D co-culture spheroid

In the case of the 3D cell culture dataset (described in Chapter 5.2.1), we extracted all

regular features of the cells that is possible to calculate in BIAS. Namely:

o Shape features: elongation, equivalent ellipsoid diameters, equivalent
sphere diameter, equivalent sphere perimeter, extent, Feret diameter,
flatness, number of components, principal moments, rotation invariants,
roundness, surface voxels, volumetry, voxels

e Intensity features (for both the blue and the red channel): integrated,
minimum, maximum, mean, median and standard deviation statistics of a
3D region

We used the RandomForest and Multilayer Perceptron algorithms for the classification.
With 10-fold cross validation we got the following classification accuracies:
RandomForest: 98.5%, Multilayer Perceptron: 99.5%.
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Supplementary Figure S1. Examples of the fisheye transformation with different window

sizes (ranges) and focal distances using the ‘equidistant’ mapping function in the MCF-7
cell culture dataset.
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Supplementary Figure S2. Examples of the fisheye transformation with different window

sizes (ranges) and focal distances using the ‘equidistant’ mapping function in the urinary
bladder cancer tissue dataset.
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Supplementary Figure S3. Examples of the fisheye transformation with different window
sizes (ranges) and focal distances using the ‘equidistant’ mapping function in the lung
cancer tissue dataset.
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Supplementary Figure S4. Examples of the fisheye transformation with different window

sizes (ranges) and focal distances using the ‘equidistant’ mapping function in the
iWildCam2020 dataset.
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