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Abstract

The following study delves into the development of automated cell segmentation models, with the
intention of identifying boundaries between cells in the cardiac tissue for analysing spatial transcrip-
tomics data. Addressing the limitations of alternative techniques like single-cell RNA sequencing
(ScRNA-seq) and single molecule fluorescence in situ hybridization (smFISH), the study under-
scores the innovative use of multiplexed error-robust fluorescence in situ hybridization (MERFISH)
deployed by the Kosuri Lab at Salk Institute for Biological Studies. This advanced imaging-based
technique allows for a single-cell transcriptome profiling of hundreds of different transcripts while
retaining the spatial context of the tissue. The technique can accordingly reveal how the organiza-
tion of cells within a healthy heart is altered during disease. However, the extraction of meaningful
data from MERFISH poses a significant challenge - accurate cell segmentation. This thesis therefore
presents the development of a robust model for cell boundary identification within cardiac tissue,
leveraging some of the advanced supervised machine learning algorithms in the field, named Cellpose
and Omnipose. Due to the dense and highly heterogeneous tissue- stemming from a wide distribu-
tion of cell types and shapes- two separate models had to be developed; one that covers the smaller
cells and the cross-sectioned cardiomyocytes, and correspondingly one to cover the longitudinal car-
diomyocytes. The cross-section model was successfully developed to achieve an accuracy of 91.2%,
whereas the longitudinal model still needs further improvements before being implemented. The
thesis acknowledges potential areas for improvement, emphasizing the need to further improve the
segmentation of longitudinal cardiomyocytes, tackle the challenges with segmenting cells within fi-
brotic regions of the diseased heart, as well as achieving a precise 3D cell segmentation. Nonetheless,
the generated models have paved the way towards enabling efficient downstream MERFISH analysis
to ultimately understand the structural and functional dynamics of heart failure at a cellular level,
aiding the development of more effective therapeutic strategies.
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Sammanfattning

Foljande studie behandlar utvecklandet av automatiserade cellsegmenteringsmodeller med avsikt att
identifiera granser mellan celler i hjartvavnad. Syftet &r att mojliggora analys av data genererad fran
multiplexed error-robust in situ hybridization (MERFISH). MERFISH ér en spatial transcriptomics-
teknik som till skillnad fran exempelvis single-cell RNA sequencing (ScCRNA-seq) och single molecule
fluorescence in situ hybridization (smFISH), mé&jliggor profilering av hundratals RNA-sekvenser hos
enskilda celler utan att forlora dess rumsliga kontext. I Kosuri laboratoriet pa Salk Institute of Bi-
ological Studies i San Diego tillimpas MERFISH pa mushjartan. Syftet &r att fa en djupare insikt i
hur celler ar organiserade i friska hjartan, och hur denna struktur dndras i och med aldring och sjuk-
dom. Att extrahera meningsfull information fran MERFISH medfér dock en betydande utmaning -
en exakt cellsegmentering. Studien bidrar foljaktligen till utvecklandet av segmenteringsmodeller for
att kringga de utmaningar som star i vigen for all efterfoljande analys. Da klassiska segmenteringsal-
goritmer ar otillrdckliga for att segmentera den komplexa vavnad som hjartat utgors av, tillampades
nagra av dagens mest avancerade och framstaende maskininlérningsalgoritmer inom filtet, kallade
Cellpose och Omnipose. Givet den tdta och heterogena hjartviavnaden, som hirstammar fran en
bred distribution av celltyper och geometrier, utvecklades tva separata modeller; en for att técka
bade mindre celler och kardiomyocyter skurna pa tvarsnittet; och en for att enbart segmentera kar-
diomyocyter skurna i longitudinell riktning. Den férstndmnda modellen utvecklades och tréanades
i Cellpose, och uppnadde en triffsikerhet pa 91.2%. Modellen for longitudinella kardiomyocyter
utvecklades istallet bade i Cellpose och Omnipose for att utvdrdera vilket ndtverk som &ar bast
lampat for dndamalet. Ingen av nétverken lyckades uppna en tillrackligt hog traffsdkerhet for
att vara applicerbar, och ar dérmed i behov av fortsatt trdning. Modellen genererad i Omnipose
bedoms dock vara mest lovande, givet dess mer heltdckande segmentering. Ytterligare utveckling-
somraden for framtiden innefattar segmentering av celler i fibros-tdta regioner, samt att utveckla
en 3D-segmentering av hela hjartat for att uppna en mer komplett MERFISH-analys. Samman-
fattningsvis har de genererade segmenteringsmodellerna banat vag for mojliggérandet av en rigoros
MERFISH-analys av hjartat. Genom att avslgja nagra av de strukturella och funktionella orsakerna
till hjartsvikt pa en celluldr niva, kan vi saledes pa sikt bidra till utvecklingen av mer effektiva
terapeutiska strategier.

Nyckelord:
Cellsegmentering, Cellpose, Overvakad Maskininlarning, MERFISH, Hjartsvikt.
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1 Introduction

Heart failure (HF) is considered a global pandemic and affects over 26 million people worldwide
[1]. The syndrome is characterized by reduced cardiac pumping capacity and/or impaired blood
filling ability of the heart. Its prevalence is increasing dramatically - especially with an ageing
population [2]. Despite significant advancements in both therapy and prevention, the mortality and
morbidity rates associated with HF remain high. To develop treatments which directly target the
underlying causes of disease, thus promoting longer, healthier lives, a comprehensive understanding
of the pathophysiology of HF is required [1]. Gaining insights at a single-cell resolution is herein
crucial in understanding the progression of HF as it stems from cell-specific dysregulation of genes
[3]. Furthermore, the intricate interplay between multiple signaling pathways and various cell types
in the context of cardiac function and dysfunction remains incompletely understood [4].

Consequently, to expand our knowledge and unravel the complexity of HF initiation and pro-
gression, it is of paramount importance to not only establish the complete repository of cardiac
cells and their corresponding gene expression profiles, but to reveal how these factors are affected
by diverse cellular contexts [2]. To address this knowledge gap, a number of techniques have been
developed with the purpose of disclosing how genes are spatially expressed in thin sections of fixed
tissue. Studies using single-cell RNA sequencing (ScRNA-seq) have managed to reveal both the
characterization of individual cells, the range of cell types and states, and the molecular functions in
both healthy and diseased hearts [5] |6]. Albeit, the technique requires tissue dissociation, meaning
that all essential information regarding cellular micro-environments and cell interactions in space
(entailing details of how cardiac homeostasis is maintained, or how disease progression is promoted)
are lost [7]. Single molecule fluorescence in situ hybridization (smFISH) is one method to combat
this challenge. Herein, individual RNA molecules can be mapped in intact tissue at a single-cell res-
olution. What is however deficient in this approach is the fact that only a limited number of RNA
species can be simultaneously imaged in individual cells, thus restricting the scope of the study [8].

With the goal of overcoming the above-mentioned limitations, the Kosuri Lab at Salk Institute for
Biological Studies is applying multiplexed error-robust in situ hybridization (MERFISH) to study
cardiac tissue [9]. This novel, images-based, method is enabling single-cell transcriptome profiling
of hundreds of different transcripts, whilst sustaining the spatial context of the tissue |10]. By
implementing this technique to pressure-overloaded mouse hearts, the cell types and states in local
microenvironments are identified. Herein, functional maps can be generated to study both the
molecular and cellular structure of the heart, which in turn will elucidate factors giving rise to
cardiac hypertrophy and fibrosis. Ultimately, the goal is to unravel their influence on HF initiation
and progression, and in the long-term being able to establish new therapeutic strategies for HF
patients.

Figure 1: Delineation of the MERFISH analysis pipeline flow. Included are illustrations of cell membrane staining, cell
segmentation, transcript detection and assignment, and lastly cell type characterization. Unpublished data, Liu et.al.
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Before revealing how the molecular and cellular structure of the heart give rise to function and
dysfunction, there are further challenges hampering any downstream analysis of extracted MERFISH
data. In regard to cardiac tissue in particular, the predominant challenge is to accurately distinguish
boundaries between individual cells- a procedure known as cell segmentation. The main reason for
why cardiac tissue is particularly challenging to segment, is the fact that (1) the cells are densely
packed within the tissue, making it difficult to discriminate cells from one another; (2) the tissue
is highly heterogeneous in terms of cell size and shape, thus aggravating an already difficult task;
and lastly (3) it is troublesome to acquire an even and clear membrane staining, especially for larger
cells such as cardiomyocytes. How cell segmentation is affecting the interpretation of the MERFISH
data can be understood by inspecting Figure [l This is unpublished data from the Kosuri Lab,
delineating their MERFISH-analysis pipeline. Evidently, depending on how the boundaries are
drawn, transcripts will be assigned to a particular cell accordingly. This will in turn determine the
corresponding type and state of each segmented cell in the tissue. Consequently, an inaccurate cell
segmentation will put the validity of any conclusions drawn from the MERFISH data at risk. This
highlights the decisive need for an accurate cell segmentation, being the focal point of this study.

11



2 Theoretical Background

The following section is concerned with the theoretical underpinnings of this study. First, the cell
type classification and function of the mammalian heart is enlightened. A background to spatial
transcriptomics and fluorescent in situ hybridization, together with its further development, is then
provided. Included herein is a more in depth description of multiplexed error robust fluorescent in
situ hybridization, being the underlying spatial transcriptomics method of concern for this study.
Finally, the principle of cell segmentation is examined as pertinent to this study. In this section,
existing classical tools, together with more recently developed ones, are brought to attention to shed
light on the current state of the field and what is yet unresolved. In particular, the supervised
machine learning algorithm Cellpose, together with its successor Omnipose, are examined more
carefully.

2.1 Cell Type Classification & Function of the Mammalian Heart

The heart, a muscular pump, is the first solid organ to become functional in the human embryo,
being composed of four morphologically and functionally distinct chambers [2, |4]. The chambers are
separated by interatrial and interventricular septa, separating the atrial chambers and contributing
to the mechanical function of both ventricles (the two large chambers toward the bottom of the
heart) respectively [11]. Its anatomical and functional complexity is subject to a precise architecture
of heterogeneous cell populations, allowing continuous contraction and relaxation depending on
different conditions in each chamber [2]. The cardiac tissue consists of a highly organized structure of
a broad range of cell types, all being crucial in both physicological and pathophysiological conditions
[12]. This pluricellularity administer the ability of multi-directional intercellular communication
within the organ, providing successive optimization of its overall function. Importantly, this intricate
communication has proved to play a key modulatory role not only during cardiac development, but
in the normal and failing heart of adults [13].

There are several ways in which the cardiac cells communicate and modulate each others’ func-
tions. Either they communicate through direct cell-cell interaction, or they secrete e.g., paracrine
or juxtacrine factors. The former refers to an indirect communication wherein signaling substances
are released onto nearby target cells, whereas the latter specifically involves secretion of protein and
receptor proteins between adjacent cells |13} [14]. Cell interactions between the same cell type, and
between different types (i.e., homotypic and heterotypic respectively) are both contributing to the
organized structure and overall function of the heart |[12]. Some of the cell types in the mammalian
heart includes cardiomyocytes (CMs), endothelial cells (ECs), fibroblasts (FBs), pericytes (PCs),
vascular smooth muscle cells (SMCs), immune cells, mesothelial cells (stem cells) and neuronal cells
[2]. A chart delineating the major cardiac cell types and their respective main function is presented
in Figure|2| As evident, the cell types do not only differ in function but also in shape and structure.

CMs and ECs are two of the most abundant cardiac cell types, both being essential in cardiac
remodeling and regeneration [16]. CMs are by far the most abundant cells in the heart in terms of
volume. In short, CMs constitutes the muscular walls of the heart and are characterized by their
relatively large and rod-shaped appearance. Their main function is to maintain blood circulation
and is thus subject to their pump ability; CMs are the most central cardiac cell type, both in regard
to normal and pathological conditions [16]. As evident from Figure [2] CMs are further divided into
ventricular and atrial CMs, diverging in both the ultrastructure and gene expression patterns in
respect to e.g., transcription factors, structural proteins and ion channels [16]. The ECs exhibit
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Figure 2: The major cell types and their overall function in the mammalian heart. Adapted from [15].

several fundamental functions, where the production of paracrine factors is one; paracrine factors
are for instance regulating CM contractility, growth, and survival, thus crucial for maintaining
normal myocardial function [13]. Among other things, ECs contribute with structural integrity in
the interior surfaces of blood vessels and are also metabolically active [12]. SMCs, FBs and PCs are
additional cell types crucial for maintaining normal heart function. Cardiac FBs mainly contribute
to producing and secreting various extracellular matrix (ECM) components (including collagen), as
well as to contribute to the cardiac remodeling during pathological conditions (e.g., in myocardial
function and hypertension) [17]. Cardiac PCs are vital to preserve tissue homeostasis, i.e., the self-
regulatory function, as they are crucial regulators of e.g., vascular development and remodeling [18].
Together with SMCs, PCs also regulate blood flow in the cardiac vasculature [12].

2.2 Spatial Transcriptomics & Fluorescence In Situ Hybridization

In multicellular organisms cells are organized into tissues, being the structures making up entire
organs. Within the tissues, the cells proliferate, differentiate, and operate whereupon continuously
communicating with its surrounding [10]. Consequently, as cells are highly influenced by its sur-
rounding it is crucial to understand both the organization of cells and the cell-cell interactions in
order to understand their origin, function and fate |[10]. Compartmental distribution of RNA within
a cell provides an efficient way of producing proteins in close proximity to the location of function
and in response to local stimuli [19]. Notably, the cell-specific gene expression dictates cell types
and states; cells belonging to the same cell type can express markedly different genes depending
on their state or their local environment, such as in response to surrounding cells [20]. At tissue
level, spatial organization of cells is highly associated with both the development and function of
normal tissue, as well as to pathogenesis. Revealing the physical positions of different transcripts
and cells would thus bridge the molecular view of the cell with e.g., morphology, electrophysiol-
ogy and other cellular phenotypes. This would in turn shed further light on how these processes
influence tissue organization during both development and disease [21]. Sustaining spatial context
is thus essential for understanding key features of cell and developmental biology, e.g., by placing
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cell-cell interactions within a broader tissue-context. Cell types and their specific organization are
in fact highly associated to biological activity |22, [10]. The heterogeneous behavior of cells as well
as the development, migration, polarity and maintenance of cell fate are for instance a product of
intracellular organization of RNA [8]. This is yet another aspect corroborating the crucial need for
a high-resolution, spatially resolved omics analysis of single-cell transcriptomic profiling [23] |8].

Single-cell RNA sequencing (ScRNA-seq) and epigenomic analyses have previously provided deep
insights into both the evolution of cellular diversity and the molecular characteristics of different cell
types. However, how the spatial relationships, as well as their interactions, vary across complex tissue
(and species) remain herein unknown [7]. Indeed, the cell type composition and organization are to
a large extent inconclusive for most biological tissue. As the number of cell types can be extensive,
e.g., in the human brain and heart, there is a pronounced demand for a tool that can systematically
and quantitatively reveal how genes are expressed across space in tissue [23]. Spatially resolved
transcriptomics techniques, being elected as the method of the year in 2020 by Nature Methods,
has been proposed as a solution [24]. These methods provide unbiased spatial profiling of tissue
transcriptomes, paving the way towards obtaining extensive atlases of the cellular architecture of
tissues and thus understanding morphological features. In fact, one of the main advantages is the
ability of capturing mRNA in an objective manner and thus delineating both known and unknown
morphological features - solely based on the molecular characterizations [10]. This has broken ground
for numerous novel analyses, such as the establishment of which cellular processes are governing the
morphogenesis in developing organs. In 2019 for instance, Asp et al. published a comprehensive
study of the development of the human heart, whereupon spatial transcriptomics was utilized to
create an organ-wide developmental transcriptional atlas. Ultimately their findings generated a
publicly available web resource to feature the human developing heart, which in turn may contribute
to future discoveries within the studies on human cardiogenesis [25].

Fluorescence In Situ Hybridization (FISH) is one such technique that has been developed for
this purpose, first developed in the late 1960s [26]. FISH is a powerful technique to image cellular
RNA transcripts, enabling in situ quantification of both the number of individual transcripts and
their spatial distribution within single cells [27]. In this method cells are fixed and permeabilized,
whereupon being introduced to fluorescently labeled oligonucleotide probes. The sequence of each
probe is complementary to the sequence of the RNA molecule of interest [28]. Base pairing between
probes and their target RNA is favoring specific bindings, which is utilized in this approach; by
using multiple probes per target, the probes will become concentrated within a narrow volume of
the cell for each probe-RNA assembly. This will in turn induce bright fluorescent spots that can
be discriminated from e.g., auto-fluorescent spots or stray probes. By identifying each spot, the
copy number of the specific RNA- together with its corresponding location within the individual
cell or the tissue- can be established [28]. In contrast to single-cell transcriptomic profiling (e.g.,
scRNA-seq), whereby cells must dissociate from the tissue for sequencing analysis and thus lose their
spatial frame of reference, FISH enables in-situ imaging.

Single-molecule FISH (smFISH), first developed in 1998, is considered to be the beginning of the
hybridization based approaches of spatial transcriptomics |29} 24]. This method enables localization
and quantification of RNAs (either in individual cells or in their native tissue context) with high
precision; it detects nearly 100% of all mRNAs, albeit for a limited set of target genes [30]. By
applying combinatorial color schemes to the profiling of single-cell gene expression, more than ten
genes can be simultaneously measured [23]. smFISH is however limited by the number of RNA
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species that can be simultaneously measured (and the number of distinct color channels), thus
hampering the possibilities of genome-scale imaging [28]. Consequently, smFISH is not sufficient to
answer many of the unresolved biological enigmas as they would require measurements of hundreds
to thousands of RNAs — just within a single cell [§].

2.2.1 Multiplexed Error-Robust FISH

To combat the challenges stemming from smFISH, multiplexed error-robust FISH (MERFISH) was
introduced by Moffitt et. al. in 2015 [28]. This method is described as a massively multiplexed
smFISH imaging method that expands the technique towards a transcriptome-scale[28]. From cor-
relation analyses of the copy number variations and the spatial distributions of genes one can iden-
tify groups of genes being co-regulated, as well as the groups of genes that share analogous spatial
distribution patterns inside the cell [8]. In contrast to smFISH, MERFISH assigns so-called error-
robust barcodes to each individual RNA species through a combinatorial FISH labeling approach.
Herein, each barcode is uniquely associated with an individual RNA species. Non-fluorescent tar-
geting probes bind to the mRNA, whereby fluorescent readout probes hybridize to the targeting
probes|24]. The barcodes, distinct to each mRNA, are subsequently read through successive rounds
of hybridization and smFISH imaging measurements |24} 28]. The readout probes used for the cor-
responding imaging round are successively washed out between each round. Herein, each gene is
ascribed a N-bit binary barcode, where “1” or “0” indicates whether fluorescence is detected or not
in a certain hybridization round. The assemblage of readout sequences bound to a specific RNA
dictates which bits in the barcode reads “1” or “0” and accordingly the barcode identity [19]. Each
readout sequence involved in the RNA transcript can in this way be determined, thus revealing the
identity of each barcode [19].

A MERFISH scheme is depicted in Figure [3| In the first round of hybridization a subset of RNA
species is stained with encoding probes and subsequently assigned either “1” or “0” in the first
bit if fluorescence is detected or not. In the consecutive round of smFISH, a new set of probes
is hybridized to the same sample and then imaged. Each RNA species is assigned either “1” or
“0” anew, however now to the second bit. The procedure is repeated for N rounds of smFISH
imaging, generating an N-bit barcode for each labeled RNA species|28]. The sequential rounds of
hybridization, together with an error correction procedure, enable the capturing of multifold genes.
2N genes can be distinguished using N rounds of hybridization, and correspondingly 2¢V genes
when using C colors for each N rounds respectively [23]. For comparison, only 16 imaging rounds
would generate over 65,000 (2!6) unique barcodes, which is enough to identify the majority of the
expressed RNA species within single human cells [8]. MERFISH specifically have demonstrated an
efficiency of 80% for more than 10,000-gene imaging, allowing detection and quantification of genes
even with low expression levels [19].

Misidentification of barcodes, and thus misidentification of genes, is however a challenge with this
approach, being inherent to smFISH. The source of these errors is twofold: either an RNA that is
supposed to fluoresce in one round does not accumulate the probes sufficiently to generate a bright
enough signal to be identified as an RNA; or there are stray probes or autofluorescent spots in
the cell that is falsely identified as RNA [28]. By identifying a molecule with multiple signals, i.e.,
in this combinatorial barcoding approach, the finite per-signal (per-bit) error will accumulate with
the length of the barcode which prompts a significant overall misidentification rate. Consequently,
this type of error is growing exponentially with N, as compared to smFISH which only proceeds
through one single measurement |24, 23|. To address this issue, MERFISH utilizes a coding scheme
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Figure 3: Schematic illustration of the process of reading out binary barcodes associated with each labeled RNA in a
sample using MERFISH, adopted from [3g].

in which error detection and correction is allowed, being yet another key concept of this method. The
idea behind the error detection and/or correction is to utilize the so-called Hamming Distance (HD)
approach. HD corresponds to the number of bits that must be interchanged in order to transform one
barcode into another [28]. This implies that if e.g., HD is selected to 2 (i.e., HD2), then no single-bit
readout error can convert one barcode into another, which accordingly reduces the misidentification
rate. Hence, by further increasing the HD, the reduction in misidentification will improve [28]. An
additional key concept of this error-robust encoding scheme is to leave a number of possible binary
barcodes unassigned, rather than assigning each of them to a RNA species. Hence, if one of these
unassigned barcodes would be identified, it implies that an error has occurred [28].

2.3 Cell Segmentation

The transcriptional data extracted from e.g., MERFISH unfold the coordinates of each detected
molecule (i.e., genes or transcripts) within its field of view (FOV). Despite the method’s ability to
reveal intricate tissue organization, it is still challenging to tell individual cells apart when dealing
with such data. This in turn is restricting the subsequent analysis of extracted data, such as the
analysis of context-dependent cell expression states, interactions, spatial dependencies between cell
types and formation of tissue architecture [21]. The effective spatial resolution is thus subject
to discriminating features in the successive analysis; to accomplish cellular resolution, a precise cell
segmentation is a prerequisite [21]. Cell segmentation serves as the primary challenge and bottleneck
in image cytometry (the physical and chemical characterizations of cells) [31} 32].

The principle behind cell segmentation is to localize the cell object boundaries within an image,
and to distinguish these from the background. This is referred to as a pixel-wise binary classification,
whereupon a mask with the specific pixels belonging to the region of interest (ROI) is deduced [33].
Current studies utilize auxiliary nuclei, cytoplasmic, and/or membrane markers to discern specific
cell features and thus facilitate the cell segmentation [34]. One nuclear staining method involves
DAPI (4’6-diamidino-2-phenulindole), a highly fluorescent stain which binds to adenine-thymine
rich regions in nuclear DNA and fluoresces. This fluorescent tag has proven to be a convenient
and efficient method of imaging cell centers, especially in confocal microscopy (using laser and
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fluorescence to create 3D images of samples) [35]. A challenge, however, arises from the notion that
nuclei placements do not indicate the actual shape and extent of the cell body [21]. One technique
used to further extend the initial nuclei position is poly(A) staining, which is a cytoplasmic staining
approach. This has been proven to be especially successful in tissues where cells are not densely
packed [36]. Although DAPI and ploy(A) staining both furnish feature-rich stains for segmentation
in cell-sparse tissue, such as the brain, they are not sufficient in cell-dense tissue - as relevant to this
study. For these tissues, membrane staining by e.g., immunofluorescence (IF) is a more successful
approach [36]. Herein, fluorescently-labeled antibodies are used to specifically target and bind to
a certain molecule in the membrane. After binding a primary antibody to the target molecule in
the membrane, a secondary antibody- conjugated to a fluorescent dye- is added to the sample. A
fluorescent signal is visualized upon binding the secondary antibody to the primary one, which can
be imaged with a fluorescent microscope [37].

2.3.1 Classical Segmentation Algorithms

Despite the great advancements of both spatial transcriptomics, optical imaging and image pro-
cessing, inadequate cell segmentation is restraining ensuing discoveries. Today, the state-of-the-art
methods and software tools mainly rely on existing, basic, image processing algorithms formulated
decades ago, most of them proposed back in the 1970s [32]. Among others, these include SMASH
[38], ImageJ [39], Cellsegm [40] and CellProfiler [41]. These are all primitive and fully automated
methods, developed to solve more general computer vision tasks. Generally, these are mainly suc-
cessful when cells are sufficiently separated, for instance in a monodisperse in vitro cultrures, and
not in a tightly packed tissue [42]. Classical algorithms are thus hampered by their insufficient
capabilities of solving more challenging and extensive cell segmentation problems at large [32]. For
most classical approaches, the segmentation is requiring manual tuning and corrections, making the
models incomplete [34]. Moreover, these classical methods are all based on the so-called Watershed
algorithm, being an image processing transformation defined on a gray-scale image [43]. Herein, the
gray-scale values of the image is used to create topological maps, where the brightness of each pixel
is representing the ”height” of that point. In this way, the algorithm defines a line that runs along
the top of the formed ridges [44]. The principle is delineated in Figure [4] wherein two black blobs
with fading edges are converted into its corresponding topological map. Here, the bright areas are
considered ”"high” and the dark "low”, creating two catchment basins surrounded by watershed lines
[44]. In the Watershed algorithm, the basins represents the segmented regions of interest. As can
be deduced from the concepts of this algorithm, the method is mainly successful when the object to
be segmented has a smooth intensity decay from its center [42]. In this way the algorithm can form
a clear, single basin. This is however rarely the case when performing cell segmentation; several cell
types often form multiple intensity basins - due to e.g., inhomogeneous distribution of fluorescent
markers along the cell border [42]. Moreover, a frequently occurring issue with this approach is
over-segmentation. This issue is especially prone to occur in the case of high image complexity or
poor image quality [32, [42]. The ever-increasing complexity, the considerable variety of cell types,
low image contrast, deficient image quality and contrast, non-uniform pixel intensity and not to
mention the connection or overlapping of neighboring cells are yet some of the challenges where
these methods are insufficient [32].

One further aspect of cell segmentation is the available of thresholding algorithms. Thresholding
refers to the process of discriminate ROIs from the background in an image [45]. Based on a
predetermined value or range of values for pixel intensity, all pixels above or below this threshold are
classified as foreground (i.e., a part of the cell) or background, respectively. This process is generating
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Watershed line  Catchment basins

Figure 4: Schematic representation of a watershed transform. The pixel intensity decay of two dark blobs are translated
into catchment basins and watershed lines depending on the corresponding ”height” of each pixel. Adopted from .

the pixel-wise binary classification, as touched upon previously. As evident, thresholding is a crucial
step in cell segmentation algorithms to allow for an accurate identification and quantification of
cells in an image. Albeit, to select a proper threshold value is challenging and strongly depends
on e.g., image quality, cell types, intensity of staining and the type of labeling used . In the
above-mentioned segmentation techniques, classical thresholding algorithms are used, wherein the
threshold is found between two pixel classes with a rather large intensity interval . This approach
is in most cases not sufficient, in particular when (1) the intensity interval between background and
darker cells is smaller than the one between darker and brighter cells; or (2) the image histogram (i.e.,
the graphical representation of the distribution of pixel intensity, with a frequency of occurrence of
each pixel varying from e.g., 0 to 255 for an 8-bit gray-scale image ) is not properly equalized; or
(3) there is a high degree of overlapping between different pixel classes in the histogram distribution
. Cell images do not only exhibit a lot of noise, but can often display great variations in
intensities both between and within cells. This implies great distortions in the histograms, why the
classical thresholding algorithms are not sufficient for more complex cell segmentation purposes .
Consequently, to facilitate an accurate cell segmentation, the thresholding algorithm must be more
robust and flexible to adapt to varying types of cell images.

2.3.2 Machine Learning Algorithms

In an effort to overcome the aforementioned challenges of adopting classical cell segmentation algo-
rithms to more complex cell images, new segmentation algorithms have emerged in the recent years.
Deep neural networks (DNN) have been particularly successful for this purpose, utilizing parameters
estimated from large training datasets . In spite the fact that fully automated methods are ad-
vantageous in terms of both reducing the human effort, increasing the reproducibility and allowing
for improved scalability to larger datasets, they are deficient in other aspects . As the available
image acquisitions become more diverse and complex, the challenge of automating the segmentation
approaches is even more profound. Consequently, one must make a trade-off between flexibility and
automation in the segmentation . The main issue with employing fully automated algorithms is
the fact that the segmentation style cannot be customized; the models often perform poorly upon
being introduced to images markedly different from their training images [47].
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Cellpose

The above-mentioned challenge is being addressed by Pachitariu’s and Stringer “s in 2021, intro-
ducing Cellpose. Cellpose is a generalist deep learning-based segmentation algorithm claimed to
have better expressive power than alternative solutions [42].The great expressive power and high
capacity of Cellpose has been proven mainly from its ability to segment not only more complex cells
such as elongated dendrites, but even non-cell objects such as jellyfish and rocks [42]. The difficulty
with cells having multiple intensity basins is herein tackled by constructing an intermediate repre-
sentation of the cells that forms just a single, smooth, topological basin. The main feature of this
approach is to generate topological maps from a method called simulated diffusion, extracted from
ground-truth masks. A ground-truth mask is, as compared to a predicted mask (which is the output
from a deep learning model) a manual segmentation, in this case drawn by a human annotator [42].
Furthermore, a DNN is trained to predict three outputs: the horizontal and vertical gradients of
these topological maps (forming vector fields), along with a so-called binary map to indicate if a
given pixel is inside a ROI or not.

In Cellpose, the DNN that is predicting the spatial gradients and the binary map is based on
a (slightly modified version of the) so-called U-Net architecture. This approach is proposed as an
alternative to the typical use of convolutional neural networks (CNN), and is an extension to the so-
called fully convolutional neural network [48]. Simply put, a CNN is a class of DNN, most commonly
used for image recognition. An in-depth review of the specific construction of Cellpose’s DNN is
beyond the scope of this report. However, at a high level, a CNN is used to train machines in image
recognition and other computer vision tasks. Herein, the CNN takes an input image and process
it through a sequence of so-called convolutional and pooling layers [49]. The convolutional layers
extract features from the input image by successively converting all pixels in a specific region into a
single value, hence decreasing the image size and simultaneously concentrating all information into
a single pixel [50]. This is performed by screening the image with one or more filters (also known as
a kernels), and for each pixel compute the dot product between the weight of the kernel and that
specific pixel value. The weight in this case refers to how the specific kernel will respond to different
patterns and features of the input image; it can be compared to a template or feature detector
and is a decisive step during training of the network. The output from each kernel-weight dot
product is a ”feature map” that contains a specific pattern or a feature that was found in the input
image [49]. Subsequently, the pooling layers will downsample these feature maps, meaning that
the dimensionality is reduced whilst sustaining the most integral information [51]. The resulting
feature maps from several repetitions of the above-mentioned layers are then stored as a vector.
This is subsequently fed into one or more connected layers, from which a final output classification
is produced based on all extracted features [49]. The weights of each kernel and fully connected
layers are changed when training a CNN, enabling the network to learn to recognize the visual
patterns and characteristics of the input images [49].

A representation of the so-called U-net architecture is presented in Figure [5] Herein, in addition
to the pooling layers that downsample the feature maps, upsampling operators are supplemented to
increase the resolution of the output [52]. In contrast to downsampling, upsampling is a technique
used to increase the spatial resolution of feature maps. This is essential in image segmentation since
the output must have the same spatial resolution as the input [52]. High resolution features from the
contracting path are accordingly integrated with the upsampled output, which enables localization
(assigning a class label to each pixel). Based on this information, a consecutive convolutional
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layer will be able to learn how to generate a more precise output. The U-shaped network thus
emerges from the mirror-symmetric relationship between the contracting and expansive path of the
architecture, whereupon both paths involve a large number of feature channels [42]. Moreover, as
different image types are deemed to be processed in different ways, a global average pooing on the
smallest convolutional maps is utilized in Cellpose to generate a classification of the image [42].
Together, the advantage with this U-net CNN approach is three-folded: the need for thousands of
training images is greatly reduced, localization is enabled by assigning each pixel to a specific class
and lastly, the segmentation is more precise [52].

Figure 5: Example of a U-net architecture. The blue boxes represents the different feature maps between each layer of the
network, whereas the white correspond to copied feature maps. The specific operations are denoted with differently
coloured arrows, explained in the lower right corner. In this example, downsampling is performed to the lowest resolution of
32x32 pixels. Adopted from [52].

Upon introducing a test image to the CNN in Cellpose, it will accordingly predict horizontal and
vertical gradients to generate vector fields. These fields are then followed through a procedure called
gradient tracking, wherein each pixel belonging to a specific cell will be routed to its center [53].
Gradient flow tracking constitutes of three main steps, delineated in Figure @ These include (1)
generating a so-called diffused gradient flow vector field to overcome the challenges of generating
trustworthy vectors in the case of having irregular cell shapes and intensities (to smooth out the
otherwise noisy gradient vector field); (2) performing a gradient flow tracking procedure of this field
to bring together points to the basin of a sink (i.e., the center of a specific cell); and lastly (3) dividing
the FOV into smaller regions, each consisting of one cell/ nucleus and its adjacent background, and
from there carry out local, flexible, thresholding for each region to withdraw the cell/nucleus from
its background [53].

The gradient flow tracking will segment all points that are flowing to the same sink as a region
called an attraction basin of the sink, being illustrated in Figure [7] Upon grouping together pixels
which converge to the same sink, cells and their exact shape will emerge accordingly. Since all
points are tracked independently, the attraction basin is not restricted to a specific shape, being an
advantageous feature for more irregular cells [53]. Additional refinements are also performed on the
model in Cellpose, wherein pixels predicted as outside of cells are removed [|42]. Since the shape of
the cell can be irregular, all gradients do however not necessarily point directly to the center, as
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Figure 6: Flowchart of the main steps and their consecutive order in gradient flow tracking. Adopted from |[53].

they might intersect with cell boundaries [42]. Albeit, locally the gradients will translate pixels into
other pixels inside the cell; after a series of iterations, pixels will globally translate to fixed points
of the gradient vector field. Finally, these fixed points are then assigned to be the cell centers.

Figure 7: A representation of sink attraction basins generated from gradient flow tracking, where segmentation emerge
from grouping together the pixels flowing towards the same sink. Gradients are generated from the derivatives of the image
brightness. Adopted from [53].

One of the main features of Cellpose is the use of so-called an auxiliary vector flow representation.
Auxiliary representation is widely used for machine learning models to help reducing the amount
of data needed to train the model - while at the same time improving the overall performance [54].
The technique involves incorporating additional input data or features (which does not have to be
directly related to the main prediction task) to the model in order to support the model to make
better predictions. For the case of Cellpose, the auxiliary representation converts the cell masks into
two images, also known as "maps”, which are vector fields of the same size as the original image
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[42]. These vector fields lead all pixels belonging to a certain cell toward its center. Ultimately,
the neural network is trained to predict these gradients from raw images. These vector flow fields
are generated from a process known as heat diffusion simulation. The idea behind this process is
to introduce a "heat source” at the center pixel of the cell (being the pixel at the median values of
horizontal and vertical pixels within the cell [42]). For several iterations, a pixel value of 1 is added
to the heat source, whereupon all pixels within the cell are assigned a mean value of its nearby
surrounding pixels. All pixels outside of the cell are assigned a pixel value of 0 in each iteration.
After N iterations (proportional to the vertical and horizontal pixel range within each cell), the heat
distribution is approaching equilibrium. This final distribution is generating an energy function,
ultimately representing the two (horizontal and vertical) vector fields of the auxiliary vector flow
representation [42].

Figure 8: Schematics of the Cellpose model architecture. a. Manually annotated masks are transformed into vector flow
representations by performing simulated diffusion. The generated spatial gradients (x and y) from the diffusion are
transformed into combined gradients in just a single direction from 0°to 360°. b. Spatial gradients of example cells.c.
Training of the neural network to predict three outputs: horizontal and vertical gradients as well as pixel probability. These
outputs are combined into a gradient vector field. d. U-Net architecture of Cellpose. e. Predicted gradient vector fields are
used in a dynamical system where every pixel will track these gradients toward their respective fixed points, being the basin
of attraction from the gradient flow tracking. f. Pixels converging to the same basin are prescribed to the same mask.
Adopted from [42].
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The workflow of the Cellpose algorithm is delineated in Figure 8] As previously mentioned, the
output from the neural network is three maps: horizontal gradients, vertical gradients and a binary
pixel map - also known as the pixel probabilities [42]. In order to recover the masks from these
outputs, a threshold of 0.5 for the pixel probability map is first set. Each pixel above this threshold
is then considered in the next step, wherein a dynamical system is run for 200 iteration. This
dynamical system starts from each of these pixel locations, and runs along the spatial derivatives
of the horizontal and vertical gradient maps. For every iteration, a step is taken in the direction
of the gradient. Pixels will in this way be clustered in accordance to the corresponding pixel they
converge towards [42]. As the CNN can predict flow vectors that do not correspond to any real
shapes, there is an element of uncertainty that can yield inconsistent flow outputs. In addition to
the pixel probability threshold, Cellpose therefore involves a mask quality threshold. This threshold
verifies that the obtained ROIs from the dynamics step are consistent with the real masks. This is
implemented by recomputing the flow gradients based on the predicted labels from the dynamics and
comparing them to the masks predicted by the network. This control is carried out pixel-by-pixel.
Consequently, this threshold reflects the maximum allowed error of the flows, but averaged over the
entire set of pixels within a specific mask [42]. The masks with a difference larger than the cell
probability threshold are excluded from the final output [42].

Cellpose 2.0

As an extension to Cellpose, the new edition Cellpose 2.0 was introduced in 2022 [47]. This
upgraded version also involves a new package which includes an ensemble of different pretrained
models (called a model zoo) together with a human-in-the-loop (HITL) approach. The HITL ap-
proach involves human interaction, starting with a restricted amount of user-segmented data to train
an initial, imperfect model. Upon being introduced to other images, the result from the model is
subsequently corrected by the user [47]. During the development process, the model is thus con-
tinuously inspected, validated, and calibrated to allow for rapid prototyping of new custom models
[55]. In this way, Cellpose 2.0 is considered an interactive, supervised, machine learning method.
In Cellpose 2.0, they utilized two large-scale datasets on Cellpose, whereupon taking advantage of
these to develop a model zoo that the user can select between as starting points, and then evaluate
based on their specific data. These were subsequently used in the HITL annotation and in further
retraining procedures [47]. Consequently, this has reduced the required user annotation in Cellpose
2.0, without compromising on high quality segmentation [47]. The algorithmic and software tools
involved in Cellpose 2.0 manage to adapt CNN segmentation models to novel image categories,
utilizing minimal training data, thus reducing the time consuming task of manual segmentation.
Altogether, the main advances with this approach is threefold. Firstly, it is crucial since the style of
annotations may differ substantially among annotators; there are several different styles of human
annotator styles, all equally valid. Secondly, it is efficient as it thanks to HITL only requires fewer
segmentation of ROIs to meet the same accuracy of alternative methods. Lastly, the approach is
effective; models developed in this manner have comparable accuracy with human researchers in the
field [47].
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Omnipose

As an extension to Cellpose, the DNN image-segmentation algorithm Omnipose was developed -
featuring one of the authors of Cellpose, Carsen Stringer [56]. The primary motive for developing
this algorithm was the need for a tool that could segment cell types for which Cellpose and other
state-of-the-art cell algorithms currently are deficient. These cell types mainly involve bacterial
cultures and cells of elongated or branched morphology - which are highly different from the more
uniform cell shapes that other segmentation algorithms have mostly been trained on. The algorithm
is based on the same framework as Cellpose, including file handling, DNN architecture, training
functions, network predictions and mask reconstruction [56]. This section will thus not go into
details of how the Omnipose algorithm is constructed. The central differences, however, lies within
the network outputs. These are a cell boundary probability map, a distance field and a flow field -
being the gradient of the distance field. These discrepancies where implemented to circumvent issues
Cellpose encounters when segmenting bacteria and other miscellaneous morphologies, namely over
and under-segmentation. Notably, upon comparing Cellpose and other state-of-the-art algorithms
(incl. StarDist, MAsk-R-CNN and MiSiC) against Omnipose’s benchmarking data, Cellpose was
the only algorithm that exhibited errors just for segmenting enlongated cells [56]. Not only does
this prove that Cellpose is superior to other alternatives, but it also demonstrates the need for an
algorithm as Omnipose to resolve the challenge of segmenting bacteria and other anisotropic cells.
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3 Aim

In the Kosuri Lab at Salk Institute for Biological Studies, MERFISH is deployed to visualize simul-
taneously the location of hundreds of different transcripts in sections of mouse hearts, with the goal
of revealing novel underlying principles of cellular organization in healthy and diseased tissue. To
accomplish this goal, it is essential to (1) identify cells and (2) quantify their spatial organization
based on the MERFISH data. As previously stated, these tasks are major challenges in the field
of spatial transcriptomics for which there currently are no adequate solutions. To resolve these
challenges, one needs to (1) adapt and optimize computational methods to achieve an accurate cell
segmentation of the tissue; and correspondingly (2) develop and apply statistical methods to analyze
the spatial distributions of different subsets of cells.

3.1 Limitations & Delimitations

Upon exploring potential solutions to task (1), it became clear that this was more challenging than
anticipated; there are no existing segmentation models that sufficiently can segment the cardiac
tissue. As previously elaborated on, the main reason for this is the dense and heterogeneous nature
of the cardiac tissue. As task (2) highly depends on an accurate cell segmentation, this bottleneck
must first be resolved before proceeding with any downstream analysis. Consequently, to narrow
down the project to a feasible extent, it is exclusively focusing on solving the first challenge. The aim
of this study is thus to develop and refine a cell segmentation algorithm that accurately determines
the cell boundaries in dense, heterogeneous mouse heart tissue.

Ultimately, the ambition is to successfully acquiring an accurate segmentation across a full-scale
MERFISH dataset of the tissue. To achieve this, the project will be concerned with understanding
and utilizing supervised machine learning algorithms including Cellpose & Omnipose, to accordingly
generate and optimize customized model(s) applicable to diverse datasets of the mouse heart. Due
to the great heterogeneity of cell types and shapes within the tissue, a major part of the project
is to find a strategy to cover segmentation of all cell types and features. In summary, this project
intends to support the development of tools capable of addressing one of the challenges associated
with deciphering MERFISH data of the cardiac tissue.

3.2 Outline of Thesis

Section 1 introduces the background, purpose and significance of the thesis. This is followed by
the theoretical framework relevant to the study in section 2, providing insights into the constituents
of the heart, spatial transcriptomics, and cell segmentation. Section 3 delineates the aim of the
project, whereas the experimental procedure is setteled in section 4. Section 5 reports the result of
the study, which is followed by a discussion where these results are elaborated and expounded upon.
Possible shortcomings and improvements are suggested here as well. Lastly, conclusions and some
final remarks are declared in section 6.
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4 Methodology

The following section involves the methodological procedure of achieving an accurate segmentation
model for the cardiac tissue. Included herein is a review of the prerequisites and requirements on
the segmentation, along with a manifestation of the overall strategy to meet these. The chosen
machine learning algorithms for addressing this challenge is presented as well. Additionally, a
detailed description of the practical and theoretical considerations for developing the model(s) are
introduced in this section. These encompasses the procedure of generating and training a model,
along with the training and segmentation parameters that will be considered when optimizing each
model.

4.1 Cell Segmentation - Prerequisites, Requirements & Strategy

The morphology of the cardiac tissue is highly diverse, having CMs differently oriented depending on
where in the heart they are located. As the CMs are large (relative to remaining cardiac cells) and
rod-like in shape, they will be featured in various forms when looking at the tissue in just one plane.
This implies that depending on where the thin tissue sections are cut, and in what angle each CM
are cut, the morphology will be different; some areas will contain large, round, cross-sections of the
CMs, whereas others will display longitudinal CMs. Examples of epifluorescence microscopy images
taken at different parts of the tissue (in the same z-plane) are presented in Figure @ delineating
the great heterogeneity in the morphology. Notably, there is a substantial difference in appearance
of the CMs depending on how they are oriented in the tissue. What is also evident from Figure
[] is that the cells are densely packed in the tissue - being yet another noteworthy challenge as
also mentioned in previous sections. Evidently, the great diversity in morphology makes the cell
segmentation particularly challenging, especially for the longitudinal sections of the CMs.

Figure 9: Epifluorescence microscopy images of the cardiac tissue using cell boundary staining, showcasing cross-section
cardiomyocytes (left) and longitudinal cardiomyocytes (right) respectively. Each section of the heart tissue is sliced into
10 pm sections.

As previously stated, an accurate cell segmentation is a prerequisite for drawing valid conclusions

about the extracted MERFISH data. To benchmark different cell segmentation models, as well as
following the improvement of these, one must set the standard for what is considered an accurate
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and ‘naccurate segmentation respectively. Inaccurate segmentations may appear in various forms,
and will in this report be categorized as the following;

1. Cell-splitting
2. Cell-merging
Oversegmentation

Incomplete segmentation

oro W

Absent segmentation

Examples of these inaccurate segmentations are pictured in Figure Herein, cell-splitting refers
to when one cell is segmented as several. In contrast, cell-merging implies that several cells are
combined into one. As opposed to cell-merging, oversegmentation refers to when the boundaries
around a cell also capture the interstitial space between the ROI and its surrounding cells. Incomplete
segmentation is simply when the segmentation does not capture the entire cell body. Lastly, an
absent segmentation refers to when a cell is not segmented in any way, and instead is deemed as a
part of the background.

Figure 10: Examples of inaccurate cell segmentation from the respective category, extracted from a default model in
Cellpose. Each color represent uniquely segmented cells. From left to right: cell-splitting; cell-merging; oversegmentation;
incomplete segmentation.

The consequences of these five categories varies in severity. For instance, splitting cells would
mean that some transcripts belonging to a certain cell will be assigned to another ROI. Consequently,
this would imply that the cell type (and state) most probably would not be correctly determined,
since certain marker-genes may instead be assigned to another cell. Cell-merging would naturally
have similar consequences. These two inaccuracies are thus considered a more severe than e.g.,
incomplete segmentation, since no transcripts will falsely be assigned to another cell; as long as the
marker genes are included within the ROI, the cell type and state will still be correctly assigned.
Likewise, an oversegmentation is not as severe either, since the interstitial space ultimately should
not contain any transcripts. To completely disregard cells in the so-called absent segmentation
could in fact be detrimental, especially if the cells being neglected contain crucial information for
understanding a certain micro-environment within the tissue. As highlighted in section 2.1} each cell
types have their own respective function, all being significant in maintaining cardiac function. If a
certain cell type rarely is segmented, crucial information thus risks being disregarded, compromising
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further analysis. Consequently, as achieving a 100% segmentation accuracy is an elusive task, one
must accordingly evaluate which inaccuracies are more alarming than others. For this project, cell-
splitting and cell-merging will be the top-priorities in terms of inaccurate segmentations to minimize.

With the heterogeneity and variety of inaccurate segmentations in mind, the strategy for this
project is to create two separate models; one for the smaller cells and cross-sectional CMs, and one
for the longitudinal CMs. This approach will accordingly facilitate a more fine-tuning of the models,
to each meet the requirements of the respective cell shape and morphology. With this approach, the
idea is for the models to jointly achieve an accurate segmentation of a complete dataset - covering the
entire morphology of the cardiac tissue. The workflow for this project can accordingly be depicted
as per below:

1. Identify and adapt a segmentation algorithm suitable for the specific morphology of interest.
2. Benchmark default models.
3. Collecting training data in terms of cardiac tissue images.
4. Generate ground truth masks for these images.
5. Develop and train a model.
6. Optimize parameters, including thresholds, cell diameter and other segmentation parameters
for each model.
4.1.1 Quantifying Model Progression

For benchmarking default models and recording the model progression for the cross-section models,
the segmentations will be quantified in terms of segmentation accuracy. In this report, this is defined
as the number of cells being accurately segmented by the model, divided by the number of cells that
are "segmentable” within that FOV - i.e., the number of ground truth ROIs (see Eq:

A # Accurate output ROI )
~ # Ground truth ROI

The fraction of inaccurate masks will also be quantified for the cross-section model. As neither of
the longitudinal models achieved a quantifiable accuracy, the assessment will herein solely be based
on qualitative evaluations.

4.2 Adapted Segmentation Algorithms

Considering what is previously stated about available segmentation tools, Cellpose and its successor
Omnipose are the algorithms prospected to be suitable for this project. Notably, the authors to
Cellpose and Omnipose have both benchmarked their algorithm against similar alternative solutions
(including Stardist, Mask R-CNN and U-Nets [57, |58}, 52])- with the conclusion that they outperform
their competitors (|42, [56]).
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4.2.1 Cellpose 2.0

Visualization, manual segmentation and model training are all enabled directly in the graphical user
interface (GUI) of Cellpose, being delineated in Figure For visualizing the segmentation, the user
can switch between cell outlines and filled masks. Additionally, the image brightness and contrast
can be adjusted for visualization purposes. Parameters for adjusting the segmentation output can be
altered in the GUI as well. Included herein are the flow and cell probability threshold respectively.

Figure 11: The graphical user interface (GUI) of Cellpose. Visualization, manual segmentation and training can be
performed in the GUI. Parameters such as diameter, thresholds and image brightness & contrast can be selected in the
toolbar to the left. For visualization purposes, the user can view the raw image solely, or overlaid with outlines and/or

masks.

As evident from Figure the model zoo is also presented in the GUI; the user may segment,
or train a new model, with a model from the zoo, or alternatively load their own model into the
GUI An additional feature in Cellpose is that the network can predict which model from the zoo
that is most appropriate for a specific image type. This will be utilized when benchmarking the
performance of Cellpose.

Cell Diameter

As for diameter setting, it can either be chosen manually or alternatively one can let the model
calibrate it prior to segmentation. In Cellpose, the diameter is defined as the diameter of a circle of
equivalent area as the ROIs, as presented in Eq[2] The corresponding unit is specified in pixels, and

the default diameter is set to 30 pixels.
[A
d=2R=24/— (2)
T

This definition is mainly suitable for the case of isotropic cell shapes, e.g., round cells such as
endothelial cells, macrophages and fibroblasts (see Figure [2] for reference). Cross-sectioned CMs
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would accordingly be appropriate here, as the majority of cells have a round-like shape. Setting an
accurate cell diameter is crucial for an accurate model training and segmentation output, why this
will be carefully elaborated upon as part of the model development. Importantly, when the diameter
is set smaller than the actual size there is a risk that the model will over-split cells. Correspondingly,
setting the diameter larger than true size will increase the risk for cell-merging [42].

Thresholds

As introduced in the section 2.3.1, Cellpose utilizes two threshold parameters for 2D segmentation;
flow and mask (also known as the cell probability) thresholds. Both of these will be examined for
optimizing the Cellpose model. The former refers to the maximum error of the flows for each
mask; it works as a consistency control to make sure the that the mask output coincide with the
corresponding masks found when running the dynamics. The flow threshold can be selected from
zero and above (with a default of 0.4). Intuitively, increasing the threshold (i.e., increasing the
tolerance for errors) will thus increase the number of ROIs. Likewise, decreasing it will return
fewer ROIs - generally removing the more ill-shaped ones [42]. The cell probability threshold is the
probability of a pixel belonging to an ROI. Here, the threshold ranges from approximately -6 to
6, given that the probability is expressed as the sigmoid function (centered at zero, also being the
default threshold) presented in Eq The corresponding graph is presented in Figure
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Figure 12: Cell probability as a function of threshold. Highlighted in the graph are the threshold boundaries (x €[-6,6])
and the default settings at (0,0.5).

Increasing the cell probability will, in contrast to the flow threshold, decrease the number of
ROIs in the segmentation output. Similarily, decreasing it will return less ROIs, since the tolerance
of probability is lower [42].
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4.2.2 Omnipose

As the majority of the Omnipose algorithm builds upon Cellpose, most of above-mentioned features,
such as thresholds and GUI procedures, are transferable to this section. The discrepancies will
however be brought to attention in the following section. The training procedure is equivalent to
Cellpose, however the GUI is slightly different from Cellpose - here illustrated in Figure

Figure 13: The GUI of Omnipose. Just as in Cellpose, visualization, manual segmentation and training can be performed

in the GUI. Parameters such as diameter, thresholds and image brightness & contrast can be selected in the toolbar to the

left. For visualization purposes, the user can view the raw image solely, or overlaid with outlines and/or masks. Additional
adjustments to Cellpose, such as including N-color and inverting the image, are possible in this GUI.

Apart from diverging in the actual GUI appearance, there are some additional settings to choose
among in Omnipose to further adjust the output segmentation. These mainly include changing the
foreground /background values of the image (i.e., the gamma-value), as well as using the so-called
N-colors option. By implementing the N-colors option, one can easier distinguish and edit masks by
only printing 4 colors.

Cell Diameter

The most prominent difference between Cellpose and Omnipose however, lies within the definition
of the cell diameter. As Omnipose is developed as a tool for mainly segmenting bacteria, having
markedly different geometry than what is considered in Cellpose, the diameter is defined accordingly.
Thus, the idea of defining the diameter as the diameter of a circle with equivalent area will fail when
introducing non-circular, anisotropic cells [56]. Instead, the diameter is expressed as specified in
Eq[4] and ultimately the effective diameter in EqJ5

- 1 R 1 (7 5\ R
d= —

=2R = 6¢ (5)
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Herein, ¢ represents the mean of the distance field over the cell. A distance field represents a
distance to the closest boundary pixel, which for bacteria will confine with its inherent thickness
[56]. This field is averaged over an entire region (cell), which naturally will become proportional to
the thickness of that region. The ’diameter’ aspect is thus incorporated in Eq[] as the diameter of
an n-sphere considering the average of the distance field over the volume [42]. Just as in Cellpose,
unit is specified in pixels and the default diameter is 30 pixels.

Rescaling & Resampling

An additional feature of Omnipose (and Cellpose to some extent) being considered in this project
is the rescaling aspect of the algorithm. When prescribing a diameter in Cellpose, the input image
will be rescaled to fit a default diameter of 30 pixels. Thus, if one assigns a diameter of 60 pixels,
the rescaling factor of the image will be 30/60 = 0.5 to accordingly fit a cell size that is manageable
by the U-Net architecture [56]. This can be problematic for cells with more rod-like shapes; to fit
a longitudinal cell shape into Cellpose’s definition of the diameter (Eq. one needs to set a very
big diameter, which in turn will result in a rescaled image that might too small for Cellpose to
segment. Cellpose is always running on rescaled images, however in Omnipose the user may disable
this function. In this case, the images will be resampled to fit the original image-size before running
the segmentation. This would in turn yield smoother output ROIs, however at a cost of being more
time-consuming [56]. The aspect of resampling will thus be investigated as a parameter in the model
development.

4.3 Model Development

As previously stated, the approach for achieving an adequate segmentation is to make two isolated
models; one that covers the cross-section CMs and the smaller cells, and conversely one that covers
the longitudinal CMs. The main reason for this is to enable fine-tuning of model parameters such
as diameter and threshold parameters. The project will start by developing the cross-section model,
mainly due to the fact that this model development is more straight forward than the corresponding
longitudinal model; the cells are more conventionally shaped as compared to the longitudinal CMs.
As the time-frame for this project is limited, the longitudinal model(s) will be initialized and-
provided there is time remaining- optimized to some extent. For both Cellpose and Omnipose, the
generic procedure for training a model- starting from a pretrained model- is as follows:

1. Run segmentation on a set of images by using a pretrained model from the zoo.

2. The errors made by the model is corrected in the GUI by manually drawing the missing and/or
incorrectly segmented ROIs.

3. The new ground truth annotations are utilized to train the model in 1.

4. Step 2 and 3 is repeated.

This iterative process is repeated until a satisfactory accuracy is achieved. As an alternative
to step 1, one can create ground-truth masks on the images and use these to train a model from
scratch. As an alternative option to the GUI, training and segmentation can be initialized through
the command line (using CPU), which is also a more time-efficient option. To save time when training
new models, this will be the approach forward; the GUI will mainly be used for visualization and
mask-correction purposes. Commands for training and segmentation are specified in the appendices.
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Non of the models will be trained on cells that are not covered in the FOV, i.e., the cells around the
edges of each FOV.

4.3.1 Over & Underfitting

One aspect of training the model is to make sure that it does not become overfitted. Overfitting is
a direct consequence of training a model on sample data for too long, or alternatively if the model
becomes too complex and begin to extract information from "noise” or other irrelevant information
from the input dataset [59]. If the noise or other irrelevant data were to be memorized by the model
there is a high risk that it will be unable to sufficiently generalize new datasets. Consequently,
when the model is provided with new data it will be prone to perform poorly on the classification
or prediction tasks that it was initially intended for. Common characteristics of an overfitted model
is low error rates and high variance. A way to assess whether a model has become overfitted is
to introduce the model to a ”test” dataset (being a fraction from the training set, set aside for
this purpose) and investigate the quality of its prediction; if the training data has a low error rate
whereas the test set has a high one, the model is likely overfitted [59]. Conversely, there is also a risk
that the model is underfitted. This is the case when the model has not been trained for long enough,
or if the introduced variables are not sufficient to determine a significant relationship between input
and output variables [59]. In contrast to overfitting, the main indication of underfitting is that the
model is demonstrating a high bias and a low variance upon generating its predictions. Albeit, the
consequence of underfitting a model is the same as overfitting; the model generalizes poorly to unseen
data. The main challenge is thus to find a balance between the two extremities and to accordingly
achieve a model which is liable to establishing a dominant trend and being broadly applicable to
new datasets [59].

The practical implications for avoiding these issues are twofold. Firstly, to circumvent overfitting
the models, a diverse training dataset will be used for the training. This implies that images
from various experiments- with different image qualities and morphologies- will be included when
developing the models. If needed, a pretrained model from the Cellpose model zoo can be utilized
as a starting point to further avoid overfitting the data. Secondly, underfitting will be avoided by
keeping record of the model development and making sure that the segmentation outputs are not
indicating a high bias and low variance when introducing the model to unseen images. Another
important aspect to consider when training the models concerns how the training data are included
between consecutive training rounds. Notably, if retraining a model with the exact same set of images
as in the prior training, the network will be biased towards these images in any consecutive training.
Conversely, if a pretrained model is trained on a completely new set of images, without including
the previous training data, all previous images will instead be downweighed. Consequently, when
developing the cross-section and longitudinal models, the approach will be to include all images
from past training rounds in each consecutive training. Moreover, to maximize the impact that any
segmented images make to a training set, the image area containing cells will be maximized too (by
either cropping images, or simply selecting FOVs containing as many cells as possible).

4.3.2 Cross-Section Model

For developing a segmentation model for cross-section cells, Cellpose 2.0 will be the strategy forward.
Herein, FOVs exclusively containing the cross-sectional parts of the tissue, together the smaller cells,
are selected. Images from different imaging rounds are included to ensure a comprehensive devel-
opment of the model-training. As the morphology of a healthy heart potentially will be markedly
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different from a diseased one, images covering both states will be included in the development too;
as the end goal is to be able to study how the MERFISH data is altered during disease, the aim is
to generate a model applicable to all relevant morphologies.

4.3.3 Longitudinal Model

For generating a model appropriate for the longitudinal sections of the CMs, both Cellpose 2.0
and Omnipose will be used to generate two separate models for comparison. Omnipose is adapted
considering its alternative definition of cell diameter - a parameter that potentially will be more
promising for the purpose of longitudinal CMs. Cellpose will however still be evaluated. This is
mainly due to the fact that Cellpose indeed has been trained on highly diverse data - including non-
biological and e.g., dendrites - why it is arguable that the algorithm may work sufficiently well for
the data of concern in this project too. Moreover, from a more high-level perspective, using Cellpose
for both segmentation models would presumably reduce the need for any additional implementations
or adjustment to the overall MERFISH-analysis pipline. Each model will be trained and optimized
based on the same training data; the output segmentation from respective segmentation will be
juxtaposed to evaluate the most promising algorithm to move forward with. In terms of generating
the ground-truth masks for training purposes, all smaller cells and cross-section CMs will be neglected
to make sure the models are trained on exclusively segmenting longitudinal CMs.

Stitching & Flat-field Correction

Longitudinal CMs are substantially larger than remaining cells in the cardiac tissue. In fact, as
evident from Figure |§| CMs often extend over several field of views (FOVs) (each FOV being the
size of 2048x2048 px, i.e. 219 pm). Consequently, it is not possible to draw more than a few cells
per FOV, which is insufficient when training a model. Hence, in contrast to the cross-section model
(where there already is a sufficient number of cells to segment within a single FOV), there is a need
for additional image processing. The strategy will here be to generate training images composed of
stitched FOVs, which accordingly would meet the requirement of approximately 100 ground-truth
masks per FOV. What is moreover evident from Figure [J] is the fact that the edges surrounding
each FOVs are darker than the rest of the image. As the segmentation algorithm is based on pixel
intensity, this might be especially problematic when stitching together FOVs; there will be darker
borders at each conjunction, aggravating the model’s ability to achieve an accurate segmentation.
Flat-field correction (FFC), being a method for improving the image quality and generating a more
uniform background. This is achieved by correcting e.g., discrepancies in light sensitivity between
pixel sensors of the camera, differences in illumination between different FOVs, or alternatively the
variations in transmission of light through the camera lens (giving rise to the vignetting effect as
prominent in depicted images). Consequently, FFC will be incorporated into the stitching code with
the aim of circumventing these undesired image distortions.

4.4 Supplementary Software for Image Processing

Complementary software tools for extracting and processing the heart tissue images include image
processing in Fiji and some python-based coding in Jupyter Notebook |60} 61]. Fiji is an image
processing distribution of the open source software ImageJ, specifically used for processing biological
images [39]. Codes for stitching and performing FFC of images will be written in Jupyter Notebook.
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5 Results & Discussion

This section provides the results gathered from generating and improving the cross-section and lon-
gitudinal models respectively. Section 5.1 and 5.2 deliver the development and progression of the
cross-section and longitudinal models respectively. Before developing the models, the performance
of default models in Cellpose and Omnipose was established and evaluated as a benchmark for any
subsequent progression. For all models, additional threshold optimization was performed to allow
for further improvement without implementing more training. Lastly, a shorter section demonstrat-
ing the overall segmentation performance is presented in section 5.3. A discussion concerning the
development and progression of the models will follow each section.

5.1 Cross-section Model

This section presents the results from training a Cellpose model intended for cell segmentation of
the cross-section CMs and other smaller, round-shaped cardiac cells (such as fibroblasts and immune
cell). Included herein are the benchmark of the performance of Cellpose’s default model, the training
specifics, evaluations of model performances, and lastly the threshold optimization.

5.1.1 Benchmarking

To evaluate the cross-section model development, the segmentation performance of one of Cellpose’s
default models was benchmarked. Herein, the Cellpose network was fed with an image representative
for the cross-section areas of the tissue to let it predict the style of the image. Based on the predicted
style, the network suggested the most appropriate model from the model zoo. This came to be CPx;
a pretrained model which is the most general model from the zoo; it has been trained on the most
diverse set of training data- including non-biological features [47]. The fact that the network predicts
CPx to be the most promising model for segmentation yet highlights the fact that the cardiac tissue
is highly complex and not a straight-forward procedure. In addition to predicting the most suitable
default segmentation model, the network was set to calibrate the mean diameter of the cells in the
image as well.

Table 1: Results from segmenting images of cross-section regions of the cardiac tissue using the default model CPx in
Cellpose. Included are the calibrated diameter used, the average percentage of masks removed and the mean accuracy of
the segmentation. Segmentation was performed using default thresholds, i.e., flow threshold 0.4 and cell probability 0.

Model | Diameter (px) | Inaccurate ROIs (%) | Mean accuracy (%)
CPx 57.2 78.9 13.2

The performance of CPx was quantified and is presented in Table As evident, the mean
accuracy (defined as in Eq of the segmentation is 13.2%, using a calibrated diameter of 57.2 pixels.
The average percentage of removed masks per segmentation was almost 80%. To further illustrate
the performance of the CPx model, one of its segmentation is featured in Figure Paired with
one of the output segmentations of CPx is the same image but with the masks considered accurate
from the output; inaccurate, segmentations are here removed. Notably, the result emphasizes the
need for generating a new model with the machine learning HITL approach; an accuracy of around
13% is far from sufficient to achieve a segmentation feasible of covering the main part (being the
cross-section regions of the tissue) of the cardiac tissue.
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Figure 14: Example of segmentation of cross-section CMs using the default model CPx in Cellpose. Left image is the
output segmentation from CPx. The right image illustrates the masks left after removing all inaccurate segmentations.

5.1.2 Model Training & Performance

The cross-section model was trained from scratch for three consecutive training rounds, each model
being named model version 1-3 respectively. Specifics of the executed model training, including the
number of FOVs, the total number of annotated masks, and the average number of masks per FOV,
are summarized in Table 2

Table 2: Training data for developing the cross-section model in Cellpose. Included for each model version 1-3 are the
number of images and mask per training round and the average number of masks per image.

Model version

# training images*

# training ROIs**

Av. # of ROI/FOV

1
2
3

12
12 + 10
12 4+ 10 + 20

1254
1236
2404

193
124
120

* Only including additional images from previous training round ** Masks from previous training not included

As previously described, for each consecutive training all training data from previous rounds
are included. This is done to avoid any downweighing of previous data when introducing new
training. Consequently, the number of training masks and images specified in Table [2| only include
the additional number introduced. All training masks were generated in the Cellpose GUI, and the
training was initiated from the command line. The exact commands, including the specific training
settings (all default parameters) are presented in Appendix A. A selection of ground-truth masks
used for training are featured in Figure Evidently, not all cells are annotated; the strategy for
generating ground-truth masks was to solely annotate the cells with clear distinct boundaries to
ensure that the model is trained accurately.
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Figure 15: A selection of ground-truth masks for training a cross-section Cellpose model.

Examples of segmentations performed by model version 1-3 are featured in Figure[16] Juxtaposed
with the output segmentations are the masks left after removing all incorrectly segmented masks.
All segmentations evaluated in here are performed with default thresholds (i.e., 0.4 and 0 for flow
and cell probability threshold respectively).

Figure 16: Segmentation from each model version (1-3) of the cross-section models. The upper row are the output
segmentations from version 1-3 (left to right) respectively. Similarly, the bottom row are the remaining masks after
removing the inaccurate segmentations from the output.

As evident, there is a prominent difference between the consecutive training rounds and their
respective performance. After the first training round, there are still no accurate segmentation of
larger cells- just as for the default CPx model. Nevertheless, a greater fraction of segmented cells are
kept after inspecting the segmentation and removing inaccurate segmentations, suggesting a higher
accuracy. Upon initiating the second training however, the performance is markedly improved.
Not only is a larger portion of the FOV segmented, but the majority of the larger cells are in
fact segmented. Furthermore, comparing the output segmentation with its corresponding revised
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segmentation, the majority of these larger cells are indeed also correctly segmented. There are
however still some inaccuracies in this model version, emphasizing the need of consecutive training.
Inspecting the third, and last, training of the cross-section model, the performance is even stronger
than its progenitor. Herein, almost the entire FOV is segmented, with the exception of the edges
around the image. This exception is however expected due to two reasons; (1) the brightness of the
FOV is always lower around the edges due to variations in light transmission through the camera
lens, thus obstructing the overall segmentation feasibility; and (2) the model is simply not trained
on segmenting cells around the edges, as it is not desired to generate half cells when applying the
model to segment the entire cardiac tissue. Comparing the segmentation in Figure [16| before and
after removing incorrect masks in version 3, the difference is minuscule. The masks being removed
in this round are mainly due to some incomplete segmentations; oversegmentation, cell-merging and
cell-splitting were rarely encountered.

The above-mentioned findings are further corroborated with the quantitative evaluation of the
different model performances, here presented in Table 3| Included are the diameters used for seg-
mentation, the average number of segmented masks per FOV, the average percentage of removed
masks, and lastly the mean accuracy of the segmentation.

Table 3: Performance of cross-section models, versions 1-3. Included are the diameter used, the average number of ROIs,
the average percentage of masks removed and the mean accuracy of the segmentation. The performances are contrasted to
the default CPx model.

Model version | Diameter (px) | Av. # ROIs | Inaccurate ROIs (%) | Mean accuracy (%)
Default CPx 57.2 140 78.9 13.2
1 79.4 119 50.9 48.5
2 100 156 40.8 78.8
3 120 155 17.1 89.4

A pronounced trend between the consecutive versions and the ratio of inaccurate segmentation is
appearent: the percentage of inaccurate segmentation decreases from almost 80% inaccurate masks
for the default model, to approximately 17% for model version 3. This trend suggests that the
output masks from version 3 are more precise than previous models, which is further validated
by the substantial increase in mean accuracy (increasing from 13.2% to 89.4%, corresponding to
an almost 6-folded increment). In order to apply this model on the cardiac tissue however, it is
not sufficient to have a model that is accurate but not comprehensive; in order to implement the
segmentation model and perform any downstream analysis of the MERFISH data, there is a decisive
need for a model that allows for segmentation with full coverage of the tissue. The accuracy must
thus be contrasted with the number of masks for each FOV, being an indication of the respective
segmentation coverage. As evident from the average number of masks per FOV in Table [3] there
is a prominent improvement in coverage between version 1 and 2, whereas version 3 has the same
coverage as version 2. Note however that the amount of inaccurate masks are markedly reduced
between these models, suggesting that the ultimate coverage is still greater. What is further apparent
from the last column of the table is that the model accuracy is not improving to the same extent
between consecutive training rounds; the improvement in accuracy stagnates between version 2 and
3. This suggests that the model may not be gaining from additional training, being one of the main
reasoning behind why no further training was performed.

Yet another aspect of the model performance is the input for cell diameter. Evident from Table
Bl the diameter chosen for segmentation varied between versions. For segmentation with CPx and
version 1, the calibrated diameter was used. For version 2 however, the diameter was increased to
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100 as it gave rise to its most optimized segmentation outputs. In contrast, 120 pixels was chosen for
the final, version 3 model. The choice of 120 pixels was based on a qualitative review of the output
segmentations for different input diameters. An illustration of how the segmentations differs for the
same image, just by altering the diameter, is delineated in Figure[I7} As evident, the segmentation
output is markedly different depending on the diameter set. In line with what is stated in section
4.2.1) upon decreasing the diameter (from calibrated diameter to 30 px in this case), only very few
of the larger cells are segmented; and those who are segmented are highly incomplete. Moreover, a
number of lines are appearing on the larger cells. Notably, only the smallest cells are segmented,
however not to a great extent; there are still a lot of absent segmentations for the smaller cells as
well.

Figure 17: A representation of the differences in segmentation output as a function of cell diameter for cross-section model
version 3. From left to right: 30 px, 75.9 (calibrated), 120, 300. Corresponding number of ouput segmentations were 75, 96,
112, 51 ROIs respectively

As compared to the case of a 30 px diameter, setting the diameter to what is calibrated by
the network (in this case 75.9 px) yields a more accurate and comprehensive segmentation of the
small cells. Another significant discrepancy between 30 and 75.9 px is the fact that larger cells are
segmented to a significantly higher degree. Albeit, these segmentations are still not accurate; as
evident, there are a lot of incomplete segmentations, indicating the need for increasing the diameter
further. Increasing the diameter to 120 px returns the most complete segmentation performance.
Herein, the model manage to cover segmentation of a broad range of cell sizes, including both the
smallest and the largest cells in the image- without compromising the accuracy of the segmentation.
Moreover, the number of incomplete segmentations are almost negligible. Setting a larger diameter
than 120 px was shown to generate fewer and less accurate segmentations. To illustrate this, a
diameter of 300 px is presented in Figure (diameters between 120 and 300 px was investigated
as well, demonstrating the same trends but with less pronounced discrepancies. See Figure [BI] in
Appendix B for comparison). Evidently, the performance degrades upon increasing the diameter
beyond 120 px, which is also clear from the significant decrease in number of masks (112 against 51
masks for 120 and 300 px respectively). In contrast to 120 px, 300 px also yields some cell-merging
and oversegmentation - both being factors indicating a diameter set too large.

5.1.3 Threshold Optimization

In this section, threshold parameters were adjusted to examine whether it was possible to further
improve the performance of model version 3 without introducing any additional training. Herein,
the thresholds of concern are the flow and cell probability threshold respectively, being introduced

in section {211
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Flow Threshold

Results from varying the flow threshold on the same set of images using cross-section model
version 3 are presented in Table[dl Results include the average percentage of inaccurately segmented
masks, the mean accuracy and the increase/decrease in number of masks compared to the default
flow threshold. As evident, the greatest accuracy (89.4%) and the second to smallest fraction of
inaccurately segmented masks is achieved when using the default threshold. Notably, even though
a flow threshold of 0.1 yields the smallest fraction of inaccurate masks (9.16%), the mean accuracy
remains the smallest, which is in line with theory; lowering the threshold will yield fewer masks
yet the majority will be accurate. This is further highlighted by inspecting the decrease in number
of segmented masks, being a decrease of more than half the number of masks as compared to the
default. A lower threshold than the default is thus not sufficient to generate an applicable model.

Table 4: Results from varying the flow threshold for cross-section model version 3. Included are the average percentage of
inaccurate cells, the mean accuracy and lastly the change in number of accurately segmented masks compared to the
default settings. Cell probability is herein set to 0 (default).

Flow threshold | Inaccurate masks (%) | Mean accuracy (%) % (%)
0.1 9.16 37.8 -57
Default (0.4) 17.1 89.4 0
0.7 32.6 80.2 -8.9
1 47.9 68.3 -22

Increasing the flow threshold above the default setting is instead increasing the average number
of inaccurate masks, however again decreasing the mean accuracy. The predominant change in
segmentation output between default and higher threshold is essentially an increased number of
incomplete masks, mainly in the form of lines or small masks. An example of how a threshold of
1 differ from the default is delineated in Figure Herein, apart from missing some of the larger
cells, there is a large number of additional lines scattered over the image. Consequently, the default
flow threshold remains the optimized parameter for the cross-section model version 3.

Figure 18: Comparison of segmentations from cross-section model version 3 using a flow threshold of 0.4 (default, left)
and 1 (right) respectively.
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Cell Probability Threshold

Results from varying the cell probability threshold on the same set of images using cross-section
model version 3 are presented in Table

Table 5: Results from varying the cell probability threshold for cross-section model version 3. Included are the average
percentage of inaccurate cells, the mean accuracy and the change in number of accurately segmented masks in relation to
default settings. Flow threshold is set to 0.4 (default).

Cell probability threshold | Inaccurate masks (%) | Mean accuracy (%) % (%)
0 (Default) 17.1 89.4
-0.5 18.4 88.6 -0.21
-1 21.5 91.2 4.1
-1.5 21.6 84.9 -4.7
-2 35.7 69.6 -19

Evident from Table[5] the mean accuracy increases upon decreasing the cell probability threshold.
It then culminates at -1 with a mean accuracy of 91.2% and then decreases when lowering the
threshold further. In terms of the fraction of inaccurate masks, this is lowest for the default model
(with 17.1%) and increases with decreasing threshold. However, when contrasting the fraction of
inaccurate masks to the mean accuracy, it becomes clear that the optimized cell probability threshold
still is -1; the accuracy is the highest, and the number of correctly segmented masks are actually
higher than the default segmentation.

Figure 19: Comparison of segmentations from cross-section model version 3 when varying the cell probability threshold.
From left to right: threshold (upper row:) 0, -0.5, -1, (lower row:) -1.5, -2. Discrepancies between consecutive different
thresholds are highlighted by the red circles in each FOV.

Figure [19 illustrates some qualitative discrepancies between outputs of different cell probability
thresholds. Highlighted with red circles are some of the differences between the various threshold
settings. Upon lowering the threshold from default to -0.5, the segmentation improves in regards
to two aspects; (1) incomplete masks become more complete; and (2) absent segmentations are
now being segmented to some extent. Lowering the threshold further to -1 demonstrates the same
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trend. Upon lowering the threshold to -1.5, however, will not generate any markedly improvement.
A few masks become more complete, but the predominant difference is the addition of lines and
in some cases oversegmentation. In contrast, when segmenting with a threshold of -2 fewer masks
are generated, which is highly undesired. Consequently, considering the findings from above, a flow
and cell probability threshold of 0.4 and -1 respectively is suggested to be settings which achieves
an optimized segmentation without introducing any further training. However, as an additional
validation, the thresholds are simultaneously reviewed to confirm that there isn’t any conceivable
combination of thresholds that would be more promising. Figure features a qualitative evalua-
tion of the different combination of flow and cell probability thresholds. Highlighted in red is the
segmentation with default thresholds.

Figure 20: Segmentation performance of cross-section model version 3 as a function of different flow and cell probability
thresholds. Default segmentation is highlighted in red.

Supplementary information to Figure [20] is summarized in Table [ where the number of output
masks are stated for each threshold combination. Evidently, all segmentations generated with a flow
threshold above 0.4 will generate too many incorrect masks, regardless of chosen cell probability
threshold. Correspondingly, all segmentations with a flow threshold of 0.1 will not generate sufficient
numbers of masks. Ultimately, the most optimal threshold settings are thus with a flow threshold
of 0.4 and - as previously examined- a cell probability threshold of -1.
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Table 6: Number of output masks as a function of different combinations of threshold settings. Default settings are
highlighted in bold numbers.

Flow/Cell prob. | -2 | -1.5 | -1 | -0.5 0
0.1 20 | 38 | 52 | 68 90
0.4 195 | 195 | 197 | 197 | 193
0.7 235 | 224 | 221 | 215 | 204
1 431 | 332 | 271 | 240 | 225

In summary, worth highlighting is the fact that the after training and optimizing the cell diameter
and threshold settings, the cross-section model ultimately demonstrates a mean accuracy of 91.2%,
which is a great improvment from both the default CPx segmentation and the performance after
only a single training round. Consecutive training could certainly be performed, however due to
limitations in time and the fact that a high mean accuracy was achieved, the development of a
longitudinal model is from here on the top-priority.

5.2 Longitudinal Model

This section presents the results gathered from training a Cellpose and Omnipose model, intended for
segmentation of the longitudinal CMs in the cardiac tissue. The approach for training longitudinal
CMs are different from the cross-section regions in the heart in the sense that the raw microscopy
images must be processed before generating any training data. The process of stitching and flat-
field corrected (FFC) FOVs will thus firstly be presented. Subsequently, benchmarking and model
development are presented for Cellpose and Omnipose respectively. Due to limitation in time, the
main purpose of this section was to investigate which of the machine learning networks- Cellpose
or Omnipose- was deemed as the most promising approach to move forward with; the work of
performing further training and optimization of a longitudinal model will be continued at Kosuri
Lab post termination of this thesis. Consequently, the evaluations in this section will exclusively be
more qualitative as compared to the cross-section model.

5.2.1 Stitching and Flat-field Correction

To generate training data feasible for developing and training a longitudinal model, consecutive
FOVs (with a size of 2048x2048 px) were stitched together in chunks of 3x3 FOVs (corresponding
to a size of 6144x6144 px) based on the respective coordinates of the FOV in the tissue. A stitched
image is presented in Figure
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Figure 21: Single FOVs are stitched together in 3x3 chunks to a total size of 6144x6144 px.

The darker borders around the edges of each FOV, brought to attention in previous sections, is
herein even more tangible. As the end-goal for segmenting the cardiac tissue is to segment the entire
tissue in one go, not FOV by FOV, dark borders in the image is highly undesired. Furthermore,
as concluded in section the cross-section model does in general not perform well in segmenting
the darker areas of the images. Thus, to maximize the impact of the training as well as avoiding
any distortions of the longitudinal model training and performance, the stitched chunks were FF
corrected. A collection of the resulting stitched and FFC images are featured in Figure

Figure 22: FF Corrected and Stitched FOVs.

Examples of ground-truth masks generated for the longitudinal models are featured in Figure
As evident from presented training images, not all longitudinal masks are annotated. Apart from the
half cells, this is mainly due to uncertainties in how the boundaries of the cells are located; the cell
boundary staining are in some cases distorted, especially in the tight junctions between consecutive
longitudinal CMs. This is undoubtedly one of the major challenges in terms of segmentation.
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Figure 23: A selection of ground-truth masks for the longitudinal model. Stitched and FFC images in the top row, and
single FOVs in the bottom.

To allow for a fair comparison between the Cellpose and Omnipose performances, both models
were trained on the same ground truth masks. In addition to the stitched FOVs, single FOVs are
included in the training data as well. The number of training images together with the total number
of masks, both for the stitched and single FOVs, are compiled in Table [7}

Table 7: Training data for generating longitudinal models. Included are the number of images and total number of masks
for both stitched and single FOVs.

# Images | # Masks
Stitched FOV 10 939
Single FOV 6 82

5.2.2 Cellpose Model

This section is concerned with exploring the plausibility of applying the Cellpose network to the
longitudinal regions of the heart. Included is a benchmark for the default models of Cellpose,
along with the model development and training. As previously stated, there will be no quantitative
assessment of the generated model, only a qualitative evaluation.
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Benchmarking

Before evaluating the Cellpose default model performance, the cross-section model generated in
the previous section was adopted to further validate that an additional model in fact is required to
achieve accurate segmentation of the longitudinal regions. One resulting segmentation is depicted
in Figure 24] segmented with a diameter of 347 pixels, as suggested by the network. The dark area
at the bottom of the stitched image descends from an out-of-focus FOV.

Figure 24: Cross-section model version 3 segmentation applied on a longitudinal region of the heart. Diameter set to 347
px, default thresholds.

Evidently, the cross-section Cellpose model is indeed not sufficient to segment the longitudinal
CMs; the only generated masks are of the cross-section CMs and smaller cells, despite the fact that
the diameter was set to almost three times larger.This is however a favourable feature in terms
of model selectivity towards the cross-section CMs, as it suggests a minimized amount of overlap
between the models. To further explore the performance of a default model in Cellpose, the same
procedure as in section [5.1] was performed; the network ran to predict the style of an image, and
from there suggest the most suitable default model. As expected, CPx was again chosen. Moreover,
the network predictions suggested a diameter of 347 pixels. One resulting segmentation output is
presented in Figure
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Figure 25: Benchmark for Cellpose default model CPx on segmenting the longitudinal regions of the tissue. Diameter
calibrated and set to 347 px.

Evident from Figure[25] the CPx model performed well on segmenting the longitudinal regions of
the tissue. Notably, only the cross-section CMs are segmented, and not with a great accuracy. This
once again highlights the need for implementation of a new model trained with the HITL approach.

Model Training & Performance

Just as for the cross-section model, the Cellpose longitudinal model was initially trained from
scratch with all the masks specified in Table i.e., both stitched and single FOVs. Training
commands and settings are compiled in Appendix A. One of the output segmentations from this
model is presented in Figure

Figure 26: Segmentation generated from a longitudinal Cellpose model trained from scratch. The upper right corner is a
close-up of the area surrounded in blue. Diameter set to 347 px, default thresholds.

Conspicuously, the output segmentation from training a longitudinal model from scratch only
generates lines - in this case 3002 lines in one stitched FOV with the size 6144x6144 pxs (i.e., more
ROIs than what is included in the entire training data). The reason for this may be two-folded;
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(1) The Cellpose network has never been trained on any morphologies similar to the longitudinal
regions in the heart; and (2) as previously discussed, the definition of the cell diameter is highly
incompatible with the shape of the longitudinal CMs.

In an attempt of still adopting the Cellpose network to the longitudinal CMs, a new approach
was taken. Herein, CPx was trained on the same training data to explored whether a pretrained
model could perform better after introducing longitudinal training data. CPx was chosen as the
pretrained model considering it was predicted as the most promising model by the network. In this
approach, training was performed in two consecutive steps, wherein CPx firstly was trained on the
single FOVs specified in Table [7} and then in a second training based on both the single FOVs and
the stitched FOVs (specified in the same table). For comparison, Figure [27|delineates the difference
in segmentation output between CPx default model, CPx trained on single FOVs and lastly CPx
trained a second time on both single FOVs and stitched FOVs.

Figure 27: Training progress of longitudinal Cellpose model. From left to right: CPx default segmentation, 1st training on
single FOV, 2nd training on single FOV and stitched FOVs. Default threshold and diameter of 352 px as suggested by the
network.

The number of masks segmented as drastically reduced between the default CPx segmentation
and after its first training. Note however that the segmentation from the default model is highly
inaccurate, as compared as the single mask segmented after the first training round. Upon training
the model a second time, the segmentation output was altered again; the model now segmented
more cells, still fewer than CPx, but considerably more accurate. The generated model after two
training rounds was then further reviewed to discern whether changing the flow and cell probability
threshold would have a positive impact on the segmentation. Results in terms of segmentation
outputs for the same FOV is presented in Figure Evidently, there is no significant change in
segmentation when altering the flow threshold. However, decreasing the cell probability will indeed
improve the segmentation to some extent; upon decreasing this threshold, more masks are found
and previously incomplete masks become more complete (in line with the observations discerned
in section . Note, however, that the overall segmentation is not accurate and still suffers from
absent segmentations, cell-merging and oversegmentation.
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Figure 28: Changing flow threshold (upper row) between 0.4, 0.5, 0.6 and cell probability (lower row) between 0, -0.2, -0.6
threshold CPx-based longitudinal model. 340 px diameter.

Furthermore, Figure 29 showcases the difference in segmentation of a stitched image using default
and -1 cell probability threshold respectively. Notably, the segmentation demonstrates an encour-
aging result; more cells are segmented for the lower threshold (275 vs 186 ROIs) and the masks are
more complete.

Figure 29: Default cell probability threshold (left) is contrasted with a -1 threshold (right) for the longitudinal Cellpose
model.

Just as in Figure Figure [29| exposes the inaccurate segmentation performance of this model
even further, as only a fraction of the masks would be considered accurate when performing correc-
tion. In contrast to the cross-section model, discerning the most optimal threshold and diameter
settings for this longitudinal model is highly restricted; as the accuracy of the segmentation is close to
zero for all thresholds, one simply cannot distinguish the optimal threshold at this point. Moreover,
after initializing further training to the model, it is possible that the optimal threshold will not stay
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the same. Nevertheless, the cardinal inference of these result is that a longitudinal model generated
with Cellpose indeed demonstrates a promising option to proceed with, and that the performance
will be markedly improved upon lowering the cell probability threshold..

What is moreover apparent from the segmentation in Figure[29]is that the longitudinal CMs rarely
are segmented over the border between FOVs in the stitched image. Upon examining the stitched and
FFC images closer, one can discern some miss-alignments between certain FOVs, which in turn gives
rise to some distorted cells. This may be due to drifts throughout the imaging procedure, obstructing
the assignment of coordinates. If revisiting the theoretical section concerning how the vector
flow fields of Cellpose are generated, a plausible consequence of this artefact can be derived. As the
Cellpose algorithm turns to heat diffusion simulations to generate the flow fields, wherein the heat
source at the center of a cell exerts “heat” to its surrounding neighboring pixels at every iteration,
while assigning all pixels outside of the mask are assigned to zero, the boundaries of the cell mask
will be “leaky”. Consequently, in the cases where the stitched image is somewhat distorted, there
is a risk that the heat does not dissipate to the furthest corners of the cell. What may furthermore
be a concerning feature of the stitched images, is the relatively sharp line between the FOVs, being
a direct consequence of the minor differences in image brightness between consecutive FOVs. These
two aspects are thus likely to obstruct the output segmentations of Cellpose. To further optimize
the training impact, as well as to refine the segmentation quality, one should therefore resolve these
artefacts.

5.2.3 Omnipose Model

This section is concerned with exploring the plausibility of applying the Omnipose network to the
longitudinal regions of the heart as an alternative approach to Cellpose. Included is a benchmark
for the default models of Omnipose, along with the model development and training.

Benchmarking

Figure [30] presents the benchmark segmentation performed by one of the default models of Omni-
pose, named bact_phase_omni. Similar to Cellpose’s CPx model, bact_phase_omni is one of the most
general and diversely trained models from the Omnipose model zoo. Figure [30]demonstrates segmen-
tation on a stitched and FFC image. The cell diameter of 150 pixels was decided from the average
width of a longitudinal CM, provided that the 0.107 pm per pixels. Both threshold parameters are
here set to its default values (0.4 and 0 for flow and cell probability threshold respectively). Evident
from Figure the default segmentation in Omnipose is strikingly different from the corresponding
one in Cellpose. As compared to Cellpose’s CPx model, bact_phase_omni segments with less selec-
tivity and indeed outputs more oblong-looking masks. Moreover, even fibroblasts and other smaller
cells are herein segmented; in general, the segmentation from bact_phase_omni covers a larger area
of the images than CPx, albeit with less accuracy (see Figure [31| for a close-up of the segmentation
output). As previously discussed, any discrepancies between the two model outputs can be derived
from the different characteristics of their respective training data, as well as the definition of cell
diameter.
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Figure 30: Segmentation performance of Omnipose’s default model bact_phase_omni. Default thresholds, diameter set to
150 px.

Figure 31: Close-up of a default segmentation in Omnipose using the bact_phase_omni model.

Model Training & Performance

Just as for the longitudinal Cellpose model, a longitudinal Omnipose model was initially trained
from scratch on all ground truth masks from Table[7} Training commands and settings are compiled
in Appendix A. One of the output segmentations from this model, after optimizing the flow and cell
probability threshold in the same manner as for Cellpose, is presented in Figure Notably, an
omnipose model could in fact be trained from scratch, as compared to the corresponding Cellpose
model. Moreover, the segmentation performance is greatly improved upon introducing training
to the Omnipose network; the accuracy is improved whilst simultaneously maintaining the tissue-
coverage. More of the longitudinal CMs are also segmented over the smaller cells. Nevertheless, the
segmentation accuracy is still poor as it (mainly) demonstrates cell-merging and oversegmentation.
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Figure 32: Resulting segmentation from longitudinal Omnipose model trained from scratch on single and stitched FOVs.
Cell probability threshold set to -3, flow threshold at 0 (default). Diameter 150 px.

5.2.4 Cellpose VS Omnipose

A comparison between the performance of the longitudinal models generated in Cellpose and Om-
nipose is here displayed in Figure As previously discussed, the segmentations are markedly
different from each other. The main difference is the selectivity; the Omnipose model segments
substantially more masks, however less selectively than the corresponding Cellpose model. As full
coverage is one of the cardinal features requested when generating a model applicable for analyzing
MERFISH data of an entire heart, the most promising model to move forward with is deemed to be
the Omnipose model; upon training the Omnipose model, it demonstrates a more promising devel-
opment — becoming more specific yet keeping broad coverage just after introducing the same set of
training data. More training should however be introduced to both models to draw more rigorous
conclusions.

Figure 33: Segmentation comparison between model generated in Omnipose (left) and Cellpose (right) respectively.
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5.3 Overall Performance

In an attempt to give insights into how the overall segmentation of the heart tissue would play out
with the current state of the models, this section features some combined segmentations on stitched
and FFC FOVs (from both the cross-section and a longitudinal model), as well as a segmentation
of an entire heart tissue section using the cross-section model only. Even though the Omnipose
model is currently deemed as the most promising longitudinal model to move forward with, for
visualization purposes, its segmentation is not specific enough to combine with the cross-section
model. Instead, the cross-section model is combined with the longitudinal Cellpose model. A
selection of these combined segmentations are featured in Figure [34] Figure [35] display sections of
a full-scale segmentation on one entire z-plane of the heart tissue using the cross-section Cellpose
model.

Figure 34: Merged segmentation from cross-section and longitudinal models, both generated in Cellpose.

Evident from Figure the segmentation is currently not specific enough to cover the entire
tissue section, however is substantially improved from how the benchmark, default, models perform,
especially in terms of the cross-section segmentation. This is further corroborated by examining
the sections of full-scale cross-section segmentation in Figure Notably, ignoring the longitudinal
regions of the heart, the majority of the tissue is herein segmented. One can however discern lines
between the segmentations, being especially clear in the left image of the figure. This is a direct
consequence of the tissue has been segmented one FOV at the time; the cross-section model has
not been trained on segmenting the edges of each FOV, and does not perform well in the darker
non-FFC areas of the FOVs. If the segmentation were to be performed on the a FFC version of an
entire tissue, as opposed to just one FOV at the time, the model would most likely be segmenting
even more masks.

Overall, the current segmentation performance is indeed promising; even though the longitudinal
model(s) are lacking in accuracy, the majority of the heart can as of now be segmented with high
accuracy. Once the longitudinal model has been introduced to more training, the entire heart tissue
will be segmented with high coverage and accuracy. Nevertheless, as the cross-sectional regions make
up the majority of the heart, one may already be able to apply the model and start deducing some
general features from the MEFISH data- especially in the healthy heart, were there are no fibrosis
and less irregular cell morphologies. Importantly, to be able to draw any valid conclusions from the
MERFISH data of how the organization of cardiac cells are altered during disease, it is crucial to
ensure that the final segmentation model can segment the vast majority of the cells, including the
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Figure 35: Close-ups of the full-scale cross-section segmentation of the cardiac tissue. Unpublished data, Liu et.al.

fibrotic regions and hypertrophic cells. The diseased heart is further challenging since in many cases
the boundary staining is more irregular, especially in the tight junction between the longitudinal
CMs.
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6 Conclusions & Final Remarks

A cross-section model was developed in Cellpose from scratch and improved by implementing 3
consecutive training rounds. After 3 training rounds, a final mean accuracy of 89.4% was achieved
when segmenting images with default threshold settings and a diameter of 120 pixels. Upon changing
the flow and cell probability threshold to 0.4 and -1 respectively, the mean accuracy was further
improved to 91.2%, this without implementing any additional training. This result suggests that
the generated model is a promising approach for segmenting the cross-section regions in the heart,
thus paving the way towards achieving a full-scale segmentation of the tissue. Further training
could naturally be performed, however considering that the progression curve stagnated between
the second and third training, and that the model already achieves a mean accuracy of 91.2%, it is
deemed as efficient enough to be able to explore further features of the MERFISH data. Moreover,
one must decide on a limit for when the model is “accurate enough”; to achieve a 100% accuracy is
close to impossible, and there are yet a lot of analysis that can be performed with a 91.2% accuracy.

For the longitudinal region, models were generated using both Cellpose and Omnipose algorithms
to identify the most promising approach to move forward with. The cellpose model was developed
from the pretrained CPx model, whereas the Omnipose was successfully developed from scratch.
As the longitudinal CMs extend over several field of views (FOVs), consecutive FOVs were stitched
together before generating ground truth masks for training the models. These stitched FOVs were
thereafter flat-field corrected (FFC) to remove the darker edges around each FOV. Due to the
differences in training data, network construction and definition of cell diameter, the two algorithms
generated remarkedly different segmentation outputs. Cellpose generated fewer, yet more accurate
masks. Omnipose instead offered more coverage yet with less specificity and accuracy upon being
introduced to the same training data. Possible artefacts obstructing the segmentation performance
might be derived from some miss-alignments and darker lines between the FOVs, which is why it is
encouraged to remove these before performing any future training of the model(s). As one of the main
requested attributes of the segmentation is to generate full coverage of the tissue, since ultimately
transcripts of the entire heart are to be analyzed, Omnipose was deemed as the most promising
algorithm to move forward with. Notably, the specificity of the model was greatly improved upon
introducing the same training data. More training should however be performed to both models
before excluding Cellpose completely.

6.1 Future Prospects

Certainly, there is a lot of work to be done to further improve the segmentation and make it more
rigorous; the work conducted herein will be carried on by the Kosuri Lab post termination of the
thesis. As previously stated, the primary focus for the future is to establish a more accurate and
specific segmentation model for the longitudinal CMs. Whether this will be in terms of performing
more training to the initialized Omnipose model (or possibly the Cellpose model), make alterations
to the algorithm code, or even adapt a completely new algorithm/approach, is subject to future
evaluation. In addition to improving the longitudinal model further, the stitching and FFC should
be perfected to remove the artefacts brought to attention in section [5.2.2] Moreover, a challenge
remains in segmenting cells in fibrotic regions of the diseased heart, where the boundary staining is
particularly distorted (see Figure |36 for an example).
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Figure 36: Microscopy image of a diseased heart, with the white area being cardiac fibrosis.

Finally, the ultimate goal would be to achieve an accurate 3D segmentation, i.e., identifying
cells throughout several z-planes of the tissue. Challenges herein lies withing accurately assigning
masks from different z-planes to the same cell, being particularly challenging for the irregular shaped
cardiac cells - especially the CMs.
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Appendix A

Model training parameters
Cross-section Cellpose Model

Version 1:

e Pretrained Model: None
e Learning Rate: 0.1

e Weight Decay: 0.0001

e Number of Epochs: 100
e Channels: 0

Version 2:

e Pretrained Model: Version 1

e Learning Rate: 0.1

Weight Decay: 0.0001
e Number of Epochs: 100
Channels: 0

Version 3:

e Pretrained Model: Version 2
e Learning Rate: 0.1

e Weight Decay: 0.0001

e Number of Epochs: 100

e Channels: 0
Longitudinal Cellpose Model

Test 1:
e Pretrained Model: None

e Learning Rate: 0.1

Weight Decay: 0.0001
e Number of Epochs: 100
e Channels: 0
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Version 1:

e Pretrained Model: CPx
e Learning Rate: 0.1

e Weight Decay: 0.0001

e Number of Epochs: 100

e Channels: 0

Version 2:
e Pretrained Model: Version 1

e Learning Rate: 0.1

Weight Decay: 0.0001
e Number of Epochs: 100

Channels: 0
Longitudinal Omnipose Model

Version 1:
e Pretrained Model: None

e Learning Rate: 0.1

Weight Decay: 0.0001
e Number of Epochs: 500
e Channels: 0

e Diameter: 150

Version 2:
e Pretrained Model: Version 1

e Learning Rate: 0.1

Weight Decay: 0.0001
e Number of Epochs: 500
Channels: 0

Diameter: 150
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Appendix B

Figure B1: Segmentations generated from cross-section model version 3, varying diameter between 120 and 300 px (from
left to right: 120, 150, 200, 250, 300 px). The number of masks for each diameter was (from left to right) 201, 160, 107, 70
& 36.
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