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Abstract

Cell morphology and its changes under different circumstances is one of the
primary ways by which we can understand biology. Computational tools for
characterization and analysis, therefore, play a critical role in advancing studies
involving cell morphology.

In this thesis, I explored the use of representation learning and self-supervised
methods to analyze nuclear texture in fluorescence imaging across different
contexts and scales. To analyze the cell cycle using 2D temporal imaging data,
as well as DNA damage in 3D imaging data, I employed a simple model based
on the VAE-GAN architecture. Through the VAE-GAN model, I constructed
manifolds in which the latent representations of the data can be grouped and
clustered based on textural similarities without the need for exhaustive training
annotations. I used these representations, as well as manually engineered features,
to perform various analyses both at the single cell and tissue levels.

The application on the cell cycle data revealed that common tasks such as
cell cycle staging and cell cycle time estimation can be done even with minimal
fluorescence information and user annotation. On the other hand, the texture
classes derived to characterize DNA damage in 3D histology images unveiled
differences between control and treated tissue regions. Lastly, by aggregating
cell-level information to characterize local cell neighborhoods, interactions be-
tween DNA-damaged cells and immune cells can be quantified and some tissue

microstructures can be identified. .
The results presented in this thesis demonstrated the utility of the representa-

tions learned through my approach in supporting biological inquiries involving
temporal and 3D spatial data. The quantitative measurements computed using
the presented methods have the potential to aid not only similar experiments on
the cell cycle and DNA damage but also in exploratory studies in 3D histology.



Learning cell representations in temporal
and 3D contexts

DO
NV
IL

NS

MI | MINA
S TIO

LV | MEA
e

Kristofer delas Penas
Wolfson College
University of Oxford

Doctor of Philosophy

January 2023



To my family and Daniel

for picking me up when I was at my lowest.

And to Rigoberto Tiglao
for calling me an idiot.

I hope this proves you wrong.



Acknowledgements

I want to share the joy of completing this DPhil to the people who supported
me in this journey.

Big thanks to my supervisors for the guidance throughout this project. Same goes
with my collaborators who had generously shared not only datasets but also insights
that ultimately led to completion of this DPhil. Thanks as well to all the PhD
students and postdocs in the lab who have offered helpful critiques and suggestions.

I also thank my friends and family in the Philippines for entertaining my video
calls even in the oddest of hours because of the time difference. Your stories and
you listening to mine had been the cornerstone of my sanity during the pandemic.

Thank you to the members of the Oxford Philippines Society who had become
my family away from home.

Thanks to all the friends I made along the way during my stay in Oxford.

Lastly, I thank Daniel for the love and support.



Abstract

Cell morphology and its changes under different circumstances is one of the
primary ways by which we can understand biology. Computational tools for
characterization and analysis, therefore, play a critical role in advancing studies
involving cell morphology.

In this thesis, I explored the use of representation learning and self-supervised
methods to analyze nuclear texture in fluorescence imaging across different contexts
and scales. To analyze the cell cycle using 2D temporal imaging data, as well
as DNA damage in 3D imaging data, I employed a simple model based on the
VAE-GAN architecture. Through the VAE-GAN model, I constructed manifolds in
which the latent representations of the data can be grouped and clustered based
on textural similarities without the need for exhaustive training annotations. I
used these representations, as well as manually engineered features, to perform
various analyses both at the single cell and tissue levels.

The application on the cell cycle data revealed that common tasks such as
cell cycle staging and cell cycle time estimation can be done even with minimal
fluorescence information and user annotation. On the other hand, the texture
classes derived to characterize DNA damage in 3D histology images unveiled
differences between control and treated tissue regions. Lastly, by aggregating cell-
level information to characterize local cell neighborhoods, interactions between DNA-
damaged cells and immune cells can be quantified and some tissue microstructures
can be identified.

The results presented in this thesis demonstrated the utility of the representations
learned through my approach in supporting biological inquiries involving temporal

and 3D spatial data. The quantitative measurements computed using the presented



methods have the potential to aid not only similar experiments on the cell cycle

and DNA damage but also in exploratory studies in 3D histology.
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Introduction

Contents

1.1 Questions, aims, and outline . . . . .. .. ... ..... 21

Recognizing patterns is how we navigate the world. The primary function of
all animal brains, including the human brain, is to perceive, encode, and integrate
information from sensory stimuli to consequently elicit a response [1]. Through
this process, a human who first experiences encountering an object, say a dog or
their parent’s face, encodes the visual stimuli. Later on, when faced with another
object, not necessarily the exact same objects (perhaps a different dog, a photo
of the parent, or a histology sample), the human brain can pull up the encoded

information, make comparisons, and draw conclusions (recognition).

Central to recognizing patterns is the encoding of stimuli into meaningful

17
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representations. While our understanding of such representations in the brain—how
they are formed and stored—is still lacking, several theories exist attempting
to explain the recognition process [1, 2]. Through machine learning algorithms,
we attempt to create a parallel to human representation learning and pattern
recognition. Several methods exist that are loosely based on theories on human
perception and cognition. One such method is the Gabor filter. Gabor filters, named
after Dennis Gabor, are linear filters used in texture analysis. Their applications
are widely used in modelling the behavior of primary visual cortex (V1) simple
cells as the filters exhibit similar responses to stimuli [3, 4]. Most commonly, a
multi-scale pyramid approach using Gabor filters is used to mimic the invariance to
orientation and scale of V1 simple cells [5]. Gabor filters were used for different
purposes in past works. In [6] and [7], representations using Gabor filters were used
to recognize face and characters from images. Detection of cars in roads is another
application of Gabor filters [8]. In the biomedical domain, they were applied to
segment intervertebral discs in MR images [9] and detect blood vessels in retinal
fundus images [10]. However, with lack of other solid cognitive science theories
to build upon, learning representations and recognizing patterns through machine

learning over the years favored solid foundations in mathematics and statistics.

Prior to the widespread application of deep learning, features were manually
engineered and extracted from data. Engineering such features is key to meaningful
representations of data points and machine learning algorithms are ultimately
limited by the quality of these features. In image analysis, features such as shape
are quantified through the extraction of edges and boundaries, and some geometrical
and /or statistical measurements. For texture, signal decomposition techniques and
comparisons relative to a finite texture filter bank are common ways for manual
characterization. While manually engineered features have proven to be pivotal in
studies in different domains, higher performance scores in tasks were demonstrated

using deep learning approaches that take in raw input data and do not require
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the process of manual feature engineering.

Representation learning is an important part of machine learning. Its crucial
role has become more prominent with the wide usage of deep learning architectures.
Moreover, in conjunction with self-supervised approaches, learning representations
from data has been shown to unravel similarities and dissimilarities in data points
with very little to no injection of prior knowledge. This plays well with scientific
experiments that are data-driven as biases can be minimized and the representations
learned will not be limited by set assumptions from prior knowledge and can
be tools for novel discoveries.

Constructing representation and finding distinctive patterns are also indis-
pensable to many biomedical studies. The analysis of cell morphology and its
dynamics is an important task in biology and is currently an active area of research
developing techniques for different imaging modalities and problem domains [11].
The characterization of morphology can give clues on cell functions and responses
[12-14]. In cancer, for example, alterations in the morphology of the nucleus were
established as characteristic of some tumor types [15-17]. Researchers in this area
look at the morphological changes in the cells induced by drugs, searching for ones
that may revert the alterations in morphology due to cancer. On the other hand,
analysis of the morphological variations during the cell cycle lead to our renewed
understanding of cell death [18]. In pathology, diagnosis of certain diseases such as
cancer and fibrosis is driven by morphological analysis of regions and landmarks
such as nuclei and vascular and scar tissues.

In the automation of the analysis of cell morphology, measurements on nuclear
shape, patterns in the cytoplasm, localization of the organelles, and cell wall
structure are extracted [11]. Traditionally, this is done using image processing
pipelines for microscopy in order to support and to provide evidence for cell research
such as in discriminating between phenotypes. More recently, as I have previously

alluded to, the application of deep learning methods to this task proved to be
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successful [19, 20] and freed us from manual engineering of features. In a previous
work [21], T developed approaches to quantify the axial depth and trajectory trend
of vesicles as part of computational tools for the analysis of protein movement in
cells. These approaches involved a convolutional network to denoise the microscopy
data and another network to predict the axial motion of vesicles. Further to the
wider usage of deep learning, many attempts have been done to extend the process,
requiring little to no a priori knowledge, to look at data distributions, patterns,
and clusters in a learned latent space [22].

As cells constantly change and adapt to the environment, the analysis of cell
morphology must also consider the changes and transitions in morphology. More
than the spatial distribution by which cell morphology can be represented, the
temporal information on morphological transitions may describe some dynamic
cellular processes, such as growth and differentiation. Building a model to look
into these dynamic cellular processes can push forward our understanding of the
mechanisms behind these processes.

In recent years, we have also seen the emergence of 3D imaging techniques for
microscopy and histology. While the usual analyses on 2D images of cells and tissues
have given evidence to many biological hypotheses, 2D imaging cannot capture
the entirety of the cell, resulting in loss of information that might be useful for
cell characterizations such as volume, orientation, and 3D spatial distribution of
subcellular structures. Extending models and analyses from 2D and 3D, however,
is not trivial as the additional dimension requires additional computational power,
space requirements, and data registration.

In these various contexts I place the development of the analyses pipelines in this
thesis. I will explore in this thesis several applications of learning representations
of single cells and tissues. By building tools for these applications, I address
gaps that I have identified. In a well-studied phenomenon like the cell cycle, 1

addressed a methodological gap posed by the need to analyze data with less user
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intervention and to provide meaningful results and visualizations. On the other
hand, another methodological gap is addressed in providing analysis for a recent
development in histology and in laying out foundations and tools for subsequent
studies involving 3D histology in experimental medicine settings. The novelty
of the work described in this thesis lies on the development of image analysis
and self-supervised machine learning pipelines to address these gaps. I argue and
substantiate the utility of the pipelines by comparing them with existing works

and additional annotations where they exist.

1.1 Questions, aims, and outline

In this section, I introduce the specific research questions that surround learning and
utilizing cell representations in spatio-temporal and 3D contexts. Simultaneously,
I outline the chapters of this thesis and discuss how they address the specific

research questions.

Chapter 2. Much of the cell and tissue analyses in the past decade use machine
learning algorithms to extract information from data that are necessary to give
evidence to biological hypotheses. To build the pipelines to address the aims of
Chapters 3-5, I adapted existing methods previously proven successful in a similar
domain (or even in a completely different one). In this chapter, I provide background
to the algorithms that would make up crucial parts of our pipelines. In discussing
these algorithms, I cite specific examples of their successful demonstration that

ultimately influenced the decision to utilize the algorithms.

Chapter 3. The cell cycle is a well-studied biological phenomenon and holds an
important place in studies such as in cancer and aging. In this chapter, I interrogate
the possibility of extracting information for cell cycle analysis with fewer input and

information compared to previous works in this area. I argue that by limiting the



1. Introduction 22

requirements for analysis, the setup of experiments can be made simpler and more
open for additional markers. More importantly, with the absence of typical labels
used to train models for cell cycle analysis, the models are freed up from possible
biases that may arise from using prior knowledge of the phenomenon. Specifically, I
attempt to answer the following question: How can we build a model with fewer input
and annotations and integrate temporal information with spatial features to visualize
and to analyze the cell cycle? 1 detail how the self-supervised model performs at
common cell cycle analysis tasks, such as cell cycle staging of individual cells and
cell cycle time estimation. The methods and results presented in this chapter were

submitted to Biological Imaging journal and are currently under review.

Chapter 4. Three-dimensional imaging enables us to interrogate structure and
spatial relationships that cannot be done using conventional 2D imaging. In this
chapter, I extend the use of the built pipeline from Chapter 2 to accommodate 3D
data. Within the context of building a pipeline for the analysis of 3D histology
data, I investigate building profiles for DNA damage in cells, aiming to establish
a methodology to verify and quantify response to treatments in tumor tissues.
Moreover, I utilize a similar architecture to stage cells similar to the cell cycle
analysis done in Chapter 3 to further subdivide the cell population and provide
additional points of comparison between control and treated tissues. Specifically, I
aim to answer the following question: How can we extend the representation learning
pipeline for phenotyping cells in 3D histology? 1 present multiple ways utilizing
the different derived textured classes to phenotype the cells in 3D 4T1 histology
data to distinguish treated from control tissue regions. The heatmaps representing
DNA damage profiles in tissues were presented at and published as part of the
proceedings of the 1st International Workshop on Medical Optical Imaging and
Virtual Microscopy Image Analysis (MOVI) at the 25th International Conference

on Medical Image Computing and Computer Assisted Intervention (MICCALI).
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Additionally, I showed a joint analysis of texture classes from two fluorescent channels

to derive more complex cell phenotypes linking DNA damage with the cell cycle.

Chapter 5. Single cell analysis, although useful, cannot capture certain biological
processes and structures that involve multiple cells and cell types, such as in the
case of response to treatments and DNA damage. Several tissue-level analysis
pipelines exist but training and building a model for tissue-level analysis when
single-cell analysis models already exist is not only wasteful of resources but also of
processed information. In this chapter, I explore an extension of the work described
in Chapter 4 on a different biological scale—from single cells to tissues. Specifically,
I aim to answer the following question: How can we aggregate and utilize cell-level
information to characterize and to differentiate higher-level structures in tissues? 1
detail how the developed method quantified the interaction of CD8+ and yH2AX+
cells and identify holes (tears and vasculatures) in 3D histology. The CD8+ and
vH2AX+ proximity analysis described in this chapter was also published in the
workshop paper presented at MOVI-MICCAL

Chapter 6. In this final chapter, I summarize the main results from this thesis,
highlight the contribution of the works from the individual chapters towards
supporting biological inquiries as analytical tools, and consider potential applications

and avenues for extension in future research.
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In this chapter, we look at an overview of the algorithms that served as building
blocks for the methods in the succeeding chapters. I present convolutional networks,
generative modelling, and representation learning to give background to the analysis
pipelines used in this thesis. We also discuss segmentation, dimensionality reduction,
and clustering algorithms. This is followed by an overview of shape and texture
analysis. In the discussion, I cite some specific examples from literature that
successfully demonstrate the advantages of these methods both in general computer
vision and biomedical domains. Ultimately, I ground the discussion in relation to

the problems to be presented in the succeeding chapters.
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2.1 Convolutional Neural Networks

Convolutional neural networks (CNNs) are a class of artificial neural networks
primarily applied on image and video data. CNNs are one of the most important
advancements in machine learning with pioneers being awarded with the Turing

Award in 2018.

Convolutional neural networks have been applied in various tasks such as activity
recognition [23], natural language processing and text recognition [24, 25], and
object detection and localization [26, 27]. CNNs consist of neurons that have
learnable weights and biases. They contain an input layer, an output layer and
multiple hidden layers, where a hidden layer consists of a convolutional, pooling,
and normalization layers, and fully connected layers. A convolutional layer performs
a convolution operation, patterned after feedback from visual stimuli. Pooling

reduces dimensionality of feature maps across the network.

Over the years, many architectures of convolutional neural networks were
developed since AlexNet [28] in 2012. Influx of newer architectures with various
tweaks and novel modifications continues, with new architectures outperforming
older ones in classification or segmentation using standard image dataset benchmarks

like ImageNet [29] and Berkeley Segmentation Dataset (BSD) [30].

In biomedical image analysis, convolutional neural networks are central to
recent findings and advancements in different areas over the last decade. Image
registration is important in many biomedical studies. In MR images, correction of
motion artefacts prior to quantitation and other downstream tasks can improve the
performance of analysis pipelines. In [31], 3D abdominal MR images are registered
using a CNN to obtain motion-free images throughout the duration of a respiratory
cycle. For pathology, CNN is applied to identify and classify melanoma [32, 33], to
diagnose and grade prostate cancer [34], and to detect fibrosis [35, 36]. Applications

of CNN in microscopy include super-resolution techniques [37, 38|, denoising [39-41],
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and particle depth and trajectory estimation [42, 43].

Convolutional neural networks will play a central role in the pipelines to be
presented in Chapters 3 and 4. As textural information from microscopy images are
needed for my analyses, convolutional neural networks are advantageous as they
have been demonstrated to capture texture in meaningful ways. For this reason,

I utilized CNNs in this thesis whenever applicable.

2.2 Representation Learning

The success of convolutional neural networks and machine learning models, in
general, is heavily influenced by the quality of data representations. Prior to
CNNSs, representations or features were manually crafted using prior knowledge and
mathematical principles. Engineering these features, however, is labor-intensive
and highly dependent on prior knowledge. It is desirable to abstract the process
of feature engineering and to disentangle learning these features from models for
downstream tasks to facilitate faster and more robust development of models
and applications [44].

A core principle in representation learning is that high-dimensional data, es-
pecially in the real-world, tend to lie within the vicinity of a manifold with much
lower dimensions. This manifold hypothesis serves as a primary motivation for
machine learning and to some extent explains how machine learning techniques
perform well on tasks involving high dimensional data. Much of the recent efforts
in the area of representation learning employ techniques such as convolutional
neural networks to construct a low-dimensional manifold from data with high
dimensions such as images [44].

In the case of biological data, particularly in close relation to experimental
medicine, representation learning can be beneficial. As I will discuss in Chapters 3,

4, and 5, reducing large amounts of information from pixels and voxels in images into
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low dimensional representation vectors is paramount to a multitude of downstream
tasks. In Chapter 3, I will detail loss functions that I have employed to influence
these data representations such that dissimilarities and similarities between relevant
data points are preserved. Using the learned representations from cell and histology

imaging data, I will present analyses and visualizations in the following chapters.

2.3 Generative Modelling

We often see two categorizations of machine learning algorithms, dependent on the
assumptions adopted during the construction of each algorithm, and their perceived
goal. These categorizations are the discriminative models and the generative
models. Statistically, discriminative models directly learn the conditional posterior
distribution p(y|z) of the labels (or targets) y for input z. This formulation is a
direct way of solving classification and regression tasks where we ask for labels or
values for some unseen input z. For most tasks, discriminative models are sufficient
as they lend easily to intuition and logical reasoning—based on our observation z
(and our past experiences), we decide y without the need to know or to approximate
the underlying relations between the variables. However, this limits the extent by
which we can model under the discriminative approach. To effectively model the
conditional posterior, each data point used in training needs a corresponding label.
This makes the approach highly supervised and unsuitable for problems where labels
are scarce or unavailable. Generative models approach these tasks in a different
manner. Instead of learning the posterior, generative models learn a probability
distribution of the input variables p(z), and for labelled data the joint probability
with label (target) variable p(y,x). To solve the same classification or regression
problem, Bayes’ rule can be applied to the generative model to infer the posterior.

While the generative capability of generative models can be attractive, even

trendy recently, I limited the scope of this work to using these generative models
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Figure 2.1: An autoencoder. An input image is encoded in a compressed representation
which is then used to approximate the input. Source: Adapted from [45].

to learn representations from cell and histology images. Much of the data to be
presented in this work involve little to no annotations; generative models and

self-supervised learning helped in this aspect.

2.3.1 Variational autoencoders

The variational autoencoder is one of the most extensively used architectures for
generative modelling. Variational autoencoders share the same structure with
other architectures in the autoencoder family. Autoencoders are a type of artificial
neural network comprised of two components: an encoder and a decoder. Given an
input X, the encoder maps it to a hidden (latent) representation h. The decoder
then maps h to an approximation of a target output. The two components are
trained together to realize a good mapping between input and output pairs by
minimizing a loss metric such as cross-entropy or mean squared error. By forcing
the dimensionality of h to be smaller than that of X, the model is also forced
to compress information and to filter out noise from the signal. In Figure 2.1, a
diagram of an autoencoder is shown. In this example, we can see how images can
be compressed while maintaining a level of integrity in the stored information. The
autoencoder architecture has been extensively used for segmentation tasks such as

applications using the U-Net model to be discussed in Section 2.4.1.3.
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Despite having the same structure as other autoencoder architectures, the
mathematical foundation of variational autoencoders separates it from the rest.
When autoencoders are trained, the encoder and decoder are trained jointly to
generate good reconstructions from the learned latent representation of the data
points. These mapped latent representations are free to move around the R" space,
where 7 is the dimensionality of the latent space, as the model is not regularized to
structure the latent space. Given a powerful enough decoder and high degree of
freedom from the network parameters, the model can easily overfit and maximize
reconstruction fidelity, but with points in the latent space without semantic content.
This then affects the generative ability of the model and the disentanglement
of the learned representation as data points are not mapped to the latent space
semantically. To prevent this and to allow for a more structured latent space, VAEs

use an explicit regularization to constrain the latent code produced by the network.

Consider a data point #(® from a dataset X = {z(}Y  where N is the number
of data points. Using a VAE, (9 is mapped not to a single point in the latent space
but to a continuous random variable z. The assumption is that () is generated
through a random process involving z: (1) a value 2 is drawn from a prior
distribution p(z), and then (2) 2 is generated from a conditional distribution
p(z|z). Inference on z can then done by approximating the posterior ¢(z|z). We
assume that p(x|z) and g(z|z) are parametric distributions and can be approximated
by neural networks. In this perspective, ¢(z|z) can be thought of as an encoder

and p(z|z) the decoder for the latent code z.

The loss function of the VAE, which involves reconstruction and Kullback-Leibler

divergence (KLD), is given by the following equation:

£ = B, log p(a]2)] — Diccla(=]2) |p(=)], (2.1)

where E, () [log p(z|2)] is the reconstruction loss, Dy [q(z|z)|[p(2) is the KLD of the
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posterior ¢(z|z) from the prior p(z). While VAEs can be used with any continuous
and differentiable distribution, most applications of VAE assume multivariate
Gaussian with diagonal covariance for simplicity (closed form for KLD). This
assumption proves to hold in several previous works. There are of course other
works that demonstrate the use of different distributions but they require additional
tricks for sampling and computation of the KLD [46, 47]. In the succeeding chapters,
the same assumption on Gaussian priors and posteriors is held in favor of simplicity
and to be able to focus on addressing some pitfalls in training VAEs.

Using VAEs in generative modelling is not without disadvantage. Due to
favoring simple posteriors, optimizing the learning objective sacrifices the generative
quality. In contrast with other generative techniques, VAEs tend to output over-
smoothed reconstructions. This is addressed in variants and improvements over
the vanilla VAE where stricter bounds [48] or looser bounds [49] for the learning
objective are derived; a weighted KLD term using hyper-parameter is used [50], a
hierarchical latent space is assumed [51-53], representations are discretized [54, 55],
and additional networks and loss terms are used [56]. In the experiments in Chapter
3, I explored the last technique to improve the quality of the reconstructions;
however, I deemed the manifold structure more important than the generative
quality of the model so I focused more on the interpretation and manipulation of
the latent space rather than reconstruction fidelity.

VAESs have also been successfully applied in other previous biomedical research.
In [20], conditional VAEs were used to encode variations in cell and nuclear shape
and the localization of some subcellular structures. This work uses two VAEs:
one to encode cell and nuclear shape, and the other to learn the relationship
between subcellular structures and the cell-nuclear-shape encoding. This design
allows the model to predict the probable localization of unobserved structures
in fluorescence microscopy images of cells based on the detected cell and nuclear

shapes and other fluorescence. Hira et al [57] used a modified VAE to reduce the
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dimensionality of multi-omics data and performed analyses on the latent code to
classify transcriptional subtypes of ovarian cancer with high accuracy.

In light of the mentioned successful demonstrations of the VAE as a tool for
representation learning, I chose the VAE as the foundation of the models for manifold
construction in this thesis. I started with the standard VAE and build on top of it
as [ impose further constraints during training. In most experiments, I encountered
similar pitfalls as previous works when using the VAE. I drew inspiration from these

works and applied some regularizations which will be described in Chapter 3.

2.3.2 Generative adversarial networks

Generative adversarial networks (GANs) [58] are another approach to generative
modelling. Like a VAE, a GAN is also composed of two networks but instead of an
encoder-decoder setup, we have a generator-discriminator setup that is trained in an
adversarial manner. The generator network G tries to capture the data distribution
and samples this estimation to produce artificial data. On the other hand, the
discriminator D estimates how likely is the sample coming from the training data
and not from the distribution in G. G is then trained to maximize the probability

of D making a mistake. This lends to a minimax game between G and D:
m(%n max V(D,G) = Eppdata@)[log D(@)] + E.pan)[log(l — D(G(2)))].  (2.2)

, where Egpdata(z) [log D(2)] is the reconstruction loss and E..p.(.)[log(1 — D(G(2)))
is the discriminative loss.

This adversarial approach in training generative models changed the landscape
of machine learning and pioneered an influx of clever mechanisms to improve
the generative and reconstruction quality of the models. This is one key aspect
where GAN outperforms VAE. Where VAE would produce blurry images, GANs

would generate crisp and highly-detailed ones. However, as there is no explicit
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structuring and encoding in the way standard GANs are trained, exploring the
latent space for analysis can be challenging.
In Chapter 3, I will explore the joint training of a VAE and a GAN to learn

representations from cell cycle data.

2.4 Segmentation

Image segmentation is a key problem in computer vision and essential to other
downstream tasks. In the pipelines I will present in the succeeding sections of
Chapter 4, segmentation is a primary step prior to extraction of the relevant
measurements and representations. Segmentation assigns individual pixels (or in
some cases, groups of pixels) into disjoint and discrete classes. In medical imaging,
the need and use for segmentation ranges from delineating cell nuclei in microscopy
to looking at brain structure and stimuli in magnetic resonance imaging (MRI). In

Chapter 4, individual cell nuclei are segmented from the 3D 4T1 histology data.

2.4.1 Semantic Segmentation

Semantic segmentation describes the process of assigning each pixel of an image to a
class label, such as dog, sky, or car. In the case of cell microscopy, pixels are assigned
to either cell (or a specific cell type) or background. Through semantic segmentation,
applications requiring scene understanding can be built, like self-driving vehicles
and virtual reality. In biomedical imaging, semantic segmentation enables us to

focus our analysis on target areas in biomedical images.

2.4.1.1 Thresholding

One of the simplest ways to segment an image is through thresholding. In a binary
case, we assign a pixel to the foreground if the intensity exceeds a set threshold,

otherwise the pixel would belong to the background. Formally, given an image [
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and a threshold value v, the binary segmentation is computed by

where 7 and j are row and column indices of a pixel location in the image. For multiple
segmentation classes, instead of using a single threshold value, multiple intensity
ranges can be defined and a pixel is assigned to the corresponding segmentation
class if the intensity falls within the range.

Segmentation by thresholding depends heavily on the cutoff intensity values that
define the segmentation classes. Several methods exist to automatically compute
the values to use. The basic idea is to find the value that minimizes the variances
in the segmentation classes. One such method is Otsu’s [59]. Algorithm 1 describes

Otsu’s method for image thresholding.

Algorithm 1 Otsu’s method

Let I be an MxN image with H intensity levels.
Step 1: Compute histogram for a 2D image.
Step 2: Calculate foreground and background variances (measure of spread) for a
single threshold t.
i) Calculate weight of background pixels and foreground pixels:

w

T MxN
ii) Calculate mean of background pixels and foreground pixels:
Y hxw

iii) Calculate variance of background pixels and foreground pixels:
o2 = > (h = p)w

Step 3: Calculate within class variance:
. . . o 2 2
within class variance = WiackgroundTpackground + Wroregroundforeground
Step 4: Choose threshold ¢ that maximizes within class variance.

While simple, Otsu’s method has been used in many applications. In [60],
background area from an X-ray dental image was removed using Otsu. It was

also applied on T1-weighted (T1-WI) brain MR images registered with their



2. Methods 35

corresponding fluid attenuated inversion recovery (FLAIR) sequence to automate
the segmentation and detection of gliobastoma. Since the registered images would
contain tumor regions with high intensity values, a pipeline that includes a simple
method like Otsu were able to segment tumors with high Dice score [61]. However in
recent years, we have seen wider acceptance and usage of more complex algorithms
that can achieve even higher segmentation accuracy. Still, in very simple and
controlled datasets, thresholding offers good and fast segmentation of image data.
In our case, I found that thresholding is sufficient to segment some channels in our

microscopy data to identify specific cells. This will be presented in Chapter 4.

2.4.1.2 Deep Learning-based Semantic Segmentation

In recent years, as a natural progression of the popularity of applications of CNNs,
several CNN-based architectures were developed for semantic segmentation. A
step further from the classification problems addressed by CNN architectures
like AlexNet[28], VGG[62], Inception[63] and ResNet[64], architectures coupling
classification with localization, detection, and segmentation were built. Most
of these segmentation architectures, like U-Net [65] described in Section 2.4.1.3,
were designed as encoder-decoder models. The encoder is a classification network,
oftentimes utilizing the aforementioned popular CNN architectures. This network
learns discriminative features for segmentation in a lower-dimensional space. To
achieve a full-resolution segmentation, the output of the encoder is passed to the

decoder that would project it back to the original resolution space.

2.4.1.3 U-Net

U-Net [65] is a fully convolutional neural network architecture that aims to seman-
tically label individual pixels in the image. The network consists of two paths: a
contracting path (encoder) and an expansive path (decoder). Figure 2.2 illustrates

the U-Net architecture. The contracting path is the typical CNN with a series



2. Methods 36

64 64
128 64 64 2
input
imapge AR olele output
: segmentation
tile S A g =
™) oAl A & map
ol of all d o o
e R S A Al S
> > >
NS K
n n wn
'128 128
256 128
*]
' 256 256 512 256 t
o[ > EEU*D*] =» conv 3x3, ReLU
=3 0 [{e] - | (=]
—d o5 o - g S copy and cro
¥ Py p
512 512 1024 512
el — i -l ¥ max pool 2x2
€ S 100 g3 5 4 up-conv 2x2
L -
.%': b: % = conv 1x1
oM o

Figure 2.2: U-Net architecture (example for 32 x 32 pixels in the lowest resolution).
Each blue box corresponds to a multichannel feature map. The number of channels is
denoted on top of the box. The x-y-size is provided at the lower left edge of the box.
White boxes represent copied feature maps. The arrows denote the different operations.
Image and caption adapted from [65].

of convolutional layers with rectified linear unit (ReLU) activations and pooling
layers to downsample. The expansive path is an upsampling route, taking the
output of the contracting path. This path performs a series of up-convolutions,
a combination of upsampling and a 2x2 convolution.

The key feature in U-Net is the shortcut connections between the two paths
for each resolution scale as shown in Figure 2. At each scale, concatenating the
output from the contracting path with the upsampled output from the previous
scale in the expansive path ensures that the finer details lost through downsampling
can be recovered and be used to fine-tune the segmentation.

U-Net was first applied on microscopy images but since then has been applied
to different imaging modalities like MRIs and computed tomography (CT) scans

[66, 67]. U-Net serves as backbone for newer segmentation networks, such as
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Cellpose [68] and Stardist [69].

2.4.2 Instance Segmentation

Instance segmentation builds on top of semantic segmentation. Not only are class
labels assigned to each pixel, instances of the same class are also discriminated.
This addresses problems beyond simple scene understanding, where quantification
and isolation of objects are needed. In the case of cell microscopy images, we want
instance segmentation to be able to count individual cells, and to classify and to
characterize the morphology of each. One key issue that algorithms for instance
segmentation are still trying to improve on is the resolution of overlapping instances.
The following subsections will discuss two CNN-based instance segmentation
algorithms that differ in how they resolve these overlapping cell instances. In
Chapters 4 and 5, the identification of individual nuclei will enable the enumeration

and proximity analysis of different cell types.

2.4.2.1 Stardist

Several prior attempts on instance segmentation [70, 71] proposed instance seg-
mentation as a refinement of semantic segmentation. In such methods, once an
image is semantically segmented, pixels are then grouped together to potentially
identify different instances. This grouping can be done by connected components
analysis or applying domain-specific constraints (expected shape/size), among
others. Stardist [69] follows an alternative approach, similar to Mask R-CNN [72],
wherein instead of doing segmentation as the initial step, objects are identified
first with a rough delineation of their boundaries. This is then followed by a
refinement of the object shape.

The output of object detection networks are predominantly axis-aligned bounding

boxes; and hence instance segmentation networks such as Mask R-CNN that depend
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on these detection boxes use non-maximum suppression (NMS) to prevent multiple
detection of the same object. In NMS, low confidence detections are suppressed
by overlapping detections with higher confidence. The problem in NMS arises due
to the fact that the boxes are axis-aligned. Figure 2.3a illustrates this problem.
Because boxes are not good representatives of cell shapes, NMS may suppress
boxes containing actual cell instances. Stardist addresses this by representing
cell instances as star-convex polygons.

Using a U-Net backbone, Stardist estimates from cell images object probabilities,
together with radial distances as shown in Figure 2.3b. Like the original U-Net
where the output is the probability of each pixel belonging to the foreground,
Stardist outputs a similar probability for pixels. However, Stardist also includes a
configuration of a star-convex polygon for each pixel. For each pixel with index 4,3,
radial distances r; j for n predetermined equidistant angles are computed. Evaluating
on three datasets, Stardist outperformed U-Net and Mask R-CNN.

In [73], Stardist was extended for 3D cell imaging data. Instead of using U-Net
as backbone, a modified version of ResNet [64] served as the backbone architecture
to predict object probabilities and radial distances. n rays were approximated from

equidistant points on a spherical Fibonacci lattice defined by

2k

n—1

yr = /1 — z2sin[27(1 — ¢~ Mk
xp = \/1 — 2Fcos[2n(1 — ¢~ VK],

Zk:—1+

where zx, yi, and x; are the coordinates of the lattice point k, and ¢ is the golden
ratio. Similar to the original Stardist, experiments on Stardist3D yielded better
scores compared to U-Net3D [74] and IFT-Watershed [75].

Stardist has been applied to study tissue-resident macrophages and their possible

contribution to early lung cancer [76], the role of cilia damage in SARS-CoV-2
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Figure 2.3: (a) Potential segmentation errors for images with crowded nuclei: Merging
of touching cells (upper right) or suppression of valid cell instances due to large overlap
of bounding box localization (lower right). (b) The proposed StarDist method predicts
object probabilities and star-convex polygons parameterized by the radial distances. (c)
We densely predict using a simple U-Net architecture and then select the final instances
via non-maximum suppression. Image and caption adapted from [69].

spread to the deeper lung parenchyma [77], and tissue fluidity in carcinoma [78].

2.4.2.2 Cellpose

Cellpose [68] is another segmentation algorithm based on convolutional neural
networks. Similar to Stardist, Cellpose is also based on U-Net, having upsampling
and downsampling modules. The difference lies on the information from the
images it is trained on.

For a given image, maps representing vector flow are computed. Cellpose
borrows from tracking studies that use vector fields to relate object parts in object
tracking and coarse segmentation. Both horizontal and vertical gradients to create
the vector field, as well as a semantic segmentation, are needed for training. In
cell images, computed vector fields relate all pixels in a cell image to the center of
the cell. This seems very similar to the ray tracing in Stardist, but the advantage
lies on the non-reliance on pre-defined set of angles and direct relation to the cell
center. In Cellpose, the gradients in the vector field does not necessarily need to

point towards the cell center. This becomes useful for non-convex shapes such as
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protrusions in cells. In such cases, the gradient translates to another pixel in the
cell whose gradient points to the cell center, and these gradient traversals can be as
long as necessary to capture complex cell shapes. Using a U-Net-based architecture,
Cellpose predicts the gradients and semantic segmentation from input cell images.
Inference can then be done by tracking the gradients over the generated semantic
segmentation. Cellpose can also be extended to analyze 3D images by computing
not only the horizontal (z) and vertical (y) gradients but also the gradient in z.

Figure 2.4 visualizes the details behind Cellpose.

Cellpose has been applied in segmenting myofibers in skeletal muscles [79],
studying epithelial morphogenesis in relation to cell matrix and cell-cell adhesion
[80], and in revealing human-specific cell-cell proximity patterns and enriched
interactions between neurons and non-neuronal cells in the human cortex [81]. In

Chapter 4, I used Cellpose to segment nuclei from histology data.

2.5 Projections and Clustering

Often, the chosen dimensionality of the manifold is greater than what we can visualize
(2- or 3- dimensional). To make sense of such manifold, we apply projection to the
data points from this higher dimension to 2 or 3 dimensions, while still preserving
structure and relative distances. On the other hand, we perform clustering on the
latent representations to group similar data points together and extract semantic
meaning from each cluster. Many of the analyses in this thesis required the
projection of points in 2D for visualization. Clustering is also important in Chapters
3 and 4 as part of the annotation-free routine to discover texture similarities in

cell cycle and histology imaging data.
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Figure 2.4: Cellpose segmentation. (a-b) procedure and examples to compute gradients,
(c-d) model architecture, (e-f) inference. Image adapted from [68].

2.5.1 Uniform Manifold Approximation and Projection

Uniform Manifold Approximation and Projection (UMAP) [82] is a technique for
dimensionality reduction. The algorithm assumes that the data is distributed nor-
mally in a Riemannian manifold that is locally connected and with a locally constant
metric. The embedding is computed by finding the lower dimensional projection of
the data that best matches the fuzzy topological structure in higher dimension.

Prior to the development of UMAP, t-distributed stochastic neighbor embedding
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(t-SNE) [83] is the dimensionality reduction and visualization technique used in most
biological studies [84-86]. t-SNE suffers from getting stuck at local minima, slow
computation, and poor scalability [82]. UMAP offers tricks to circumvent these issues
and claims to preserve global structure better than t-SNE. For this reason, we used
the UMAP technique instead of t-SNE in our experiments in the succeeding chapters.
Full derivation and mathematical foundations of UMAP can be found in [82].
As the points in the latent space are encoded as multivariate Gaussians in the
experiments in the next chapters, the Wasserstein distance was used as custom metric
in the computation of the UMAP projection. The Wasserstein metric is a distance
function defined between probability distributions on a given metric space. For two
normal distributions, p; and ps, with means m; and ms and symmetric positive

semi-definite covariance matrices C and Cs, the 2nd Wasserstein distance is given by
W 2 — |jmy — my|2 Cy + Cy — 2(Cy*CL %) 2 2.3
21, p2)” = [lmy — mo||; + trace(Cy + Cp — 2(C,"C1G,) %) (2.3)

For the special case where the covariances are zero, as in point masses in space, the
2nd Wasserstein distance becomes equivalent to the Euclidean distance between
the two points. In the case of the 16-dimensional latent space of the VAE-GAN
model, as the data points are represented by a diagonal covariance, o2, the 2nd

Wasserstein distance is simplified as

Walpn, p2)? = llmy — mall3 + £(0% + 03 — 2,/0303) (2.4)

2.5.2 Gaussian Mixture Models

In many experiments in this thesis, Gaussian mixture models (GMM) were used for
clustering. GMM is a clustering technique that assumes data points are generated
from a finite set of Gaussian distributions in an n-dimensional space. The technique

is particularly useful in modelling subpopulations that are assumed to be normally
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distributed and possibly overlapping.

GMDMs can be considered as a relaxation of the K-means clustering. In K-means,
we start with an initial set of cluster centers and assign each data point to the nearest
cluster. We then recompute new cluster centers based on this assignment and repeat
the assignment-recomputation process until convergence to a local minimum. This
process results in hard boundaries between clusters and hard label assignments for
data points. In GMM, points are modelled as a linear combination of n component
Gaussians and solved using the Expectation-Maximization (EM) algorithm, and the
weights associated with each component can be used to describe cluster labelling

probabilistically and to define soft boundaries between clusters.

2.6 Shape Analysis

A key step in many computer vision problems is the analysis of object shapes.
In biomedical imaging, the shape of particular regions of interest can support
and provide evidence to biological and pathological inquiries. For example, the
characterization of cell shapes gives rise to phenotyping for various studies on gene
expression and signalling. Mechanotransduction is a fundamental biological process
in which cells sense mechanical stimuli and induce response. The cytoskeleton,
microtubules, and actin stress fibers can change and deform in response to the
stimuli - changing the shape of the cell. The mechanotransduction process and
the factors that can alter it such as diseases and chemical signals can therefore

be studied by observing the cell shape [87].

In many studies, shape analysis is done by extracting descriptors from segmented
object instances. These various descriptors for shape can be categorized into three

types: landmark-based, parametric, deformation-based [88].
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2.6.1 Landmarks

Landmarks are points in objects that can be accurately identified. From these
points, several geometrical properties can be manually computed. These in-

clude the following:

1. Area

2. Perimeter

3. Elongation

4. Eccentricity

5. Orientation

6. Convexity

7. Curvature

oo

. Central Moments

Orientation will be used in Chapter 5 to analyze tissue regions and to recognize
vasculature and tears in histology.

A key drawback from using landmark-based descriptors is the heavy assumption
on the correctness of the landmark identification and placement. For analysis
of segmented regions in images, the quality of the landmark-based descriptors is

ultimately defined by the accuracy of the segmentation methods upstream.

2.6.2 Parametric descriptors

Parametric shapes are generalized models that return different shapes for different
parameter settings. Reversing the process, complex shapes can be estimated and
represented by a unique realization of parameter settings. Function bases are

defined and discrete coefficients for each base are recorded and serve as shape
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descriptor. In the following subsections, commonly used basis functions for shape

descriptors will be discussed.

2.6.2.1 Fourier decomposition

The idea behind Fourier descriptor is to use the Fourier transform given below

to estimate the boundary of an object:

faw) = [~ [ Flu et

= / / [cos 2 (ux + vy) + 7 sin 27 (ux + vy)],

where f(x,y) is a shape function in 2D space and F(u,v) is a function in the
frequency domain.

For an image f(x,y), the discrete analog below can be used.

M N

Fley) = 303 Flu,v)e s

u=0 v=0
N

M
= [cos2m(uz + vy) + jsin 27 (uz + vy)],
u=0v=0

where f(x,y) is the image intensity at pixel location (x,y) and F is a function in the
frequency domain composed of sines and cosines, and (u,v) are coordinates in
the frequency domain.

The image f(x,y) can then be decomposed into a weighted sum of 2D orthogonal
basis functions (sine and cosine). These weights we keep as representation for
the image. For an extracted boundary of an object, the weights (or coefficients)

form the Fourier shape descriptor [89, 90].

2.6.2.2 Spherical harmonic decomposition

Spherical harmonics are another set of orthogonal basis functions like the Fourier

series. They are special functions defined on a sphere. Like the Fourier shape
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Figure 2.5: Examples of spherical harmonics bases up to the third degree. Image
adapted from [92].

descriptor, the idea is that any spherical function (region boundary in the case of

describing shapes) can be represented as the sum of its harmonics [91], given below

10,6) = 35 hrn¥(6,9)

=0 —I

where flm is the Fourier coefficient and Y;™(#, ¢) is the spherical harmonics base
computed from Legendre functions and complex exponentials at level [ and degree
m for angular coordinates 6 and ¢. Figure 2.5 visualizes examples of spherical

harmonics bases up to the third degree.

In initial work on the histology data used in Chapter 4, I utilized the spherical
harmonic coefficients in an attempt to differentiate elongated from non-elongated
nuclei in tissues but I found that the representation is highly sensitive and reliant
on the segmentation. While it was able to profile individual nuclei, distinguishing
treated from control was not successful. The project has then pivoted to looking at
texture, which I discuss in this thesis, more than the shape of the nuclei in histology.
In future work, revisiting spherical harmonic coefficients representation can be done

in attempting to bridge shape and texture analysis of our data.
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2.6.3 Deformation-based representations

Both parametric and landmark-based descriptors capture object shapes from binary
segmentation and object boundaries. Deformation-based descriptors characterize
shape using the entire image. The approach assumes that shape can be inferred
from deformation information that can be extracted from raw images. It works by
matching a known template to an image and applying constraints to the deformation
field. Applications include assessing hippocampal differences in semantic variant
of primary progressive aphasia and Alzheimer’s disease in brain MR images [93],
and revealing that initial heart looping is achieved by left-right (LR) asymmetry

in the direction of deformation within the myocardial tube [94].

2.7 Texture Analysis

Another way to characterize objects is through texture. Texture in images refers
to the spatial arrangement of different colors or intensities. There are many
ways to analyze image texture. Approaches include statistical, model-based, and

transformation-based methods.

2.7.1 Statistical methods

Statistical methods to capture texture aim to compute a measure or a set of

measures from the distribution of pixel intensities in a region.

2.7.1.1 Histogram

The most straightforward way to look at intensity distribution is to calculate
a histogram. Histograms are simple visualizations where the frequency of each
intensity level can be shown and compared. In [95], the analysis of histograms in

MR images of the spine was able to show differences among degeneration grades
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of intervertebral discs (IVD).

Although simple, histograms have several disadvantages as a texture descrip-
tor. First, local information is not captured as only the global pixel intensity
distribution is accounted for. Second, the spatial relationships of intensities in
pixel neighborhoods are discarded. Lastly, completely unrelated scenes in images

may result in similar histograms [96].

2.7.1.2 Gray Level Co-occurrence Matrices

A gray level co-occurrence matrix (GLCM) [97] captures the spatial relationship of
pixels in an image. It is as a statistical function used as a quantitative measurement
for image texture. As a second-order statistic, the frequency of occurrence of
pairs of image pixels are computed. A GLCM for an image is an h X h X ng X ny
matrix, where h is the number of intensity levels (bins), n, is the number of
pixel distances to consider in neighborhoods, and ny is the number of angles to
consider for pixel neighbors. From the computed matrix, some properties can be
extracted [98]. GLCM properties have been used in ecology [99], remote sensing
[100], manufacturing [101], and biomedical image analysis [102, 103]. In Chapter
4, we utilized some of the GLCM properties to characterize the distribution of

fluorescence intensities in nuclei in 4T1 tissues.

2.7.2 Model-based methods

In model-based methods, a texture model is defined using a set of parameters that
is set using domain knowledge or learned from the variation of pixels in images.
Texture analysis methods under this family include autoregressive model, fractals,

Gibbs random fields, Markov random fields, and Hidden Markov model [96, 104].
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2.7.3 Transformations

Texture can be represented as (and computed from) transformations from the
original space to another [96]. In the new transformed space, texture can be defined
as corresponding response from filter banks or transform coefficients similar to

parametric shape analysis as discussed in Section 2.6.2.

2.7.3.1 Texture Filters

Texture filters aim to provide local representations invariant to contrast, rotation,
and scale. In order to do this, filters are generated from the same function but
using different parameter settings.

Gabor filters are one of the most popular texture descriptors primarily due to
their relation to models of early mammalian visual systems. The Gabor wavelets

are generated by appropriate rotations and dilations of the following function:

1

2m0 L0y

2 2
o(z,y) = exp ( Ty 3/2> exp (j2mw),

207 203

where o, and o, are standard deviations for dilation, w is the angle of rotation,
and z and y are Cartesian coordinates. A filter bank defined by different rotations
and dilations for this function can be applied to images to extract responses that

would comprise a “bag-of-words” descriptor.

2.7.3.2 Deep Filters and CNN Features

With the increasing popularity of deep learning models and CNNs, the number
of studies that use texture representations computed by the previously discussed
approaches is declining. Several comparative studies demonstrated that features
from CNN and filter responses from the convolutional layers of CNNs outperform
the older approaches in texture analysis [105-107]. In the same light, I will compare

texture features from a deep learning model with hand-crafted features in Chapter 4.
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2.8 Summary

In this chapter I presented the collection of methods that will be relevant to the
analyses in the succeeding chapters of this thesis. For each method, I discussed
motivations and assumptions, with some mathematical detail, and then grounded
them on specific applications in general computer vision problem domains and in
areas related to biomedical imaging. I also briefly introduced some of the specific
applications of these methods in this thesis such as the segmentation of the cell
nuclei in 4T1 tissues and constructing representations for cell nuclei.

In the next chapter, I present a machine learning pipeline that uses the generative
modelling, representation learning, clustering, and projection methods I introduced

previously to analyze cell cycle imaging data.
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3.4.2 Identifying Key Cell Cycle Stages from Single Cell Tra-
jectories . . ... Lo 76

3.4.3 Quantifying Cycle Times and Extracting Population Statis-

Cell division is key to life. Without it, no species would be able to reproduce,
and growth and healing would be impossible. On the other hand, repeated cycles of
cell division can result in tumors and cancer if left unregulated. Strict timing of cell
division is therefore crucial to preventing life-threatening consequences. This timing
of growth, replication, division, and death in cells is what we call the cell life cycle.
Its critical role in biology is exhibited by the number of previous studies devoted
to identifying checkpoints, pathways, and necessary conditions, within this cycle
[108-111]. In this chapter, I investigate the application of a deep learning model to
learn representations from a cell cycle dataset in a self-supervised manner through
which common tasks in cell cycle analysis can be done and relevant information
such as staging and cycle times can be visualized. Through the construction of a
cell cycle morphological manifold, the representations we can extract incorporate
spatio-temporal information from single channel data that can be visualized and

analyzed for common tasks in cell cycle analysis, such as staging and cycle times.

3.1 Cell Cycle

The cell cycle has four known stages: G1, S, G2, and M. In G1 (gap 1 or growth
1), the cell grows in size and synthesizes mRNAs and proteins needed for DNA
replication. It is in G1 when the decision to divide or not occurs. When the cell
receives signal to remain undivided, the cell goes dormant (GO phase). Otherwise,

the cell continues protein synthesis in preparation for the S stage. During the S
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Figure 3.1: The cell cycle. Image adapted from [112].

stage, DNA is copied. After checkpoints to check for DNA damage, the cell enters
the G2 phase where further growth and protein synthesis occur. The phase serves
as the final stage for checks and repairs on DNA strand breaks before division.
Finally, after passing all checkpoints, the cell enters the M (mitosis) stage and
divides into daughter cells. Figure 3.1 illustrates the cell cycle.

During the different stages within the cell cycle, cells undergo molecular changes
which would then manifest as morphological changes. During the G1 and G2 stages,
the volume of the cell increases. During mitosis, a rapid sequence of changes occurs:
chromosomes condense, spindle fibers emerge, chromosomes move toward poles,
and ultimately the cell divides. In the S stage, as the replicated DNA needs to be
packaged into nucleosomes, histone production is increased. Moreover, proliferating
cell nuclear antigen, or PCNA, is also maximally expressed during the S stage as it
associates with the DNA polymerase during DNA synthesis. These two, histone and
PCNA, when labelled serve as perfect targets to analyze the cell cycle progression.
Labelled histone and PCNA manifest in microscopy images as high intensity and

scattered localized regions in the nuclei. Figure 3.2 shows the PCNA fluorescence
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(d) G2

Figure 3.2: PCNA fluorescence during the cell cycle stages. Image constrast was adjusted
for visualization.

and variations in cells during the different stages. These characteristic variations
across different stages enable the automated analysis for cell cycle research. While
we know such variations exist during the cell cycle from the collective results of
multiple cell cycle studies, cell features may present differently from one cell to
another, or from one study to another. Furthermore, our perspective on these
variations is limited by what is currently known about the previously identified
discrete cell stages. We may also observe some variations that are subtle and whose
differences may be hard to quantify without using automated analysis pipelines

and annotation of individual cells.
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In recent years, we have seen advancements in microscopy imaging enabling us to
acquire data at a larger scale. With this comes the greater need to interpret and to
process the large amounts of data in an automated manner. Machine learning-based
approaches have been demonstrated to leverage this large amount of data used
in training to build more robust models for tasks such as cell phenotyping [113,
114]. We have also seen several successes in machine learning-based cell models to
decrease our reliance on annotations and to simplify biological experiment setups
while retaining the same level of information that can be extracted [20]. With all
these methods, we are now able to fill more gaps in our knowledge of biological
processes and more easily revisit, challenge, and update our understanding of known

phenomena such as the cell life cycle in light of new discoveries.

A handful of previous studies revisited the analysis of the cell life cycle [22,
115-117]. Gut et al [115] and Eulenberg et al [116] created independent models
that can generate cell cycle trajectories and identify cell cycle stages. CellCognition
[117] is an open-source framework that can classify live-cell images into life cycle
stages based on their morphology quantified using extracted statistical texture
features. Using chromatin (H2B-mCherry) and DNA replication factory (EGFP-
PCNA) markers, a support vector machine (SVM) was trained in a supervised
way to automatically label cell trajectories over time. This classification is further
refined using a hidden Markov model (HMM). This approach demonstrates a way
to include temporal context to resolve ambiguous classifications that arise due to
model confusion and the inherent low signal-to-noise ratio of live imaging. Key
limitation of this model, however, is the expert annotation requirement to train
the SVM and HMM. Aside from being time-consuming, expert annotation requires
the explicit discretization of cellular states which may not be suitable in recent
efforts to understand the cell life cycle better, beyond what is currently known.
Therefore, it is ideal to disentangle cell and cell morphology models from biases that

could arise from annotations and our prior knowledge of the cell life cycle. Newer



3. Learning a Morphological Manifold of the Cell Life Cycle 56

techniques in machine learning, under the family of self-supervised techniques, that
uses label-free modelling is best suited in this regard.

DeepCycle [22] is one example of such self-supervised methods. The method
uses classification into four virtual classes based on intensity as an auxiliary task to
train a convolutional neural network to encode cell images into a four-dimensional
latent space. Projecting the points on this latent space into a two-dimensional plane
reveals cyclic trajectories as cells undergo the life cycle. While this approach presents
well-formed trajectories in the manifold, it still requires a form of discretization
during training due to the arbitrary number of virtual classes. Moreover, the setup
requires four channels: brightfield and Hoechst to train their model, and FUCCI
channels to create the pseudo-labels. DeepCycle exploits the wide usage of the
FUCCI setup in cell cycle studies. FUCCI uses the phase-dependent nature of
replication licensing factors Cdtl and Geminin. Cdtl (amino acids 30-120) is fused
with the fluorescent protein monomeric Kusabira-Orange 2 (mKO2) to serve as
marker for G1 and Geminin (amino acids 1-110 or 1-60) is fused with the fluorescent
protein monomeric Azami-Green 1 (mAG1) to observe the S, G2, and M phases.
The combination of these two probes, their replication and degradation over time,
reliably visualizes the cell cycle stages. The disadvantage in using the FUCCI setup
is that two markers are already allotted to characterize the cell cycle. This means two
fewer channels available for use to look at specific cell regions and processes tied to
the cell cycle. DeepCycle attempts to free up this need for two dedicated channels by
estimating cell cycle stage from only brightfield and Hoechst. Similarly, in this work,
we further this reduction by looking at only one channel to estimate cell cycle stage.

Apart from the morphology itself, morphological changes over time is a critical
information in the analysis of the cell cycle. CellCycleGAN [118] is one work in this
area. From carefully annotated cell sequences using landmarks, statistical models
for each of the cell cycle stages were computed. To construct a morphology at time

t, a weighted sum of the models is calculated and passed to a GAN to generate a
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corresponding image. Their results indicated high similarity between generated and
real microscopy data. However, their approach focuses heavily on the generation of
synthetic sequences. In contrast, the work in this chapter puts greater importance
on using the latent space for morphological analyses. Moreover, supervision and
reliance on landmarks to describe cell shape limit the CellCycleGAN approach.

Motivated by these gaps in addressing critical parts in cell morphology modelling,
I re-explored the analysis on cell life cycle and propose a different approach based
on self-supervised techniques for manifold learning. To construct this manifold, I
exploit the power of generative techniques to compress high dimensional data to a
lower dimensional space in semantically meaningful ways where spatio-temporal
patterns in morphological changes during the cell life cycle can be better analyzed
and generalized. Generative adversarial networks (GANs) [58] and variational
autoencoders (VAEs) [119], were successfully demonstrated to be applicable to this
task [19, 20]. Modelling through these techniques makes it possible to approximate
the underlying distributions in the data and group data points into meaningful
clusters. In the case of the cell life cycle data, these clusters can demonstrate and
explain the different stages in the cycle and the variance in the visual appearance in
each stage across cell samples, without the injection of any prior knowledge of known
stages and their underlying molecular states. With the use of generative models
in a self-supervised manner, I deviated from previous works. Instead of relying
on pixel-wise cell segmentation, manual extraction of features, and discrete labels
like in CellCognition [117], T trained an encoder that can automatically extract
meaningful representations of live cell images. In contrast with the DeepCycle
[22] method, I used the reconstruction of cell images as an auxiliary task to learn
the morphological manifold. In addition to this, I further simplified the model
to only utilize the DNA replication factory channel, compared to the combined
brightfield and Hoechst channels in their setup.

Furthermore, I adopted concepts from manifold manipulation and video align-
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ment to utilize the temporal information, together with the spatial features used in
the generative model, to further structure the morphological manifold for the cell
life cycle. The manipulation of trajectories in manifolds is explored in [120]. With
a model-agnostic approach, the study presented a general way to force models to
generate trajectories in the manifold for two related input sequences similarly. With
the goal of representing the cell life cycle data as trajectories in the manifold, this
temporal approach is a good way to structure the manifold such that embeddings
for events such as mitosis and DNA replication will be constrained together and
transitions between these events can be smoothened. I demonstrate that utilizing
the temporal context of the cell morphology data to fine-tune the constructed
manifold from extracted spatial features can be an alternative to the pseudo-labels
and the auxiliary classification task in [22] and the explicit graphical model of
discrete cell cycle stages in [118]. Moreover, in the preparation of cell samples for
experiments, such as in the analysis of the cell life cycle, synchronizing multiple
cells to start with and to exhibit desired visual characteristics at the same time is
difficult and hence, this results in unaligned events across single-cell profiles and
trajectories. Ideally, we want a cell event from different single cell trajectories to
be as close as possible in the morphological manifold. For this purpose, I utilize
the temporal loss from [120] to constrain the projection using not only the spatial
features from the cell imaging data but also the temporal relationship among
frames in a single-cell trajectory. In summary, the novelty of the approach lies on
disentanglement of manifold construction from expert annotation and our current
knowledge of the known cell cycle stages, and using temporal ordering of data to

structure the manifold to extract information from cell trajectories.

In the succeeding sections, I discuss a model that uses only single- channel
microscopy images and is based on a VAE variant. I also detail the dataset
used, additional regularizations on the model, and choices in training parameters

and their justification that ultimately led to the final manifold model for cell
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cycle morphology. Lastly, I present analyses and experimental results that can
be obtained with the trained model, compare with CellCognition [117], and argue

the advantages of the annotation-free model.

3.2 Methods

Building on algorithms discussed in Chapter 2, I present in this section the algorithms

and additional objectives to construct the manifold of the cell cycle.

3.2.1 VAE-GAN

As mentioned in Chapter 2.3.1, standard variational autoencoders suffer from blurry
generated images because of the assumption on the Gaussian posterior. However,
there are approaches that demonstrated how to increase the level of detail in
image reconstructions. In this chapter, I employed a technique with additional
regularization and a surrogate loss function for reconstruction in a GAN-like module.

A generative adversarial network (GAN), like VAE [58] is an approach to
generative modelling. Discussed in Chapter 2.3.2, a GAN is composed of a generator-
discriminator setup that is trained in an adversarial manner. GAN outperforms VAE
in generating crisp and highly-detailed images but lacks structure in the latent space.

In an attempt to bridge the two techniques, VAE-GAN is proposed in [56].
Here, the choice of loss function for the reconstruction term in the VAE objective is
highlighted. The authors argue that while pixel-wise similarity functions like mean
squared error (MSE) is a common choice for the reconstruction loss, they do not
reflect human perception of similarities. In the case of translation, for example, a
human might not be able to discern small amounts of translation even though this
can translate to a high MSE score. As an alternative, they proposed an approach
to learn a higher-level metric that is sufficiently invariant and demonstrated that

switching MSE with this metric in training VAEs yields better results. The approach
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constitutes combining a VAE and a GAN with a shared decoder/generator module.
As the discriminator is being trained to distinguish between true and fake data
points, the authors note that the features the discriminator extracts can be used
as a substitute to the MSE score for the VAE objective. Training routine for
the VAE-GAN is shown in Algorithm 2.

Algorithm 2 Training a VAE-GAN model

OEne, Opec, Opis initialize network parameters
repeat
X <+ random mini-batch from dataset
Z < Enc(X)
Lprior < Dgr[q(Z|X),p(Z)]
X < Dec(Z)
Lh & ~Eyx p(Dis(X)[2)]
Z, < samples from prior N (0, I)
X, < Dec(Z,)
Laay < log(Dis(X)) + log(1 — Dis(X)) 4 log(1 — Dis(X}))

// Update parameters according to gradients
One = ~Vop,. (Lorior + Ligge )
9D€C i - veDec (Vﬁﬁfé - ‘CGAN)
Opis &= —Vaop,, Loan
until convergence

For my experiments, I used VAE-GAN instead of the original VAE architecture
to construct the manifold of the cell cycle. As several losses and networks are
used in the model, I opted to train the VAE-GAN in four steps, with each step
optimizing one loss before proceeding with the addition of other loss terms. My
early experiments showed that training with all losses at the same time results in
instability and in loss terms overpowering each other, so I decided to construct and
manipulate the manifold one step at a time. First, I trained the network to minimize
the reconstruction loss (MSE) and let the network output rough reconstructions.
This is equivalent to training a simple autoencoder to compress information in a
latent space. Second, given this initial latent space, I introduced regularization

by using the KLD loss. Third, I added the GAN loss and swapped the learned
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similarity metric with MSE. Lastly, I further regularized by using the temporal

cycle consistency loss discussed in the next section.

The VAE-GAN model used to construct the manifold is composed of simple
components. The encoder contains three convolutional layers with batch normal-
ization, followed by a series of dense feed-forward layers. For all the experiments,
the dimension of the latent space is set to 16. The dimensionality of the latent
space is chosen as a compromise between the usual dimensionality in literature for
experiments on general image classification challenges (100) and MNIST (10). The
value 16 is chosen for convenience: a power of 2 and a perfect square but still higher
than the number of known cell cycle stages. The decoder mirrors the encoder with
three transposed convolutional layers. To ensure that this simple encoder-decoder
setup can effectively compress the cell data in the 16-dimensional latent space,
an initial experiment without sampling and reparametrization trick in VAE is
done. Shown in Figure 3.3 are some input cell images and their reconstructions
from the encoder-decoder setup.

For the discriminator, a model with five convolutional layers with batch nor-
malization was constructed. Feature maps after the fourth convolutional layer are
extracted and used for the learned similarity metric described in [56]. Figure 4.3
shows a diagram of the layers of the VAE-GAN model used in the construction

of the cell morphology manifold.

3.2.2 Temporal Cycle Consistency

Temporal cycle consistency (TCC) [120] is a self-supervised representation learning
approach introduced to temporally align similar videos in an embedding space. The
approach details a temporal loss based on cycles formed from different corresponding
points in a set of trajectories. For embedding sequences U = {uy, us, ..., un} and

V = {v1,va,...,vp}, a reference point u; € U is picked and the nearest neighbor
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Figure 3.3: Input images (odd columns) and their reconstruction (even columns) from the
VAE model without reparametrization. The reconstruction shows that the 16-dimensional
latent representation is able to preserve some crucial characteristics of some cell life cycle
stages such as the multiple foci and high intensity areas during DNA synthesis.

v; € V is determined. Next, the opposite is also attempted to be established, i.e
u; is the nearest neighbor of v;. If both ways hold true, then the pair of points
are cycle consistent. This concept is visualised in Figure 3.5. The goal is to
maximize the number of such point pairs that are cycle consistent. To influence
structure on the manifold, however, the process needs to be differentiable. The
approach offers a cycle back classification where each frame in U is considered a
separate class and reformulate the problem as finding the soft nearest neighbor.
In building the manifold for the cell life cycle data, the TCC approach was used
to encode the temporal context and to improve the alignment of specific stages

in the life cycle in the manifold.
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Figure 3.4: The VAE-GAN architecture (A) used to construct the manifold of cell
morphology. The network is composed of three components: encoder (B), generator (C),
and discriminator (D). The encoder maps input images to a 16-dimensional Gaussian
with diagonal covariance. The generator produces a reconstruction from sampled points
in the latent space. The discriminator forces the generator to output images as similar to
the input as possible.
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Figure 3.5: Temporal cycle consistency. Image adapted from [120].

3.3 Experiment Setup

This section describes the training and experimental setup, as well as the data

used to construct the model for the cell cycle.

3.3.1 Dataset

To demonstrate the utility of the VAE-GAN model in the construction of a manifold
of the cell cycle, I worked on a dataset from a previous cell cycle study. This dataset
is from CellCognition [117]. In this dataset, EGFP-PCNA was used to mark the
DNA replication factories and H2B-mCherry for the chromatin of Human Hela Kyoto
cells imaged using widefield epiflourescence, 10x dry objective (0.645 tm/pixel),
1392x1040 pixel, 482 frames imaged at 5.9 min intervals. In this work, I focused
only the PCNA channel from this data to build a model that uses only minimal
information, further extending the goal of DeepCycle [22] in reducing the marker
dependencies in models. This dataset has 408 labelled single cell trajectories with 255

frames. T used 60% of these trajectories for training and the remaining for testing.
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3.3.2 Training and Evaluation

All single cell images are resized to and centered on 64 x 64 patches, and scaled to
the [0,1] range. Images are augmented via rotations of 90° increments. All network
modules are trained with ADAM optimizers with learning rate of 0.0001. The
loss function used for training, Liqining, Which incorporates losses for the VAE,

GAN, and TCC modules is described below:

‘Ctraining = Qﬁrecon + ﬂﬁKLD + VEGAN + H‘CTCC (31)

where L, econ is the MSE (first step in scheme in Section 3.2.1) or learned similarity
metric loss (from second step in scheme in Section 3.2.1), Lk p is the KLD loss,
Lcan is the discriminative loss, Lrcc is the temporal cycle consistency loss, and «,
B, v and k are adjustable hyperparameter coefficients. «, 3, v and k were initially
set to 0 and scheduled values to implement the training scheme in Section 3.2.1.

For each step in the four-step training scheme described in Section 3.2.1, all
modules are trained for 1000 epochs, with checkpoints and early stopping criterion
every 10 epochs. In my experiments, I found that the model converges after 500
epochs in the first two steps of the training process, and after 800 epochs in the last
step. I used the reconstructed images like in Figures 3.3 and 3.9 to qualitatively
assess model convergence and reconstruction fidelity. Together with a biologist,
these images were inspected to make sure that they still present noticeable visual
cues with respect to the cell cycle stages. In particular, images in S stage were
checked for isolated bright foci characteristic of this stage.

Training and evaluation were done 5 times to capture the variability of the model
performance. To quantitatively evaluate my approach, I tested it against common
tasks in the analysis of the cell cycle detailed in next section. Cell representations
constructed from the approach were clustered and these clusters are compared to

the ground truth labels. For this classification task, accuracy values were reported.
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Cell cycle times were also computed and compared against the ground truth and

evaluated with root mean squared error (RMSE).

3.4 Analyses and Discussion

In this section, I detail how the trained model can be used for common tasks

in cell cycle analysis.

3.4.1 Classifying visually distinct clusters

I projected the images in the dataset to the learned manifolds and analyzed the
clusters formed. I start with the standard VAE model and demonstrate qualitative
improvements on this manifold as I apply the different constraints and additional
modules. I also present projections using pre-trained CNN architectures to serve as
baseline for comparison. Qualitative assessment of the manifolds was done by visually
inspecting the clusters formed using ground truth labels and their separation. While
qualitative assessment worked and visually showed the incremental improvements
from the addition of constraints, losses and modules, a quantitative assessment in a
future work, such as cluster cohesion and separation scores, inter- and intra-class
variances, may unravel patterns in model construction and provide quantitative
scoring for different approaches.

The baseline manifolds are constructed using the VGG [62] and ResNet-50 [64]
pre-trained models. After using these models as feature extractor to output 25088
and 512 representative vectors for each of the images and using the CellCognition
labels to cluster the vectors with respect to cell cycle stages, I visualized the data
using UMAP with default parameters (2 components, 15 neighbors, 0.1 distance,
euclidean metric). I plotted the resulting points in 2D as shown in Figure 3.6.
We see that in both models, the constructed manifold does not produce visually

distinct clusters of the cell cycle stages. As the VGG and ResNet models are not
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Figure 3.6: Clustering on encodings from Resnet, VGG. Colors correspond to
CellCognition labels.

fine-tuned for cell images and were trained to classify natural image classes, the
poor clustering is to be expected and further demonstrates the need for specifically-
trained model for the cell cycle manifold.

I next looked at an attempt to utilize the technique described in DeepCycle [22].
For this experiment, since the dataset does not have FUCCI channels from which to

derive the pseudo-labels for each data point, I tried deriving 4 intensity classes from
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Figure 3.7: Clustering on encodings from DeepCycle. Colors correspond to CellCognition
labels.

the H2b channel. I trained the DeepCycle network to output these pseudo-labels
in a similar fashion as the original study. However, as can be seen in Figure 3.7,
the network did not produce good clusters. In the absence of FUCCI markers for
the cell cycle, deriving usable alternative pseudo-labels is non-trivial. This opens
up the door for another approach that does not depend on these markers.

I next looked at the latent space formed by an autoencoder. I used the encoder
and decoder layers of our VAE model and removed the sampling mechanism,
effectively turning the network to an autoencoder. I trained this autoencoder to
minimize the reconstruction error between the input image and the image generated
by the decoder. For this, I used the MSE loss function. Aside from analyzing the
manifold to be constructed, I also looked at how good the reconstructed images
are. The quality of the reconstructions of the autoencoder will give us assurance
that the encoder and decoder are powerful enough to capture the details in the
input images and reconstruct from the latent points with an acceptable level of
fidelity. In Figure 3.3 I show select input images and their reconstruction from the

autoencoder. While some fine-grained details are not present in the reconstructed
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Figure 3.8: Clustering on encodings from the autoencoder. Colors correspond to
CellCognition labels.

images, key features in the nuclei in different cell cycle stages were preserved. These
include the shape of the nuclei, multiple foci, and the distribution of fluorescence
during the different stages of the cell cycle. Examining the manifold in Figure
3.8 we see that, similar with the pre-trained CNN models, no distinct cluster
groups correspond to the cell cycle stages.

With just the reconstruction loss, the custom network was not able to produce a
meaningful manifold. To improve on this, I introduced the variational mechanism of
the VAE and treated the latent points as Gaussian distributions in the manifold. For
reconstruction, I sampled from these distributions, and used these sampled points
as input to the decoder. I further constrained the network to produce distributions
as close as possible to the unit Gaussian. This constraint structures the manifold
to be smoother as it prevents the network from placing points freely in space.

As discussed in Section 2.3.1, one challenge that arises during training is the
balance between the two losses - KLD and reconstruction. In my experiments, while
decent reconstructions can be generated using the autoencoder version of the network,

turning the sampling on and optimizing the KLD loss results in over-blurred images.
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Figure 3.9: VAE-GAN reconstructions. Odd columns show input images. Even columns
show the reconstructions. In this image set, while the reconstructions are far from perfect,
the characteristic localized high intensity regions during S is captured (top 2 rows).

To address this, I added a learned similarity metric as defined in [56]. For this, a
simple discriminator module was added to the trained VAE network. I retrained
the network with the additional GAN loss and substituted the MSE loss with the
similarity metric from the discriminator for the reconstruction loss. I show in Figure
3.9 the reconstructions from the VAE-GAN network. While the reconstructions
still suffer from the blurry trait of VAE-generated images, the model was able to
recover more fine-grained details when compared with the VAE output. I further
revisited this reconstruction improvements in later experiments but for the purpose
of constructing the manifold for the cell cycle, I observed that the introduction
of the GAN module resulted in a better structure. I attribute this to the learned
similarity metric from the discriminator. As discussed in [56], instead of forcing the
network to focus on pixel-level details, the substitute metric enables the network to
learn semantic similarity in the images. There are still large overlaps between pairs
of clusters in the learned manifold but looking closely at individual cell trajectories
in this manifold, the clustering on the cell appearance during the different stages
becomes more apparent (see Figure 3.11a). From this point onwards, as the latent

points in VAEs are Gaussians, UMAP was used with the Wasserstein metric.
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Figure 3.10: Clustering on encodings from VAE-GAN. Colors correspond to CellCogni-
tion labels.

While single cell analysis can already reveal good clusters representative of
the cell cycle stages, looking at the cell population level show that corresponding
clusters (and hence cell cycle stages) in pairs of trajectories do not have clear
overlaps and instead occupy different subspaces in the manifold. This means that
at the population level, the overlap of cell cycle stage clusters are still big despite
the clear and distinct clusters at the single-cell level. To remedy this, I fine-tuned
the VAE-GAN network and added another loss. The intuition is that single cells
should behave and appear similarly when compared with respect to time. Some
stages of the cycle may occur longer for some cells but this should be reflected as
staying in the same subspace for longer instead of jumping to another. Borrowing
from video alignment studies, I used the temporal cycle consistency [120] to affect
this constraint. In Figure 3.11, we can see the result of the addition of the TCC
loss to the manifold and the individual cell trajectories. While there are still rough
jumps from one point to another that we can attribute to the noise in the image
data, we can see that corresponding clusters are now located in the same subspaces

in the manifold. This improves the semantic detail in the manifold that we can
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Figure 3.11: Trajectory plots of individual cells as they undergo the cell life cycle.
(a) Despite distinct visual clusters in individual trajectories, there is no spatial cluster
correspondences without temporal regularisation. (b) Using TCC resulted in more
consistent visual clusters across individual cell tracks. Colors correspond to CellCognition
labels.

infer, both at the population and single-cell level.

Aiming to arrive at roughly the same clustering without using the provided labels
in the data, I performed GMM clustering on the 16-dimension latent representations
of the data points obtained from the trained VAE-GAN model. As discussed in
Section 2.5.2, GMM results to soft and probabilistic clusters instead of the hard-
clusters in K-Means (shown in Figure 3.13). Since I want to model the continuous
progression during the cell cycle, 1 decided that soft boundaries in clusters is

better suited for the task. To classify, I looked at the probability values of each
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Figure 3.13: Initial clustering using K-Means resulted in groupings that do not capture
distinct cell cycle stages well.

cluster for a data point. In training the GMM, 8 components were used. This
number of components is greater than the number of labels in the dataset (6).
The extra components gives flexibility in clustering; as I have not optimised for
(and discretised) clusters during training the VAE-GAN model, the model may
identify subpopulations of cell images within a cell cycle stage. Instead of forcing

the GMM to output 6 component Gaussians to correspond to the class labels, I let
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M G1 G2 | late S S
M 357 | 212 43 3 46
G1 13 | 3269 | 46 7 566
G2 | 348 | 1015 | 962 30 756

lateS | 6 12 3 369 59

S 7 562 | 103 | 217 | 2974

Table 3.1: Confusion matrix for cell cycle stage classification. Rows and columns
correspond to different cell cycle states. Values shown are representative examples from
the 5 independent training and evaluation runs. Due to the visual similarity of the G1
and G2 classes, the model misclassified many G2 data points as G1.

the GMM form additional clusters that can be manually merged once cluster-class
correspondence is established. Figure 3.14 shows the clusters formed by the trained
GMM. Of the clusters formed, I observed strongly distinct groupings for the late
S (blue), G2 (red), and M (magenta) stages. The yellow and green clusters we
observed to contain both early S and mid S images. G1 appeared to be spread
across 3 clusters (cyan, light green and purple).

To validate this clustering, I compared the cluster labels for individual points
with the ground truth labels provided in the CellCognition [117] study. The ground
truth separates the data into 6 classes: early S, mid S, late S, M, G1, and G2.
established correspondence of clusters with class labels by looking at the majority
of labels within each cluster. Doing so resulted in 3 clusters matching the G1
class. I merged these clusters to form one G1 cluster and combined two clusters
for the early S - mid S (S) cluster, reducing the number of components from 8
to 5. With each component corresponding to a cell cycle class, I evaluated the
classification accuracy of the VAE-GAN network using the test images. I extracted
the latent representations of these images and used the GMM to label each. With
the established cluster-class correspondence, the clustering on the learned manifold
resulted in 67.03% accuracy (SD: +£2.12%,n=>5). Table 3.1 shows the confusion
matrix for classification of cell cycle stages.

The accuracy rate in identifying the cell cycle stage is below the reported
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Figure 3.14: Clusters formed by GMM. Shown on the left are representative points from each cluster.
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performance of the SVM model in CellCognition. From Table 3.1, we can see how
the trained model confuses G2 as G1. Moreover, the model finds it hard to delineate
between two successive stages (M-G1, G1-S) in the cycle, with confused and spread
out decision between such stages. The model performed better in identifying S and
late S with 76% and 82% accuracy. For studies that only focus on DNA replication,
the network’s accuracy may be enough to stage single cell time-lapse videos.
While the accuracy suffers in comparison with CellCognition, the advantage
lies on the self-supervision of the model. Even without the labels, the VAE-GAN
network was able to capture to some extent the variations in the M, S, and late
S stages. Furthermore, additional analyses can be done using the same model to
extract additional information to augment the results of this staging. I discuss

these in the following subsections.

3.4.2 Identifying Key Cell Cycle Stages from Single Cell

Trajectories

An integral part in the analysis of cell cycle experiments is the staging of individual
cell trajectories. In my experiments, I used the constructed manifold to identify key
stages in the cycle from the trajectories of the individual cells. While the GMM
approach described in Section 3.4.1 was able to capture known cell stages as clusters
in the manifold, the approach relies on the whole population of cell samples and
the number of components to use for clustering. Generally, deciding on the best
number of components for GMM is based on some form of prior knowledge. In
our case, it was based on the classes available from the previous study and the
addition of extra components for flexibility. In this section, I discuss another way
to look at the manifold from a single cell perspective.

To do this, I drew trajectories in 2D plots using the first and second UMAP

dimensions versus time. While projections in 3D (2 UMAP + time) may be more
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Figure 3.15: Plotting UMAP1 versus time reveals some key cell cycle stages.

visually appealing, following single cell trajectories in 3D would suffer from rough
curvatures and oscillations as the manifold was learned without any smoothing
constraint for single cell trajectories. For this reason, I looked at projections of
trajectories on the first and second UMAP dimensions (UMAP1 and UMAP2)
with respect to time. I observed that plotting the trajectories of cells with respect
to the UMAP dimensions is enough to extract some information that can be
useful for staging.

To suppress noise that would otherwise cause rough oscillations, I used B-spline
interpolation to smooth the trajectory curve of individual cells. Utilizing UMAP1,
I identified the peaks and troughs of each trajectory. Analogous to the Waddington
epigenetic landscape, these peaks and troughs correspond to known cell states
and the ascent or descent would correspond to transitionary states in between.
Figure 3.15 shows a UMAP1 plot for a single cell. In the figure, mitosis stages
marking a full cycle appeared as the two lowest troughs in the curve. From the first
trough, the curve ascends to the first peak which corresponds to the G1 stage. The
curve continues towards another trough that shows early S. It proceeds towards

the highest peak (late S) and descends to another deep trough (M).
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M G1 G2 | lateS S
M | 357 | 212 43 3 46
G1 13 | 3290 25 7 566
G2 | 348 94 1883 | 30 756

lateS | 6 12 3 369 59

S 7 562 103 217 | 2974

Table 3.2: Confusion matrix for cell cycle stage classification with G1 and G2 constraint

In Table 3.1, we saw how the VAE-GAN confuses G1 and G2 stages. As G1
and G2 are separated by the S stages, we can enforce a constraint to distinguish
between the two growth stages: growth stage that follows S is G2. As we can infer
roughly when late S occurs in single cell trajectories using UMAP1, I improve on the
classification accuracy from 67.03 (SD:%+2.12%,n=>5) to 73.98 (SD:%=+1.60%,n=5),
or around 75% of the supervised model’s accuracy. I do this by correcting the
model’s prediction for G1/G2: any predicted G1 occurring after the inferred time
for the late S will be reclassified as G2, and any predicted G2 before the late S
will be reclassified as G1. Table 3.2 shows the confusion matrix after applying
the constraint. Initially, 1015 from the G2 class were misclassified by our model
as G1. Similarly, 46 G1 data were misclassified as G2. Applying the G1-G2
constraint brings down the number of misclassifications to 94 and 25 for G2 and
G1, respectively. The addition of the constraint brings the accuracy closer to that

of the fully-supervised two-channel CellCognition model.

3.4.3 Quantifying Cycle Times and Extracting Population

Statistics

In the previous section we have seen that by using the 2D plots involving the
UMAPI, the time when mitosis occurred in a single cell trajectory can be inferred.
This is done by looking at the deepest troughs in the smoothed curve. In this
section, I show that UMAP2 can infer the same information and moreover, present

the cell cycle in an oscillating pattern in the UMAP2 dimension.
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Figure 3.16: Plotting UMAP2 versus time reveals the oscillating nature of the cell cycle.
Blue line is the 10-frame running average. Cycles are marked end to end by sudden drops
in the running average curve.

Similar to Section 3.4.2, I plotted the UMAP2 value of each data point with
respect to time and extracted the troughs in the curve. Shown in Figure 3.16 is a
UMAP2 plot for a single cell. In the figure we can see troughs that correspond to
the G1 stage and as the cell continue to grow and undergoes S, and G2, it traverses
the UMAP2 axis until peaking during mitosis. This is followed by a drastic drop
to another trough, representing the start of another cycle.

Using the smoothed curves for each cell trajectory, we can then quantify the
cycle time by computing the period of the cycle. As discussed in Section 3.3.1,
each trajectory is composed of 255 images which totals about 25 hours of imaging -
more than enough for one complete cycle. I identified for each curve two troughs
and computed the time difference between the two. This time difference between
the two points can serve as an estimate for cycle time. Comparing with the cycle
time computed in CellCognition SVM model, I estimate the cycle time using my
approach with RMSE of 18.80 minutes or about 2% difference. I plotted the
distribution of the computed cycle times in Figure 3.17 where we can see a unimodal

distribution with peak at around 17 hours.
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Figure 3.17: The estimated cycle times of the cell trajectories exhibit a unimodal
distribution.

3.5 Summary

In this chapter, an approach to construct a manifold of the cell cycle is presented.
The approach consists of a VAE-GAN model trained with an additional temporal
loss to encapsulate not only the spatial information in image data but also the
temporal context available in live imaging as cells progress through their life cycle.
The approach requires only the DNA replication factory marker (PCNA) and does
not use exhaustive form of annotation during training. This disentanglement from
complex experiment setups and expert annotation of data can aid discovery and
confirmatory studies for the cell cycle as analysis can be free from annotation bias
and prior knowledge of underlying molecular mechanisms.

I highlight the contribution of this work as follows:
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1. The learning of the cellular manifold for morphology was disentangled from
expert annotation of cell images. This approach in the construction of the
manifold based on VAE-GAN readily renders the cell model to discovery and
confirmatory studies in a data-driven manner, free from annotation bias and

prior knowledge of underlying molecular mechanisms.

2. Even with using only single-channel image data, information relevant to the

analysis of the cell cycle can be extracted.

3. A temporal constraint was applied to better structure the manifold for the

cell life cycle data.

4. The time-series cell morphology data is represented in meaningful ways that
can be utilized in a broad range of analyses, without the need for supervision

and for complex imaging and staining.
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The previous chapter is a good example of analyzing 2D images and extracting
enough information from the limited 2D view. Even with one single thin optical
section, information relevant to the cell cycle can be extracted. In this chapter, we
look at characterizing the morphology of cells in a different type of data. Wherein
the last chapter, the focus is on 2D data with temporal element, here we look at

a dataset that extends beyond two dimensions.

Analyzing 3D data offers many advantages over 2D. In histology, a 2D image
of a thin tissue slice of about 5 micrometers gives us a very shallow view of
tissues. Features of cells (such as elongation) and cell groups (such as margins)
may not be accurately measured as information captured in 2D may not adequately
represent the cells and cell groups that may occupy depths outside of the selected
image or tissue sections. This can lead to a failure to examine the correct regions
of interest in biopsies and false negatives in diagnoses. With 3D imaging, we
can capture information from thicker tissue sections, enabling us to model cells
and cell neighborhoods in three dimensions more accurately. In experimental
medicine and drug discovery, the effects of drug candidates [121-123] exhibited
as patterns in cell and tissue images are profiled. This image-based profiling and
phenotyping has been shown to have the potential to expedite the selection of
target molecules in drug discovery pipelines [124, 125]. In the same light as the
motivation for 3D histology, the capability to observe the effect of treatments in
thick tissue samples in experimental medicine can offer a clearer picture of the

disease, microenvironments, and drug penetration.
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Here, I detail and assess the development of an image processing pipeline for
3D histology. Working within the context of assimilating 3D imaging into clinical
pathology workflow in collaboration with the Frederick National Laboratory for
Cancer Research, National Institute of Health, this pipeline was used to analyze
tissue sections of 4T1 mouse models for DNA damage and immune response. In
this chapter, I derived morphological and texture classes for cell phenotypes in our
3D data from which treated and control samples can be differentiated—a primary
task that can have great impact on experimental medicine studies.

This chapter is divided into five sections. The first section gives an overview of
typical approaches in representing objects in 3D data. This section gives background
to how cells in 3D histology can be represented for subsequent analysis. The second
section describes the 3D data used in our analyses. The third section describes
the assessment of two state-of-the-art 3D segmentation algorithms. The fourth
section combines the extracted information from methods described in the preceding
sections to phenotype cells in the 3D context. The last section adapts the methods

described in the previous chapter for use in the 4T1 data to extract “cell cycle-like

texture classes from the DAPI signal to further enumerate different cell phenotypes.

4.1 Object Representations in 3D

Several approaches to represent objects in 3D exist. Depending on the task at
hand, these approaches offer advantages, as well as challenges, in using them

in analysis pipelines.

4.1.1 Voxels

Voxels are the most common representation of objects. As a direct extension
of 2D pixels in images, voxels are simple representations of 3D objects that can

capture complex volumes and shapes. It also renders very easily to manipulations
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and transforms. The drawback, however, is the complexity of the representation.
Commonly, the vast majority of the voxels correspond to areas not relevant to
viewpoints and analysis—in shape analysis, for example. Moreover, with Q(n?)
complexity, it scales poorly [126].

In cells analyses, representing cells in 3D are most commonly done as voxels.
Segmentation methods such as U-Net [127] directly estimate voxel representations

of cells from 3D images.

4.1.2 Surfaces and meshes

An alternative is to represent surfaces as meshes. In this approach, only select points
in the object boundaries are kept, together with the adjacencies of these points.
This alternative representation with only a subset of the object points addresses
the high complexity of voxel representations. However, mesh representations also
come with their own drawbacks, owing to their graph-like structure. Generation of
meshes is more difficult and transformations are not straight-forward [126]. Because
of this, for common tasks, surface and mesh representations are rasterized as voxels,
such as in the case of Cellpose and Stardist, which I have introduced in Chapter
2.4.2.2. In our collaboration with the NIH, surface representations as meshes were
derived from the segmentation using voxel2mesh [128] for visualization purposes;
however, for the analyses to be presented in the next sections, I found that voxel

representations provide a more straightforward way to profile nuclei.

4.2 4T1 Data

4T1 is originally isolated by Fred Miller et al [129] as one of the sublines derived from
the 410.4 tumor from a single spontaneously arising tumor of an MMTV+ BALB/C
mouse foster nursed on a C3H mother (BALB/BfC3H) [130]. It is transplantable,

highly tumorigenic, and invasive. It can spontaneously metastasize to several organs
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including lungs, liver, brain, and lymph nodes [131]. Due to this nature, it greatly
resembles advanced human breast cancer and is therefore used as a model for stage
IV breast cancer studies [131, 132]. Using 4T1 models, anti-breast cancer agents
such as eupatorin [132] and resveratrol [133, 134] were investigated for their cytotoxic
effects. Several studies have also used the 4T1 model to interrogate strategies and
mechanisms of activations of CD44 and CD8+ T cells [135-137].

In the experiments detailed in this thesis, 1 analyzed 4T1 cells grafted in
the hind legs of mice. Tissues were treated with irradiation, indomethacin and
L-NAME. Indomethacin is an anti-inflammatory drug. It is commonly used
as a prescription medication to reduce fever, pain, stiffness, and swelling from
inflammation. Indomethacin works by inhibiting the production of prostaglandin, a
vasodilator. On the other hand, L-NAME or N(w)-nitro-L-arginine methyl ester
is an L-arginine analogue used to inhibit nitric oxide synthase (NOS) activity
[138]. Control samples were also taken to provide baseline numbers for comparison.
Tissues were cleared and then marked for CD8, yH2AX, pan protein, and DAPI.
Figure 4.1 shows a 3D image volume of a 4T1 tissue section.

Image volumes were acquired using a spinning disk confocal microscope at 63X
magnification and binning every 3 pixels in the lateral axes. A total of 25 volumes for
the control tissues and 49 volumes for the treated tissues were utilized in this work.
For most of the experiments, instead of using the original resolution of 605x605
pixels with 391 z-slices, smaller regions of interest were extracted. This was done to
focus the analysis on certain regions with the desired level of fluorescence, indicating

the presence or occurrence of the biological activities in question.

4.3 3D Nuclei Segmentation

As is the case for a typical image analysis pipeline, the first step in the analysis

of the 4T1 data is to isolate individual nuclei. In Chapter 2, I discussed two
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Figure 4.1: 3D image volume of a 4T1 tissue section. Shown in red are local (CD8+)
immune cells in the region in close proximity to DNA-damaged cells (YH2AX+ shown in
yellow).

state-of-the-art algorithms for 3D segmentation: Cellpose and Stardist. To decide
which segmentation algorithm to use, we evaluated and compared the segmentation
output of the two methods. This task was done initially by Dr. Ralf Haeusler
as part of our NIH collaboration. Building on top of his work, further evaluation
and qualitative assessments were done and downstream analyses were integrated
with the segmentation pipeline.

As detailed in Chapter 2, Cellpose and Stardist differ in problem formulation
and their approach to the solution and determining the best suited method is task-
and data-dependent. We found that Stardist segmentation heavily relies on the
number of angles and increasing this number resulted in slow impractical processing

times. For the succeeding steps in the pipeline, I utilized the Cellpose segmentation
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as we deemed it more suitable qualitatively and in terms of speed.

Initial data from our NIH collaborators included an additional marker to delineate
nuclei. While DAPI expresses well within the 3D volume of the nuclei, resolving
adjacent and overlapping nuclei poses a challenge. In order to measure how well the
segmentation algorithms locate, count, and segment individual nuclei, a marker for
LaminB was introduced. LaminB serves as a scaffolding for the nuclear envelope.
With an Otsu-thresholded LaminB channel as a surrogate for ground truth masks,
nuclei segmentation masks were evaluated. In Table 4.1, the precision and recall of
the segmentation are reported across the different image tiles used for this assessment.
Segmentation precision range from 0.70 to 0.84 while recall scores range from 0.69
to 0.97. While higher scores would be ideal, the segmentation performance was
deemed reasonable for use for downstream tasks. Apart from that, visual inspection
of results reveal that despite the varying nuclear sizes, the segmentation was able
to capture this variation well. This is important particularly for the succeeding

analysis on DNA damage across different nuclear patterns and sizes.

Another important measurement that we looked into is the accuracy in the
number of segmented cells. Part of the analysis I will discuss in this chapter and the
next is the measurement of proximity and identification and enumeration of some
cell types. For the analysis to report reliable scores, the number of segmented cell
nuclei should be as close as possible to the ground truth. In Table 4.2, the number
of segmented cell nuclei for selected tiles is reported with respect to manually counts
to evaluate the segmentation. For all tiles, the segmentation correctly accounts
for about 70% of the nuclei. Through consultations with our collaborators, this

percentage was deemed enough to characterize our tissue data.
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Table 4.1: The precision and recall of the segmentation are reported across the different
image tiles. The Cellpose segmentation was validated using tresholded LaminB fluorescence
images that represent cell boundaries. With precision ranging from 0.70 to 0.84 and recall
ranging from 0.69 to 0.97, the segmentation output was deemed adequate for succeeding

analysis steps.

Horizontal tile index | Vertical tile index | Precision | Recall
0 0 0.77 0.81
0 1 0.75 0.91
0 2 0.76 0.9
0 3 0.78 0.83
0 4 0.75 0.82
1 0 0.84 0.91
1 1 0.76 0.95
1 2 0.73 0.92
1 3 0.77 0.88
1 4 0.75 0.96
2 0 0.83 0.97
2 1 0.77 0.88
2 2 0.79 0.95
2 3 0.83 0.9
2 4 0.77 0.87
3 0 0.77 0.77
3 1 0.76 0.71
3 2 0.8 0.88
3 3 0.75 0.73
3 4 0.73 0.71
4 0 0.70 0.88
4 1 0.73 0.75
4 2 0.72 0.69
4 3 0.71 0.72
4 4 0.71 0.79

4.4 Profiling DNA Damage in Tumor Tissues

In this section, I will describe a downstream task—cell phenotyping to assess

DNA damage—that utilizes the previously described segmentation of nuclei from

our 3D 4T1 histology data.

Similar to the cell cycle described in Chapter 3, another cellular process that

manifests differently in terms of morphology due to many underlying factors is

DNA damage and repair. Normally, a DNA-damaged cell will initiate repair once it
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Table 4.2: Segmentation performance on selected tiles of tissue. The number of segmented
cell nuclei for selected tiles is validated with respect to manually counts to evaluate the
segmentation. The segmentation output using Cellpose correctly accounts for about 70%
of the nuclei.

Tile | Confocal layer (z) Score
z - coordinate number segmented cells / all cells

F10 | 53 15/20 (75%)

F10 | 130 11/16 (67.85%)

F13 | 70 17/23 (73.91%)

F15 | 112 9/10 (90%)

F15 | 147 18/20 (90%)

F19 | 145 15/17 (88.23%)

detects alterations such as breaks, fragmentation, translocation and deletions in the
DNA. This process can occur across different cell cycle checkpoints and arrests. If
excessive damage has occurred, programmed cell death can be triggered. In tumor
contexts, studying DNA repair mechanisms is specially important as evidences of
impaired repairing capability in tumor cells have been presented [139]. Disregulation
of DNA damage response (DDR) promotes genomic instability, increased mutation
rate, and intra-tumor heterogeneity [140, 141].

Our understanding of DDR defects in tumors is not yet complete but several anti-
cancer therapies already exploit this mutation. Ionizing radiation and chemotherapy
aim to induce cell death by damaging DNA. This process however is not guaranteed
as tumor cells can still initiate DNA repair pathways and become resistant to
these therapies. Inhibiting such pathways and specific targeting of tumor cells
can therefore enhance the anticancer effect of DNA damage-based therapy [142].
Targeting specific repair enzymes, e.g. topoisomerases and poly-ADP ribose
polymerase (PARP), has proven to be a useful strategy for treating patients with
solid tumors, and a number of drugs are widely used in clinical practice. DNA
topoisomerase enzymes deal with topological issues linked to DNA transcription
and replication. Several mechanisms to inhibit topoisomerase enzymes are explored,

including stabilization of the cleavage complex and build up of drugs (anthracycline,
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camptothecin) in this complex that ultimately result in DNA strand break and
cellular death [143, 144].

The quantification of DNA damage is of particular importance to many previous
biological and clinical studies. DNA damage in cells is frequently investigated
through imaging with a marker for yYH2AX [145-149]. Phosporylated histone
H2AX or yH2AX serves as a biomarker for DNA double strand breaks (DSB).
Traditionally, the quantification of DNA damage is done by counting the yYH2AX
foci in cells either manually or automatically as each DNA DSB has been found
to correspond to a YH2AX focus [150]. Another approach is counting the number
of cells in an image field that are positive for YH2AX signal above some cutoff

value assigned on a per cell basis [151, 152].

Alternatively, in the next sections I investigated the use of representation learning
and texture features computed from fluorescence intensity statistics (gray-level co-
occurrence matrices, GLCM) and latent encoding by adapting the VAE-GAN model
discussed previously in Chapter 3 towards building profiles of cells in 3D histology.
My approach aims to use representation learning to reduce the need for manual
measurements and foci counting to capture similarities and dissimilarities in cells
in histology images. Using these discovered features from representation learning in
an unsupervised manner would enable building phenotypes without the need for
annotation or additional fluorescent markers. I deviated from previous works by
profiling DNA damage using visual texture, instead of directly computing for foci
density. I analyzed the 3D volumes of 125um thick 4T1 tissue sections provided by
collaborators from the NIH-NCI, identified cells and cell clusters with DNA damage

exhibited by YH2AX+ cells in both control and treated samples.
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4.4.1 Analysis Pipeline

In order to profile DNA damage in tissues, a number of steps, detailed in the
next sections, were performed. First, regions of interest were selected to focus
the analysis on regions with high fluorescence intensity. Next, target cell types
were isolated from the 3D nuclei segmentation. Cells positive for DNA damaged
are then profiled initially using YH2AX signal, and then jointly with DAPI signal

to derive further phenotypes.

4.4.1.1 Regions of Interest

From the acquired 3D confocal images, regions of size 302px x302px x 130px (WxHxD)
with high level of fluorescence for YH2AX and CD8 were manually curated and
extracted. Twelve sub-volumes were selected from the control and 14 sub-volumes
were selected from the treated samples. The number of cells in each selected

region ranged from 500 to 900.

4.4.1.2 TIsolating YH2AX+ and CDS8+ cells

As introduced earlier, YH2AX is a commonly used marker for DNA double strand
breaks in cells. H2AX is a histone H2A variant that rapidly becomes phosporylated
at serine 139. This phosphorylation event can be detected using antibodies to
vH2AX and manifests as discrete nuclear foci that can be used to enumerate DSBs
in cells [153]. The high sensitivity of YH2AX detection of DNA DSBs has been
successfully demonstrated in primary, cancer cultured cells, and tissues [154-156].

CD8, on the other hand, is a glycoprotein in the surface of cells. It is found on
T cells, natural killer cells, cortical thymocytes, and dendritic cells. Serving as a
co-receptor to the T-cell receptor, CD8 plays a critical role in T cell signalling and
T cell-antigen interactions. Cells positive for CD8 (CD8+), particularly cytotoxic

T cells (CTL), are important for inducing death on cancerous and virally infected
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cells. Cytotoxicity is mediated by T cells in two ways: perforingranzyme-dependent
granule exocytosis mechanism and the FAS-mediated mechanism [157, 158]. These
mechanisms are explored in cancer studies to develop anti-cancer therapies. Many
of these studies had shown evidence that high local density of CD8+ cells in
tumors indicates successful effector function of these cells [159, 160]. Quantifying
CDS8 signal and enumerating CD8+ cells in images and volumes of tumor tissue
are therefore important tasks in this area. In Chapter 5, I will revisit this cell

enumeration task as part of our tissue-level analysis.

Figure 4.2E shows a slice of a 3D Cellpose nuclei segmentation of a histology
volume using its DAPI channel (shown in Figure 4.2B). From the segmented nuclei
using Cellpose, we wanted to focus on cells positive for YH2AX (see Figure 4.2C). 1
observed that simple thresholding on the YH2AX channel is sufficient to segment
vH2AX+ nuclei and using the Cellpose model on the YH2AX channel actually
resulted in “hallucinated” nuclei, false segmentations in areas without nuclei. One
drawback of the thresholding, however, is that cell outlines are rougher compared
to the Cellpose output. To solve this, I superimposed the thresholded YH2AX
volumes with the previous nuclei segmentation. Cells with a significant overlap in
this superimposition are retained in the final YH2AX segmentation mask. Figure

4.2F shows segmented YH2AX+ nuclei.

For each of the identified YH2AX+ nuclei, I extracted bounding boxes to be
used for the computation of texture feature representation. A total of 372 YH2AX+
nuclei were extracted with high confidence. Augmentation by rotation was done

to increase this number for training our model.

[ also applied a similar segmentation approach to the CD8 channel (see Figures
4.2D and 4.2G) to isolate CD8+ cells. As the immunomarker for CD8 binds on the
cell membrane, the nuclei segmentation was dilated first before superimposition

to ensure overlap.
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(e) ()

Figure 4.2: Using the DAPI channel (a), Cellpose was used to generate segmentation of
all nuclei (b). Using this segmentation and threshold masks on the yYH2AX channel (c)
and the CD8 channel (e), YH2AX+ cells and CD8+ are identified (d,f).
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4.4.2 Building cell profiles of DNA damage

Techniques that look solely at shape exist and were demonstrated to capture the
heterogeneity and variations of cells in tissues. In Chapter 2, I introduced common
feature sets that are manually extracted to characterize shape. Wavelet-based
features were extracted from breast cancer histopathology images to distinguish
between mitotic and non-mitotic cells [161, 162]. Protrusions, concavity, aspect
ratio, roughness, and area variance, as well as intensity, density, and orientation
of actin cytoskeleton were extracted in [163] to predict cell lines and distinguish
between cancer and non-cancer types. However, their approaches rely heavily
on accurate segmentation of the nuclear envelope. In our case, as YH2AX+ is
primarily analyzed for its distribution and density across nuclei, texture more than

shape would capture this information.

4.4.2.1 Statistical Texture Features

A popular way to quantify texture in images is to compute and analyze GLCM. In
Chapter 2, I introduced GLCM as a second-order statistic that captures pairwise
relationship of intensity levels within a specific neighborhood size in an image. Its
use in medical image analysis is widespread, ranging from brain magnetic resonance
images [102] to liver ultrasound [103]. From the computed matrices, features
encapsulating the intensity co-occurrences in different ways can be measured [97].
In this work, I used the following GLCM features: energy, contrast, prominence,

and correlation.

Energy. Energy measure the uniformity in an image. This is computed by

summing the squared elements of the GLCM.

Energy = Zp(i,j)Q, (4.1)

i?j
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where p(i,7) is the frequency of co-occurrence of intensity bins ¢ and j.

Contrast. Contrast looks at variance in intensities between neighboring pixels,

given by

Contrast =Y |i — j|*p(i, j), (4.2)
4,3
where p(i,7) is the frequency of co-occurrence of intensity bins ¢ and j.

Prominence. Cluster prominence is a measure of asymmetry or skewness in the

GLCM.

Prominence = Z(z +7— i — /ﬁj)4p(i>j)l‘a (4.3)

1,J
where p(i, 7) is the frequency of co-occurrence of intensity bins ¢ and 7, and p; and

(; are mean intensities of intensity bins ¢ and j.

Correlation. Correlation measures how correlated a pixel is to its neighbor

over the whole image.

Correlation = (1= pa) G = Mj)p(l’j), (4.4)
irj 00
where p(i, j) is the frequency of co-occurrence of intensity bins ¢ and j, and p;, p;,

0;, 0; are mean intensities and standard deviations of intensity bins ¢ and j.

4.4.2.2 Latent Features

In a similar fashion as for the cell cycle data in the previous chapter, I explored the
use of latent features to characterize the morphology of DNA-damaged cells. The
aim is to map the segmented nuclei into a latent space with representations capturing
well the density, intensity, and localization of DNA DSB foci and group together

nuclei exhibiting similar features. I adapted the VAE-GAN model and replaced the
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Figure 4.3: The VAE-GAN architecture (A) used to construct the manifold of DNA
damage in cells. The network is composed of three components: encoder, generator,
and discriminator. The encoder (B) maps input images to 16-dimensional Gaussian
distributions with diagonal covariance. The generator (C) produces a reconstruction from
sampled points in the latent space. The discriminator (D) forces the generator to output
images as similar to the input as possible. Latent encoding of the image volumes are then
clustered to form pseudo-classes of DNA damage subtypes (E).
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2D convolutional layers with their 3D convolutional counterpart to accommodate
the 3D nature of our histology data. Figure 4.3 shows the structure of the model.
The model’s encoder contains three convolutional layers with batch normalization,
followed by a series of dense feed-forward layers. For all the experiments, the
dimension of the latent space is set to 16. The generator/decoder mirrors the encoder
with three transposed convolutional layers. For the discriminator, a network with
five convolutional layers with batch normalization was constructed. Feature maps
after the fourth convolutional layer are extracted and used for the learned similarity
metric. For training, the images of segmented YH2AX nuclei were resized to and
centered on 64 x 64 patches, and scaled to the [0,1] range. All network modules are

trained with ADAM optimizers with learning rate of 0.0001 for 500 epochs.

4.4.3 Pseudo-class labels

Extracted representations for individual cells were then clustered into 5 pseudo
texture classes using KMeans. These clusters are then projected and visualized
into 2D using principal components analysis (PCA), shown in Figure 4.4. PCA
was used in this work, in place of UMAP, as our collaborators routinely use PCA
and adopting PCA in this work provides for a better integration with their setup.
Since the data lacks expert annotation for repair and apoptotic classes, I aimed
to use the formed clusters to find texture similarities in foci across individual

cells, acting as class label surrogates.

4.4.4 Comparing cell profiles in control and treated tissues

The last step in my DNA damage analysis is to construct profiles of local neigh-
borhoods of cells to distinguish between regions from treated and control sam-
ples. Constructing spherical neighborhoods of various radii lengths, centered

on identified YH2AX+ cells, I looked at the proximity of other YH2AX+ from
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different texture classes.

Using the texture subtypes identified by clustering on GLCM-based features, I
constructed heatmaps for control and treated samples. Shown in Figure 4.5A are
co-occurrence heatmaps of texture subtypes. Visually, there seems to be a clear
difference between control and treated tissues. Clusters of YH2AX+ cells with
labels 0 and 3 are more prominent in treated tissues. On the other hand, control
tissues exhibit clusters of YH2AX+ cells with labels 0 and 2.

I also observed differences in the heatmaps using pseudo-class labels generated
from clustering VAE-GAN encodings as shown in Figure 4.5B. The number of
neighboring YH2AX+ cells with labels 2 and 4 are elevated in control tissues while
prominence in treated is in YH2AX+ cells with labels 1 and 2.

In Figure 4.6, representative nuclei from each cluster are shown. If we compare
these nuclei images, particularly clusters 1 and 2, we can see that while both seem
to represent punctate nuclei, fluorescence signal is dimmer in class 1. Meanwhile,
clusters 3 and 4 seem to represent larger regions of bright spots instead of isolated
dots. Cluster 0 seems to represent small or fragmented cells that might be from
inaccurate segmentation or apoptotic cells. In the heatmaps in Figure 4.5, the texture
class represented by cluster 2 seems to be more prevalent in control. Additional
markers and further tests can interrogate why this particular texture class appear
more as local clusters in control tissues than in treated.

Both representations resulted in distinct profiles for control and treated regions.
This demonstrates that the identified texture subtypes capture information that
can be utilized for a more refined analysis of tissue sections. It is worth noting a key
difference between the two feature sets that may be relevant in the interpretation
of results and extending in a succeeding work. While both approaches construct
representations from pixel intensities, GLCM features were computed on masked
cell images. This was done because the raw (box-cropped) images contain pixels

from the background and without masking, the background pixels comprising about
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Figure 4.4: Clustering on GLCM representations (A) and VAE-GAN encodings (B) of
DNA damage. Based from these clustering, individual cells are profiled into YH2AX+
texture classes.
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Figure 4.5: Heatmaps, using pseudo-classes from GLCM (C) and VAE-GAN(D), show
differences in YH2AX profiles in neighborhoods in control and treated samples.
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Figure 4.6: Representative cell images for each of the VAE-GAN DNA damage clusters.
Small nuclei with bright spots are represented in cluster 0. Punctate nuclei are represented
in clusters 1 and 2, with cluster 2 of higher intensity values. Cluster 3 and 4 show nuclei
with solid regions of high intensity.
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30%-40% of the images may skew and overpower the pixel information within
the nuclei. In contrast, input for the VAE-GAN model did not require masking
as doing so may introduce artifacts from the sudden drop in intensities in the
nuclei margins. The comparison between the two feature sets should therefore
consider this difference in input context. Lacking annotation for the data used in
this work, however, explaining the profile differences will be difficult. It will be
worth exploring how these texture subtypes correspond to DNA damage response
types. Our current collaboration with the NIH aim to explore this in the future
but this would entail modifying the preparation, acquisition, and analysis setup

to allow for multiplexing of fluorescence markers.

4.5 Revisiting the Cell Cycle

In Chapter 3, we looked at a manifold approach to classify cells into cell cycle
stages. In this section, I will describe how the same approach can be applied to
generate “cell cycle-inspired” texture classes from the DAPI channel of the 4T1
data. As our data lack specific markers for cell cycle, such as Geminin and Cdt1,
alternative approaches to estimate cell cycle stage can be advantageous.

In the context of 4T1 models and our analysis of DNA damage, the capability of
classifying cells into approximate cell cycle stages can help us characterize response
levels to treatment and possibly interrogate DDR mechanisms across different stages.
This has potential impact in experimental medicine as this kind of analysis not only
informs of the response to drug candidates but also subdivides this information and
visualizes the effect against the different cell cycle states. For example, most tissue
images will show cells in the growth stages. If we quantify without accounting for
this majority of cells in G1 or G2, we might miss out on opportunities to target
and study the effects on other cell cycle stages.

In the preceding section, texture classes from YH2AX are derived to build profiles
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for cells and cell neighborhoods. While this result already demonstrates potential
benefit for 3D histology analysis through the visualization of differences in local
neighborhoods in control and treated tissues and which texture classes seem to be
distinctive and discriminative, further enumeration of cell phenotypes that involve
surrogate classes for the cell cycle stages can enrich even more the analysis of 3D
tumor tissues and can open up many avenues for biological inquiry. For example, we
know that certain mechanisms are preferred and differing conditions for checkpoint
activation are necessary for the different cell cycle stages—homologous recombination
pathway is activated only in late S/G2 and nonhomologous end-joining in other
stages when chromatids are not available for use as templates.

Many previous studies aim to infer cell cycle stage from DAPI signal in 2D
images. In [164], cell cycle stage is determined by quantifying the DNA content in
segmented nuclei. Two features, nuclear area and total intensity, were computed
to estimate DNA content. The method relies on the biological fact that the DNA
content within nuclei varies as cells enter the different stages in their life cycle.
From the computed features, a GMM with three components, one component each
for G1, G2/M, and S stages, is estimated. An assumption that the DNA content
in G2 nuclei is twice the DNA content in G1 nuclei was introduced to guide the
initialization of the GMM components.

In the attempt to derive ‘cell cycle-inspired” DAPI classes, I used a VAE-GAN
model similar to Chapter 3. As a surrogate for true labels, I used the output of
the approach in [164] as pseudo-labels to evaluate this model. Clusters are derived
using a GMM with 3 components. Figure 4.7 shows representative nuclei images
for each cluster. The cluster labels match 86% of the pseudo-labels.

I next looked at the distribution of cells in our 3D 4T1 data with respect to
the derived DAPI texture classes. Histograms for both treated and control tissues
show similar profiles, with G1 cells comprising the majority of the analyzed tissues.

However, the dominance of G1 cells is much more pronounced in treated tissues.
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Figure 4.7: Representative cell images for each of the “cell cycle-inspired” texture classes
derived from DAPI fluorescence. Nuclei in the Gl-inspired class are small nuclei with few
punctations. The G2/M-inspired class shows larger nuclei with more punctations. The
S-inspired class represent nuclei with characteristics in between the other two classes.
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Figure 4.8: Cell population in our 4T1 data grouped by the derived “cell cycle-inspired”
DAPI classes. In both treated and control tissue regions, the majority of cells are in the
G1-inspired class and the minority in G2/M-inspired. The dominance of G1-inspired class
is more pronounced in treated.

Figure 4.8 shows these similar histograms for the “cell cycle-inspired” texture classes.
Focusing on only the identified YH2AX+ nuclei tells a different story. In Figure
4.9, we can see that in control tissue regions, half of the YH2AX+ cells are in the
G2/M-inspired texture class, while in treated tissues YH2AX+ cells are almost
evenly split across the three texture classes.
Using the derived cluster labels, I incorporated this “cell cycle-inspired” texture

information with the yYH2AX texture classes to further subdivide the cell population
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Figure 4.9: YyH2AX+ cell population in our 4T1 data grouped by the derived “cell
cycle-inspired” DAPI classes. Half of the yH2AX+ cells in control tissue regions are in
the G2/M-inspired texture class, while in treated tissues YH2AX+ cells are almost evenly
split across the three texture classes

in our 3D 4T1 histology data. Shown in Figure 4.10 are histograms of cells with
joint texture information from DAPI and yH2AX. Profiles for the G2/M-inspired
class for control and treated appear very similar, with prevalence on DDR class 1.
As for the Gl-inspired class, there seems to be a shift of prevalence from DDR class
3 to DR class 1 in treated tissues compared to control. We can observe a similar

shift in the S-inspired class from DDR class 0 to DR class 1.

The further subdivision of the cell population with joint analysis results from
the DAPI and yH2AX channels reveal additional insight that has potential benefit
for the characterization of tumor tissues and treatment response. However, the
constructed phenotypes heavily rely on the textural and visual differences captured
by the VAE-GAN model. Grounding these classes to actual biological differences
using additional markers ideally will strengthen the insights that the histograms
and profiling can offer. Nevertheless, the distinctive profiles from the derived
phenotypes can serve as initial indicators of treatment response. In the context of
our ongoing collaboration with the NIH, the phenotyping and profiling has pushed
forward the direction of our experiments and served as a validation tool for our

3D histology protocol and analysis pipeline.
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Figure 4.10: Joint profiling of cells in 4T1 tissue using texture classes derived from
vH2AX (DDR) and DAPI (cell cycle). Profiles for the G2/M-inspired class for control
and treated appear very similar, with prevalence on DDR class 1. In the Gl-inspired
class, a shift of prevalence from DDR class 3 to DDR class 1 in treated tissues compared

to control can be seen. A similar shift can also be observed in the S-inspired class from
DDR class 0 to DR class 1.

4.6 Summary

In this chapter I presented a different context in which the analysis of morphology
poses several challenges. 4T1 is a model cell line widely used in cancer studies and
the demonstration of working protocols and analysis pipelines specific to this model
has the potential to further enrich its sea of discoveries. I demonstrated using a 4T1

dataset that texture representations using GLCM and VAE-GAN have a potential
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impact on DNA repair analysis on tissue microenvironments. Using my approach,
I identified YH2AX+ and learned texture subtypes that show notable differences
between control and treated tissues. This can enable a more precise quantification
of experiments, particularly on response to anti-cancer drugs and therapies.

I highlight the contribution of this work as follows:

1. State-of-the-art artificial intelligence methods are integrated with thick 3D
histology analysis by developing a seamless pipeline, from segmentation of 3D
4T1 histology volumes to profiling DNA damage in local neighborhoods of

cells.

2. 3D segmentation methods were tested and demonstrated to achieve high
accuracy and sensitivity in localizing and segmenting nuclei in 3D 4T1

histology volumes.

3. Representations of morphological variations of DNA damage in cells are

constructed using a VAE-GAN model and GLCM features.

4. Clustering on the extracted features using GLCM and VAE-GAN provided
pseudo-labels for texture classes that can be used to characterize tissues and

to differentiate between control and treated tissue regions.

5. By constructing surrogate classes for cell cycle stages from DAPI, finer-grained
cell phenotypes can be used to further discriminate between control and treated

tissues, and visualize the differences in their phenotypic profiles.
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In the previous chapter, I demonstrated several ways by which individual cells
can be analyzed through the extraction of distinctive texture representations for
phenotypes, particularly in control and treated tissues. While these approaches shed
some light on the states of individual cells and their differences when compared,
particularly in experimental medicine settings, they cannot represent structures,
interactions and processes that extend beyond the single cell. For example, we
know that certain interactions between different cell types occur in key biological
processes such as DNA damage and immune response. In the last chapter, two cell

types involved in these processes, YH2AX+ and CD8+ cells, were discussed.

In this chapter, I consolidate the extracted information from individual cells in
local neighborhoods in tissues and aggregate them towards meaningful neighborhood
representations that can be used for the analysis of tissue regions. In particular, I
investigated the use of such representations to interrogate interactions between DNA
damaged cells and immune cells and to identify key vascular structures in tumor
tissues. I also briefly looked into the assessment of analyzing 3D histology data in
place of 2D histology in traditional histology analysis pipelines. I argue and provide
quantitative evidence of the advantage of tissue representations using 3D data over
2D. I divide the chapter into the following sections: (i) background on transitioning
from single cell analysis to tissue-level analysis; (ii) comparison of the readouts
of fluorescence markers between control and treated tissues; (iii) enumeration
of YH2AX+ and CD8+ cells and comparison of the frequencies in control and
treated tissues; (iv) an approach to aggregate single cell-level information in tissue

regions to identify holes in tissues.
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5.1 Marker readout of YH2AX and CDS8 markers

In the previous chapter, a 3D 4T1 histology data with control and treated samples
was introduced. The tissues were marked with antibodies for CD8 and YH2AX to

help us identify which nuclei have damaged DNA and which ones are immune cells.

In this section I discuss a common but simple task necessary in establishing
experimental setups in fluorescence microscopy. While the choice of fluorophores
and all experiment details were left to the expertise of our collaborators, I assessed
quantitatively the marker intensity and penetration to ensure that downstream
tasks such as the analyses presented in the previous chapter, as well as in this

chapter, can be done accurately.

Marker readout, or fluorescence readout, is an important technique to detect
molecules in a microscopy experimental setup. In the context of our work, the
readout of our selected markers can give indication and feedback on study parameters:
antibody concentration, tissue preparation, image acquisition. In a much broader
sense, in drug screening in experimental medicine, a quick marker readout can
demonstrate drug activity and response. In this work, the inclusion of marker

readout in the pipeline for 3D histology can perform this exact function.

Our 4T1 data presents a challenge in marker readout. Although a careful process
of making the tissue samples as transparent as possible was done, the thick nature
of the tissue and light scattering from other factors resulted in uneven intensity
throughout the z-stack. Without correction, deeper z-slices appear dim while the
first few slices appear brighter. This difference in contrast would be problematic
in our analysis tasks, particularly in segmentation. In Chapter 4.4.1.2 I presented
the thresholding approach to isolating CD8+ and yH2AX+ cells. Although Otsu’s
method is adaptive to image contrast, I found that similar levels of contrast
resulted in better masks. Moreover, without contrast correcting based on depth,

the thresholding needs to be done on each plane separately.
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To address this contrast gradient, I performed a depth-wise contrast stretching
on the individual channels. For each of the z-slices, I computed a histogram and
selected the intensities of the 5th and 95th percentiles. I also selected a reference
z-slice. All other slices will be stretched to the contrast of this reference slice.
For most of the image volumes in the dataset, the reference slice is the 9th or
10th slice. I did not use the earlier slices as they contain empty regions due to
the uneven tissue surface. The equation below details the formula used to correct

the contrast across the image volumes:

Pt = (P — ©) (b - a) +a, (5.1)

where P,,; is the stretched intensity value, P;, is the old intensity value, a and b
are the intensities of the 5th and 95th percentile of the reference slice and ¢ and d

are the intensities of the 5th and 95th percentile of the slice for correction.

Figure 5.1 shows a slice from different imaging depths before and after correction,

as well as a YZ plane before and after the same correction.

Using the contrast-corrected images volumes, I then looked at the intensity
distribution in control and treated tissues. In our experiments, we expect higher
intensity levels of YH2AX in treated regions. This follows from the established
connection between irradiation and DNA DSBs, which yYH2AX measures. Similarly,
we expect higher intensity levels of CDS in treated tissues as immune cells are
activated to mount a response to the DNA damage from irradiation. Figure 5.2
compares the intensity values for YH2AX and CD8 in treated and control regions.
Control tissues have mean intensity values of 248 and 249 for CD8 and YH2AX.
Meanwhile, treated tissues express higher fluorescence levels, with 389 and 361

mean intensity values for CD8 and yH2AX.

The heightened fluorescence intensity levels in treated tissue regions indicate

that the experimental parameters induce the desired response and activity in treated
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(¢) XZ plane before contrast stretching (d) XZ plane after contrast stretching

Figure 5.1: Slices from an image volume before and after image stretching. With thick
tissue specimen, the acquired image volumes have varying fluorescence intensity levels.
To correct for subsequent tasks, the contrast for each slice was corrected with respect
to a chosen reference plane. After correction, we can see in (b) and (d) similar contrast
levels between different imaging depths.

tissues with a solid baseline control values. This result then justifies the subsequent

analysis on our 4T1 histology data detailed in this thesis.

5.2 Enumerating cells in thick 4T1 tissues

Counting cells is another important task in histology analysis. More importantly,
counting cells of certain types can characterize tissues and activities within tissues. In

this section, I describe how the enumeration of cells in our 4T1 histology data can be
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Figure 5.2: Marker readout reveals higher intensities of YH2AX and CDS8 in treated
tissue regions compared to control. This supports expectations as irradiation has been
linked to DNA double strand breaks and immune response.

another descriptor to characterize and differentiate treated and control tissue regions.

Enumerating cell types has clinical significance. More commonly, this is routinely
done in hematological analysis to obtain diagnostic information ranging from anemia
and infection to cancer. In our case, and in experimental medicine in general, we
look at specific cell types that are exhibiting desired patterns and effects in order
to study diseases and treatments.

In Chapter 4.4.1.2, I presented an approach for the segmentation of individual
nuclei in the 4T1 image volumes. From this segmentation, we can establish an
estimate on the number of cells in an image volume. In Table 4.2, select tiles were
manually counted to validate the number of segmented cells.

In some experiments, the number of cells within a region of interest or field of view
must exceed a set threshold before performing certain analyses. In experimental
medicine, for example, as assays and WSIs can be time-consuming to examine
exhaustively, smaller regions are processed instead. In such cases, we focus on
regions with high levels but ensure that the scale at which we look still represent a
meaningful view of the environment, represented by the constraint on the number of
cells and consequently the region volume. This constraint is particularly important

in the proximity analysis in Chapter 5.3 as we investigate not only the cell types
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Figure 5.3: Enumerating yYH2AX+ and CD8+4 cells in control and treated tissues. The
increased number of YH2AX+ and CD8+ supports our expectation of observing increased
damage and immune response in treated tissues due to irradiation.

but their interaction at local scales.

As discussed in Chapter 4, YH2AX is a sensitive marker for DNA DSBs. Looking
at the number of cells exhibiting high intensity values for YH2AX can give us an
indication of the degree of damage due to irradiation, especially when we compare
it with control baselines. Similarly, the concentration of CD8+ cells in regions can
help us understand the mounted immune response to the induced DNA damage.

Using the isolated and identified YH2AX+ and CD8+ nuclei from the segmen-
tation in Chapter 4, I enumerated each cell type for each of the selected regions
of interest in control and treated tissues. In Figure 5.3, we can see how the cell
enumeration for yYH2AX and C'D8 compare between control and treated tissues. In
control, an average 0.5% of the cells in image volumes are CD8+ and about 1.5%
are YH2AX+. On the other hand, 1.25% of cells are CD8+ and 6% are yYH2AX+
in treated regions. This increased ratios of cells positive for CD8 and YH2AX in
treated tissues support the expectation of observing higher degree of damage and
heightened immune response due to irradiation.

In the same light as how the heightened levels of intensity in treated tissue
regions presented in the previous section demonstrate and substantiate the increased

DNA damage and mounted immune response after irradiation, the enumeration
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of the YH2AX+ and CD8+ cell types in regions of interest defines a profile for

treated regions that is distinguishable from control.

5.3 ~YH2AX-CDS8 proximity analysis

In the previous section I looked at what cell types and how many from each cell
type can be observed within a region. In this section, I extend this analysis to
also incorporate the spatial relationship between these types to indirectly quantify
the interactions between cell types. The results of this section was presented as
part of our workshop paper for MICCAI-MOVT [165].

While cells are considered the basic blocks of life, they do not exist and function
on their own, particularly in complex organisms. Cells communicate with each
other through physical and biochemical means to start or react to processes and
conditions. In tumor microenvironments, for example, our current understanding
has been driven by observing how tumor cells interact with normal cells and the
extracellular matrix [166]. Previously in Chapter 4, I have introduced DNA damage
response and the involvement of immune cells in this complex biological process.
In the context of cancer and experimental medicine, studying the relationship and
interaction between DNA damage and the mounted immune response can offer
several opportunities. One of the primary aims of our collaborative project with the
NIH is to examine in thick 3D histology the role of immune cells and their activation
during DNA damage response. With our data labelled for YH2AX and CDS, initial
work was done to establish the relationship between these two cell types.

As interactions can either be direct or mediated by biochemical molecules such
as ketones and cytokines, the spatial analysis between CD8+ and YH2AX+ cells
should not be limited to small scales that only account for adjacent cells. Moreover,
the occurrence of adjacent CD8+ and YH2AX+ cells in the 4T1 data is very low.

Although the cytotoxic attacks of T cells have been shown in a direct contact
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Figure 5.4: Analysis of the proximity of YH2AX+ and CD8+ reveal a higher
concentration of YH2AX+ cells near activated immune (CD8+) cells. This increase
becomes more pronounced in larger neighborhood scales (128px or about 80um), suggesting
range of interaction possibly longer than previously thought that can be studied in a
future work.

mechanism, this has not been exclusively established to be the only mechanism
involved as activated T cells also release signalling molecules to recruit other T
cells and other immune cell types in the area of detection. In my analysis, I
looked at three scales: 32px, 64px, and 128px. This translates to roughly 20um,
40pm, and 80um. At these scales, direct interactions, as well as indirect, can
be interrogated and quantified.

Figure 5.4 shows the proximity analysis across different scales. At a small scale
of 32px or about 20um, we can observe an increase in YH2AX+ cells clustered
near CD8+ cells. For most of the CD8+ cells in control tissue regions, there are
no adjacent YH2AX+ cell. On the other hand, an average of one YH2AX+ cell
is adjacent to CD8+ cells in treated tissue regions. At double the scale (64px or
about 40um), the increase in treated tissue regions becomes more significant. For
each of the CD8+ cells in treated tissue regions, an average of 7 YH2AX+ cells
are within its vicinity. At 128px or 80um, this trend continues—the distribution of
yH2AX+ near CD8+ in treated is much higher than in control (p = 6.35 x 107%%).

In the previous section the increase in the number of YH2AX+ and CD8+ in
treated tissue regions compared to control was established. The proximity analysis

I presented in this section can supplement this information. In addition to the
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increase in number in the two cell types, the spatial clustering of these cells implies
the existence of an underlying mechanism that involves the two cell types.

To fully capture the interaction between DNA damage and immune cells, we
would need to look at apoptosis induced by cytotoxic T cells. Apoptotic cells can
also be marked with yH2AX, similar to DNA damage. They appear as punctated
and fragmented nuclei in fluorescence images. In Chapter 4, we looked at DNA
damage phenotypes. Grounding and validating one of the texture classes to roughly
correspond to apoptotic cells can further enrich the proximity analysis presented
in this section as we can also visualize the percentage of apoptotic cells within
the neighborhood from the enumerated DNA-damaged cells. In the context of
tumor treatments, this additional information can help us quantify even more the
effectiveness of drugs and irradiation as we can report not only the induction of DNA
damage but also the reduced repair capability in cells. This validation, however,
would require an additional marker for apoptosis, such as PD-1 (programmed cell
death protein 1). Plans for our future experiments with a multiplexed setup

include the use of PD-1.

5.4 Comparing 2D and 3D tissue analysis

The histological analyses presented in this chapter and the previous one work
directly on the acquired 3D histology data. However, much of the analyses in
histology are still done in 2D in clinical and experimental medicine settings. The long
established 2D histology workflow still remains to be the gold standard for diagnostic
and experimental purposes. In recent years, we have seen newer technologies in
microscopy and tissue preparation that can enable the interrogation of thicker
tissues and thus allow the analysis to take place in 3D. As with any type of new
technology, its adoption would rely on the adequate demonstration of advantages

and improvements over the existing ones. In this section, I argue and provide a
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quantification of the advantage of analyzing thick 3D sections over the conventional
(thin) 2D sections in the context of the 4T1 histology data I have used in this thesis.

In the following subsections, I will briefly introduce a typical 2D histology
workflow, a 3D workflow that improves on the conventional 2D, how I extracted
pseudo-thin slices from our 3D 4T1 data, and the comparison of the proximity

analysis I have previously presented in both 2D and 3D.

5.4.1 2D Histology

A typical 2D histology workflow involves fixation, dehydration, and embedding of

tissues. This is followed by sectioning and staining of the mounted sections [167].

Fixation. Fixation refers to the process of using chemicals such as formalin to
preserve the structure of the tissue. This step prevents tissue degradation and

hardens the sample, making it easier to be cut into thin sections.

Dehydration. Tissues are then dehydrated to further harden the sample and
to ensure proper embedding as paraffin is not miscible in water. This process is

typically done by the addition of ethanol, followed by xylene.

Embedding. After the tissue is dehydrated, it is embedded in paraffin or resin

to enhance the extraction of cellular structures.

Sectioning. Embedded tissues are then mounted on a microtome and cut into

sections, typically 4-5um.

Staining. Thin tissue sections are stained depending on the specific structures
and diagnosis wished to be observed. Common stains are hematoxylin and eosin

(H&E), immunohistochemical stains, Giemsa, and Gram.
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Figure 5.5: Conventional pathology versus non-destructive 3D pathology. (a) The
conventional histology workflow was developed over a century ago and involves the use
of harsh fixatives and dehydration agents (such as xylene) followed by wax embedding,
destructive sectioning and the staining of slide-mounted sections with chromogens, such as
H&E, or for immunohistochemistry. In addition to being time consuming and destructive,
conventional 2D imaging allows the imaging of only a small fraction of the clinical specimen.
(b) Advances in optical cleaning and fluorescent labelling, along with high-throughput
volumetric microscopy, have enabled entire specimens (for instance, core-needle biopsies)
to be imaged in three dimensions, with minimal requirements for tissue processing and
mounting. 3D pathology provides rich structural and molecular information from large
intact specimens, and preserves valuable clinical specimens for downstream assays (such
as DNA and RNA sequencing). Image and caption adapted from [168].

5.4.2 3D Histology

Two-dimensional histology, despite its limitations, remains the standard in clinical
practice. In recent years, however, studies demonstrating the potential of 3D
histology workflows have been increasing in number [168-170].

The rationale for 3D histology or histopathology over the conventional 2D
workflow boils down to three arguments which is best illustrated in Figure 5.6,
adapted from [168]. First, as 3D histology involves imaging thick tissue specimens
in multiple optical or physical tissue sections, convoluted structures can be more
accurately studied. These convoluted structures include vascular and glandular
networks, as well as complex-shaped cell surfaces. In viewing these structures in
2D, artefacts, ambiguities, and misrepresentations are to be expected. In Figure
5.6a, a complex vasculature or tubule may appear disjointed or present regions that

are completely misleading. The same is the case for elongated nuclei, an example
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Figure 5.6: 3D pathology can outperform 2D pathology. (a) For convoluted 3D structures,
such as prostate glands, tumor vasculature and kidney tubules, 2D cross-sectional views
can be misleading. (b) For distributions of cells and other structures, 2D cross-sectional
views might preclude the accurate quantification of complex spatial relationships, such
as those found within tumor immune microenvironment and the cancer stem cell niche.
(c) For rare objects, such as tumor-initiating cells, lymphovascular invasion and minimal
residual disease, 2D sections might not provide adequate sampling to identify and quantify
such targets. Image and caption adapted from [168]

of which is shown in Figure 5.7. Enumerating elongated nuclei and quantifying
their elongation are often done to study nuclear stability, epithelial-mesenchymal
transition (EMT), and protein regulations and expressions [171]. As the elongation
can be at an angle with respect to the imaging plane, an elongated nuclei may
appear rounder and the degree of elongation be perceived lesser in 2D sections.
Second, the spatial distribution of different cell phenotypes can be interrogated
better in 3D. With larger volumes of tissues to analyze, we may capture better the
heterogeneity in tissues. Lastly, sparse objects or cell types may be sampled better
in 3D compared to 2D histology. In our 4T1 data, for example, there are z-slices
not containing any CD8+ cell particularly in control tissues. In a 2D histology
workflow, if we unluckily sample only in these sections, the enumeration of CD8-+
cells and comparison between control and treated tissues may be severely skewed.

3D reconstructions from images of histology sections had been attempted to
extend tissue analysis beyond 2D [172-174]. Using machine learning methods, the
2D sections can be registered to make 3D image volumes of tissues. In [175], a high

performance computing (HPC) workflow was proposed to give the analysis of 2D
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Figure 5.7: An elongated nuclei well captured in 3D but not in 2D XY optical plane.
With limited view on 2D (thin) sections, nuclei elongated along the z-axis will appear
normal and round. This negatively impacts the accurate characterization of elongation
which is important in tumor studies.

histology sections the 3D context of the imaged tissue samples. With a procedure
to detect macrostructures in brain tissues and to extract features from these
macrostructures, the registration of pairs of histology sections were done. After this,
further refinement of the registration is performed to ‘repair’ regions with artefacts
(distortion, missing cell information) by using another model trained on intact tissues.

Autocuts-LM [176] is a similar system for end-to-end 3D reconstruction and analysis
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of tissues. Originally designed for scanning electron microscopy (EM) tomography
[177], tissue sections, embedded in resin, were serially sliced with thickness of around
300-400 nm, collected and imaged using lightsheet microscopy. These sections are
then aligned by a slice-to-slice image-based reconstruction approach. Image pairs
are matched by translation and rotation, followed by a finer-grained registration.
Both of these systems demonstrate high performance measures for their registration
output. In both approaches however, the reconstruction is ultimately limited by
the destructive nature of the sectioning process. Moreover, because the sectioning
is irreversible, the tissue becomes unavailable for future and further analyses.

With newer tissue preparation and imaging protocols and more powerful com-
putational tools, we are now able to develop pipelines that aim to address the
destructive nature of serial sectioning and provide an alternative to analyze 3D
tissues intact. The transparency of biological tissues is paramount to acquiring high
contrast and high-resolution images from thick 3D tissues sections [178]. While
tissues are composed mainly of water, free and unwanted (for the purposes of
imaging) substrates, such as lipids and colored pigments, increase the scattering
(and/or absorption) of light that contributes to the reduction of the signal-to-noise
ratio in images. But more importantly, with water comprising a big part of the
tissues, there is a wide mismatch in refractive indices (RI) of target proteins (1.44)
and lipids (1.45) and the surrounding water medium (1.33). This mismatch can
further worsen the scattering of light [179-181]. Other factors that facilitated
the possibility of 3D histology include more sensitive and deeper penetrating
labelling protocols and the increased imaging capability using multiphoton and
lightsheet microscopy.

With these advancements, we now have the capability to interrogate thick
tissue samples without the need for destructive workflows, opening up avenues to
improve existing quantitative analyses on tissues and to investigate biological and

medical phenomena which were previously difficult or impossible to examine in 2D
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[168, 182]. While 3D histology workflows seem promising, they come with a few
challenges. Trade-offs on resolution, cost, speed, and photo-bleaching need to be
carefully considered when choosing which 3D imaging technology to use and the
choice varies across different tissues and purposes. Confocal imaging offers high
contrast and spatial resolution but is constrained by speed and photobleaching.
Lightsheet microscopy, on the other hand, acquires images faster, deeper, and with
lower photobleaching but often with lower resolution compared to confocal. The
amount and size of acquired data also pose problems in storage, quality control,
and processing. Lastly, sufficient motivation and evidence towards the adoption
of 3D histology is yet to be seen in clinical settings. Analyses and computational
tools that highlight the potential of 3D histology in specific biological and clinical

contexts are therefore crucial to forward the impact and acceptance of 3D histology.

5.4.3 Extracting thin slices from 3D 4T1 tissue data

In order to compare analysis on thin sections with analysis on thick sections, I
simulated the sectioning process in a typical 2D histology workflow. This was done by
extracting bum virtual sections from the 3D 4T1 image volumes and discarding the
z-slices at 20pum intervals. This is visualized in Figure 5.8. In this sectioning, we can
see how many of the cells do not become part of the data for analysis and structures

such as the vascular hole in the figure are not well represented by the sampled slices.

I performed the virtual sectioning on each of the image tile, with each tile
having 5 thin sections each. I used these extracted thin sections to also analyze
the proximity of YH2AX+ and CD8+ cells and compared the results with results

using 3D volumes in Chapter 5.3.
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Figure 5.8: To enable the comparative analysis between 2D (thin) sections with 3D
thick sections, virtual sections of 5um at 20um intervals were extracted. This sectioning
simulates a typical 2D histology workflow that samples limited sections and discard
significant amount of data. Many cells are ignored in analysis and tissue structures are
not represented well.

5.4.4 Proximity analysis in 2D and 3D

The proximity analysis done on 3D image volumes of 4T1 tissues revealed an
increase and possible clustering of YH2AX+ cells near CD8+ cells. With the three
specified scales; (20pum, 40pm, 80um) well within the thickness of the tissue volume,
I was able to demonstrate that larger neighborhood regions show more pronounced
increase in clustered YH2AX+ cells. In my analysis on the extracted thin sections,
the spherical neighborhood regions become almost cylindrical as the thickness of
the thin virtual section (5um) is way lower than the set neighborhood scale. Similar
to the 3D proximity analysis, I counted the number of YH2AX+ within the vicinity
of CD8+ cells. Using 3D, even in the smallest neighborhood scale (20um), there is
a significant increase of nearby YH2AX+ cells in treated tissue regions. It would
therefore be adequate to show the 2D analysis on this scale as going bigger would
only mean larger tissue regions not captured in the virtual sections.

In Figure 5.9, we can see that while there is still an observable increase in the
number of clustered YH2AX+ cells near CD8+ cells in 20um neighborhoods, this is
not as well pronounced compared to the results using the full 3D image volumes of
thick tissue regions. This is further quantified with a p value of 1.81 x 10!, which

is orders higher than the 3D counterpart shown in Figure 5.4.
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Figure 5.9: Comparing proximity analysis on 2D (thin) slices with 3D image volumes.
Using extracted thin virtual sections, the same analysis on 3D 4T1 image volume was done
on 2D data to demonstrate the advantage of 3D histology in capturing spatial relationships
of target cell types. In this work, I quantified the advantage of 3D by showing the more
significant increase of neighboring YH2AX+ cells near CD8+ cells in treated observed
using 3D data compared to 2D virtual sections.

This quantification of YH2AX+ cells proximal to CD8+ cells in both 3D and
2D (thin) histology sections is a demonstration of the advantage of 3D analysis in
capturing spatial information that cannot be adequately modelled in 2D. Using
the typical thickness of 5um in 2D histology, much of the structural information
in tissues is lost. As discussed in Chapter 5.4.2, methods that demonstrate the
advantage of 3D histology is crucial in the progress and acceptance of such workflows
in clinical and experimental medicine contexts. The comparative results presented

in this section serve this specific purpose.

5.5 Segmenting microstructures

Tissue microstructures, as the name implies, are small structures or landmarks
formed from organized set of cells and holes in tissues. In this section, I detail a sim-
ple way to detect microstructures, specifically vascular regions and tears, in tissues.

Vascular networks in tissues provide nutrients necessary to sustain life in cells

and to remove waste products of cellular metabolism. These blood vessels are
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comprised of complex tubular networks that can vary in size and composition
depending on the anatomical location and function [183]. In tumors, the vascular
network is part of the microenvironment that supports and promote their growth.
The ability to map and to model these networks, possibly relative to target cell types
(tumor, hypoxic, immune, apoptotic, and damaged), can impact how we understand
the disease and how we can deliver and administer drugs and treatments [184, 185].

Another feature in tissue that can be observed in histology are tears. Tears
and holes are artifacts that can result from mishandling during tissue preparation.
During the dehydration step, when not fully dehydrated, the tissues become more
prone to tearing as the paraffin wax was not able to infiltrate properly. Excessive
exposure to embedding media can also result to excessive tissue hardening. When
too hard, cracks during sectioning become more frequent. The microtome can
also puncture tissue during sectioning [186].

The identification of both vascular networks and tears in tissues can have great
impact in histological analysis. While the identification of these microstructures can
easily be done with patch-based classification and segmentation with a supervised
model, I will demonstrate that the readily available cell-level information from the

segmented nuclei from Chapter 4 has the potential to achieve the same goal.

5.5.1 Using orientation of cells in local neighborhoods to

infer structure

From the 3D nuclei segmentation done in Chapter 4, the 3D orientation of each
nuclei can be estimated by computing the principal axes of an ellipse that encloses
the segmentation. In Figure 5.10, I visualized the segmented nuclei together with the
orientation information. From the same volume, we can see holes that are possible
vasculature or tears. Using the orientation information I attempt to highlight

these holes from the image volumes. I examined the similarity of an individual
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cell’s orientation with respect to its neighbors. To do this, cosine similarity was
computed and averaged to represent the “structure” of the neighborhood of this
cell. The assumption is that nuclei near boundaries of vascular holes, tears, and
other microstructures would exhibit varying orientations. In the case of vasculature,
surrounding cells would orient following the curvature of the hole. In tears, the

disruption of tissue continuity would result in abrupt rotations.

In Figure 5.11, two patches are the corresponding similarity score is shown. The
first patch shows a region around a cell near a possible tear or vasculature. As
depicted by the lines for the principal axes of fitted ellipsoids, the patch region
is “disorganized” compared to the second patch with very similar orientations of
neighboring cells. Consequently, the cosine similarity score for the first patch (0.43)
is lower than the second (0.75). This illustrates the potential of cell orientation

to characterize local organization of cells in tissues.

5.5.2 Recognizing vascular regions and tears in tissues

From the computed similarity scores for each nuclei with respect to the orientation
of its neighboring cells, I visualized this information to extend the patch-level
comparison from the previous section. In Figure 5.12, an XZ plane with two visible
holes is shown. We can see that in regions near the holes in tissues, the similarity
scores of nuclei are lower (appearing as green) compared to the regions far from
these structures (appearing as yellow).

The ability to recognize these structures offer several possibilities in research.
The tissue holes that are highlighted using the method can serve as candidate
regions that can be verified with additional markers or annotations by experts
to confirm if they are of biological importance, particularly if they are part of
the vascular network. The identification of the vascular network in tissues can

help in modelling microenvironments and look at biological phenomena such as
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Figure 5.10: Orientation map of cells in a 3D 4T1 histology volume. Using the nuclei
segmentation from 4, the 3D orientation of each individual nucleus was computed and
visualized. Lines in the figure represent the principal axes of individual nuclei. Yellow
regions correspond to YH2A X+ nuclei; red regions are CD8+. This orientation map is
used to infer local structures in tissues. Visualization using AIDA [187].
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L

(a) Similarity = 0.43 (b) Similarity = 0.75

Figure 5.11: Cosine similarity scores for patches based on nuclei orientation. Comparing
two patches, one near and another far from a possible vasculature, the closer cell has a
lower similarity score with its neighbors than the farther cell.

0.0

Figure 5.12: Grouping of nuclei based on orientation and locality segments holes in
tissues. Using the computed orientation map, individual nuclei are assigned similarity
scores with respect to their neighbors’ orientation. Cells surrounding holes appear green
(low similarity scores) while cells far from them appear yellow (higher similarity scores).

angiogenesis and hypoxia [188]. In the case that the tissue holes turn out to be
tears through validation, the information can still be used as a form of quality
assessment of handled tissues.

With the limited amount of data points, however, it would be ideal to demon-
strate the generalizability of the method to recognize the tissue microstructures
in subsequent image acquisitions of 4T1 and other tissue samples in future work.
Additional markers are also needed to validate the highlighted regions in the
proposed approach. Moreover, as the approach is reliant on the accuracy of the

nuclei segmentation, ablation experiments that involve polarity information of
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cells will be helpful. Nevertheless, the method in this section shows how cell-level
information can be aggregated to characterize local neighborhoods to infer forms of
organization—in this case, the orientation of nuclei. This provides for a multi-scale
analysis that does not require multiple models trained on different scales. Instead,
only a model working at the cellular level to extract information is trained, and

on top of which, analysis on a higher biological scale can be built.

5.6 Summary

From the single cell analysis to differentiate between control and treated tissues
in our 4T1 histology data, I presented in this chapter multiple ways to use tissue-
level information and to aggregate cell-level information within tissue regions to
achieve the same goal of characterizing DNA damage and immune cell activity
after irradiation of 4T1 tissues. Additionally, I demonstrated how the orientation
of nuclei extracted from individual cells in our 4T1 data can be used to recognize
holes that can possibly be vascular structures and tears in tissues. These analyses
have potential impact on tumor and experimental medicine studies as tissues can
be characterized through enumeration of target cell types, regions of hypoxia can be
estimated by inferring distance from vascular holes in tissues, and image volumes
can be screened for tears. In particular, in future work in our collaborative project
with the NIH for which the analysis pipelines described in this thesis were initially
designed, we aim to look at using the information from these analyses to further

study tissue damage and immune response in relation to hypoxia and cell death.



Discussion

In this chapter, I summarize the works presented in the preceding chapters, highlight
the contributions of each work in relation to the research aims I laid out in Chapter
1, address the limitations in analysis and scope, and detail possible extensions

and improvements in future work.

Chapter 3

In Chapter 3, I addressed the research question: How can we build a model with
fewer input and annotations and integrate temporal information with spatial features
to visualize and to analyze the cell cycle?. 1 looked at constructing a manifold of
the cell cycle. I presented the developed approach involving a VAE-GAN model
that incorporates not only the textural information from the cell imaging data but

also the temporal information as the cells progress in their life cycle. I worked
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under the constraint of using only a single fluorescence channel—following from
previous works attempting to “do more with less”. In my attempt, I only used the
DNA replication factory marker (PCNA) and modelled the textural changes in the
different known cell cycle stages. Furthermore, I did not utilize any exhaustive
form of annotation during training. The choice to employ self-supervised methods
is inspired by recent developments and advancements in both machine learning and
biological studies trying to disentangle model development from certain biases that

are inherently present in data—annotation bias and injection of prior knowledge.

My work on the cell cycle demonstrated that despite the constraints imposed on
model training, common tasks in the study of the cell cycle can still be reasonably
achieved. In staging individual cells, the self-supervised model was able to correctly
identify the cell cycle stage in the majority of the cells in our test data. Although the
performance of the self-supervised model fails in comparison with its fully supervised
counterpart, the potential applications that are now rendered possible due to

simplicity and non-reliance on annotations can outweigh this difference in accuracy.

Another task that the model proved to be useful at is in the analysis of single
cells to identify key cell cycle stages and to estimate cell cycle time in time-lapse
imaging data. The effective demonstration on this task highlights the utility of
spatio-temporal data in lieu of multi-channel high resolution images commonly

used in cell cycle studies.

Furthermore, in Chapter 4, I have shown how the VAE-GAN model can be
used for another kind of data. This demonstrates that the architecture can be
adapted to fit different needs. In particular, I went from analyzing textures in

2D images to textures in 3D image volumes.
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Chapter 4

In Chapter 4, I interrogated how we can extend the representation learning pipeline
from Chapter 3 for phenotyping cells in 3D histology. 1 demonstrated other
applications of our VAE-GAN model using a 4T1 dataset. Capturing the texture
representations using VAE-GAN, as well as GLCM, can aid the DNA repair analysis
on tissue microenvironments. My approach enabled to identify of YH2AX+ from
the segmented nuclei in the 3D histology data and and to learn texture subtypes of
DNA damage from which control and treated tissues can be profiled comparatively.
Similarly, texture classes were derived from DAPI fluorescence to group nuclei
into “cell cycle-like” classes. The joint derived classes from DAPI and yH2AX
provided a means to further subdivide the cell population into phenotypes. This
profiling has the potential to enable a more precise quantification of experiments,

particularly response to anti-cancer drugs and therapies.

Substantial amount of the work detailed in this chapter, as well as some parts
from Chapter 5. were presented and published as part of the proceedings of the
MOVTI workshop at MICCAI [165]. In discussions from this workshop, together
with comments from experts in various other settings, major points were raised
particularly on the limited data. As this work is part of an ongoing exploratory
projects, the acquisition of data is staggered and pivots quickly to accommodate
new insights from experiments. While the limited amount of data points used does
not necessarily invalidate the results presented in this chapter, it is ideal to work on
more samples to increase the statistical power and to validate results. This, however,
requires modification of the current preparation and acquisition setup which has
been possible only recently. Despite the small sample size, the analysis presented
here has supported the hypothesis of our collaborators and steered the direction of
our next experiments. In the context of our ongoing project, the adaptability of

methods and rapid demonstration of working hypotheses is important. The analysis
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on DNA damage substantiated the hypothesis on the higher damage levels and
increased repair capability of treated tissues. Even in the absence of additional
markers to validate the constructed phenotypes, the profiles for treated and control
tissues show significant differences attributable to tissue treatment. Acquiring
additional tissue and tumor types, which we aim to accomplish in future works, can
further strengthen this result and demonstrate the applicability of representation

learning and our VAE-GAN architecture in phenotyping cells in 3D histology images.

Chapter 5

In Chapter 5, I looked into how we can aggregate and utilize cell-level information
to characterize and to differentiate higher-level structures in tissues. 1 detailed how
I addressed the intensity gradient across the image volume—decreasing contrast
as we view deeper optical sections in the thick tissue samples. By stretching the
contrast in these sections to match a reference z-slice, similar intensity ranges
can be observed in different depths, correcting the problem brought about by
the thickness of the tissue samples. I showed that while intensity values were
adjusted by contrast stretching, this does not affect the comparative distribution
of intensities of YH2AX in control and treated samples. The mean intensities for
treated tissue regions still show higher levels compared to control, following our
expectations on tissues treated with irradiation.

Cells positive for YH2AX and CD8 were also enumerated in control and treated
tissue regions. Using the segmentation from Chapter 4, I performed the common
task in histology that reports the number of the cell types within a field of view.
In this particular work, as we are concerned with characterizing tissue regions for
DNA damage and immune response, the number of YH2AX+ and CD8+ cells after
treatment serves as primary indicators of response to treatment. In my analysis,

I substantiated this by showing that there is an increase in the number of both
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vH2AX+ and CD8+ cells in treated tissues compared to the baseline.

I also expanded on cell enumeration by looking at how the two cell types are
spatially located relative to each other. By observing at different scales, I indirectly
quantified the “interaction” between YH2AX+ and CD8+ cells in the context of
the irradiation treatment. While more validation methods that include additional
markers to identify further cell subtypes like apoptotic cells and cytotoxic T cells, the
multi-scale analysis of proximity of YH2AX+ and CD8+ serves as another profiling
mechanism to visualize differences in control and treated and to demonstrate the

spatial clustering of these target cell types due to treatment.

As substantial parts of this thesis revolve within the context of a 3D histology
workflow, I demonstrated an advantage of analysis on 3D data over conventional
2D (thin) slices. In comparison to the proximity values I presented done on 3D 4T1
image volumes, the same analysis done on 5pm thin slices resulted in less pronounced
differences between treated and control tissue regions. This supports the hypothesis
that significant amount of information is being discarded in 2D workflows due to

its destructive nature and 3D workflows can offer better spatial analysis of tissues.

Another important contribution I presented is an approach to identify holes and
possible vascular structures in tissues. In my analysis, I showed how the cell-level
information on orientation can be used to infer structured patterns characteristic of
the organization of cells to form tissues. The identification of these structures opens
up several opportunities. In cancer contexts, we know that tumor microenvironments
rely heavily on complex networks of blood vessels to promote their growth. The
automatic identification of these vessels can aid studies on angiogenesis, hypoxia,

and drug delivery [189-191].
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Future Work

The works I presented in this thesis opened rooms for improvement and further
and more specific biological inquiries. In particular, the works in Chapters 4 and
5, as part of our ongoing collaboration with the NIH, served as anchor points for
the extension project aiming to interrogate additional tumor types. I envision to
apply an approach similar to the ones described in this thesis to analyze and to

learn representations from these additional 3D histology imaging data.
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