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Summary

To realise biological function, cellular behaviour is a dynamic, involved processes that
encompass spatial arrangement, differentiation, division and death. Numerous in wvivo
biological experiments have been designed to track cellular behaviour over different time-
and space-scale frames, generating a large amount of spatio-temporal data. However, tra-
ditional statistical methods are not well adapted to draw meaningful insight from those
high-dimensional data. Motivated by primary data sources provided by collaborators, this
thesis presents a novel statistical analysis framework of high-dimensional spatio-temporal
data, addressing it at different time scales. To capture biological information at fixed time
points, a spatial statistical pipeline is developed to quantify the distribution of various
cell types and assess their spatial relationships. The analysis is extended to cover periods
of the order of one day, with a statistical framework designed to process spatio-temporal
data, combining a data cleaning process and investigating the relationship between cell
movement and differentiation. Over longer time periods, mathematical models and statis-
tical methods are developed to estimate the average number of divisions in wvivo, offering
insights into long-term cell distribution. The advanced statistical analysis helps capture
the spatio-temporal relationships between different cell types, revealing the dynamic pro-

cesses of cellular behaviour.
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Introduction

1.1 Abstract

This chapter introduces the essential concepts of haematopoiesis that are necessary to
motivate the statistical framework developed in this thesis. It begins by introducing
the haematopoietic system and its primary environment, the bone marrow; a tissue so
packed with cells and it is often considered as a semi-solid tissue. The focus of this
chapter is on summarizing the experimental methodologies that generate the types of
data we will analyse later, particularly data on the spatial and temporal distribution of
haematopoietic cells. Methods suitable for drawing inferences from complex data are
central to this thesis. We describe current techniques for extracting and analysing data
on cellular behaviour, which result from high-dimensional and complex datasets. The
review highlights the challenges associated with studying dynamic processes such as cell
movement, di erentiation, and division in the context of haematopoiesis, emphasising the
need for robust statistical frameworks and methods to handle the complexity of the data.
While some readers may be familiar with these fundamental concepts, their inclusion
ensures the thesis is both comprehensive and accessible to a broader audience. Readers
already well-versed in haematopoiesis may proceed directly to page 4, where the data
acquisition and thesis outline are provided.

1.2 Haematopoietic system

Haematopoiesis is the process of blood and immune cell production, primarily occurring
in the bone marrow [76]. The haematopoietic system consists of various cell types derived
from haematopoietic stem cells (HSCs), with the human body containing approximately
103 mature haematopoietic cells [28, 39, 50, 114, 127].

The haematopoietic process from HSCs to mature haematopoietic cells is typically de-
scribed by the haematopoietic di erentiation hierarchy. In the 21st century and before,

1




1.2. HAEMATOPOIETIC SYSTEM

(a): Discrete di erentiation model (b): Continuous di erentiation model
Figure 1.1: Hierarchical models of haematopoiesis development.

(a) Classic hierarchical models are discrete, where MPP are multipotent progen-
itors, MGKs are megakaryocytes, DCs are dendritic cells, NK are natural killer
cells and ILCs are innate lymphoid cells [25, 82]. (b) Hierarchical models are
continuous during the period after 2015 [25, 82].

HSCs were considered a homogeneous population of long-term and short-term HSCs,
which could di erentiate into common myeloid progenitors (CMPs) and common lym-
phoid progenitors (CLPs) populations [75]. However, with the development of surface
markers around 2005 [3], heterogeneity within the HSC population became evident, lead-
ing to the classic haematopoietic hierarchy model [25, 82]. In the classical haematopoietic
hierarchy, HSCs occupy the top of the hierarchy, characterised by their ability for self-
renewal and multipotency [39, 109]. The human body contains 5 10* 1:3 10° HSCs,
which generate 162 mature haematopoietic cells [28]. Mice have 5 10° HSCs, capable
of producing 10° haematopoietic cells [28]. HSCs, primarily located in the bone marrow,
give rise to multipotent progenitors (MPPs), which serve as key intermediaries in the
haematopoietic system [114]. There are approximately # 10° MPPs in the mouse [28].
As MPPs di erentiate, they lose their multipotency, leading to the production of specic
cell types required for haematopoiesis [150].

The classical haematopoietic hierarchy in Figure 1.1 (a) clearly outlines the step-by-step
process of haematopoietic stem cell di erentiation, presenting it as a discrete model of
cellular di erentiation. However, single-cell technology challenges the classic haematopoi-
etic hierarchy. This approach reveals the functional and molecular heterogeneity of HSCs,
allowing researchers better to explore the relationship between haematopoietic stem and
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progenitor cells [14, 19]. As shown in Figure 1.1(b), the di erentiation model suggested
haematopoietic di erentiation is a continuous process rather than a discrete hierarchy
[82]. Comparing Figure 1.1 (a) with (b), it is clear that with the development of single-
cell technology, the understanding of the process of cell di erentiation has changed, such
as megakaryocytes (MGKs). MGKs are the largest haematopoietic cells [139], and mouse
bone marrow contains 77 10° MGKs [28]. MGKs are mature haematopoietic cells that
strictly regulate the maintenance of HSCs function [18]. Initially, MGKs were thought to
be unable to di erentiate directly from HSCs, but current research shows that HSCs and
MGKSs are closer to each other in the continuous haematopoietic di erentiation hierarchy
than previously recognised [23, 57].

1.3 Haematopoietic microenvironment

Bone marrow is the major site of haematopoiesis, where HSCs di erentiate into other
haematopoietic cells to maintain the balance of the haematopoietic system [35]. Studies
using imaging techniques reveal that HSCs are mainly located near blood vessels in the
mouse bone marrow [1, 110, 153]. Haematopoietic stem cells and their surrounding cell
types, such as megakaryocytes, mesenchymal stem cells and T cells, constitute the mi-
croenvironment, or “niche' in the bone marrow, which plays a crucial role in regulating the
fate and function of HSCs [9, 18, 31, 49, 88]. According to Tobler's rst law of geography:
"Everything is related to everything else, but near things are more related than distant
things', the spatial balance within the niche is essential for maintaining haematopoiesis
[146]. However, changes in the steady-state niche can support the development of leuke-
mogenesis [41]. Leukaemia is a blood cancer. The common symptom of leukaemia patients
is cytopenias due to a disruption of normal haematopoiesis [149].

1.4 Leukaemia

Cancer is responsible for approximately 30% of all deaths in Ireland every year, with
leukaemia being the most commonly diagnosed cancer in 2021 - 2022 [98]. The most
common are acute myeloid leukaemia (AML), and acute lymphocytic leukaemia (ALL)
[149]. A better understanding of the dynamics of cancer, particularly AML and ALL, is
important. These diseases serve as experimental models to perturb healthy blood pro-
duction, o ering valuable insights into both normal haematopoiesis and disease dynamics.

AML is a malignant haematopoietic stem cell disorder characterised by clonal prolif-
eration of primitive haematopoietic stem progenitor cells [45, 71]. The diagnosis of AML
requires identi cation of 20% or more myeloid blasts by morphological evaluation of pe-
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ripheral blood or bone marrow [37]. ALL is a malignant transformation and proliferation
of lymphoid progenitor cells in the bone marrow, blood, and extramedullary sites, and
its pathogenesis involves abnormal proliferation and di erentiation of a clonal popula-
tion of lymphoid cells [142]. In 2016, the World Health Organisation divided ALL into
B-lymphoblastic acute lymphocytic leukaemia (B-ALL) and T-lymphoblastic acute lym-
phocytic leukaemia (T-ALL) cases, with B-ALL accounting for approximately 75% of
cases, while T-ALL accounts for the rest [8].

Leukaemia di ers from other solid cancers in that its cells have an innate ability to mi-
grate, allowing them to move rapidly throughout the body over time [149]. The temporal
and spatial changes in leukaemia make them a deadly and challenging disease to treat
[149]. Haematopoietic stem cell transplantation remains a widely used immunotherapy in
clinical practice that treats haematological malignancies like AML and ALL [68, 102, 141].
With the advancement of immunotherapy, chimeric antigen receptor T cells (CAR-T) have
been created and shown to signi cantly improve the treatment outcomes for patients with
B-ALL [96, 112].

CAR-T cells, which are genetically modi ed to target cancer cells, have been approved for
clinical use in several countries [33]. The procedure involves drawing the patient's blood,
which is then sent to a laboratory where it is modi ed to create CAR-T cells capable of
targeting cancer cells. Once the CAR-T cells are prepared, they are transported back to
the hospital and infused into the patient to treat the disease. However, there is limited
data on CAR-T therapy e cacy in human solid tumours, making its e ectiveness as a
therapy uncertain [56].

Despite the success of CAR-T therapy in B-ALL, AML treatment has seen little advance-
ment in over 50 years [113]. Existing studies have shown that T cells, as one of the most
important immune cells, play an important role in ghting leukaemia [111, 121]. At the
same time, T cell immunotherapy has a signi cant e ect on a variety of solid cancers
[138, 156], but the potential of T cells to treat haematopoietic malignancies such as AML
remains unclear, so revealing the role of T cells in the tumour microenvironment has
become an urgent matter [60].

1.5 Data acquisition and current approaches

Haematopoiesis is a dynamic process, and quantitative analysis of cell movement, di er-
entiation and division can provide a better understanding of the haematopoietic system
[28]. This section describes the data acquisition method for the experimental techniques
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that were used to generate the data analysed in this thesis, and the current research
approaches to analyse these data.

Over the past few decades, intravital microscopy (IVM) has emerged as a popular tool
for studying cellular processesin vivo, providing real-time single-cell resolution spatio-
temporal data within organs [120, 130]. Combining IVM with cell uorescent labelling
has allowed researchers to observe the dynamics of haematopoietic cells in organs [89,
130]. Fluorescent staining enables cells and tissue components to be brightly labelled,
allowing for simultaneous visualisation of multiple cell typesin vivo [120]. There are
three primary methods for uorescent cell labelling. The rst is to genetically modify the
experimental animals to introduce one or more uorescent proteins into their genome
[105]. The second method is antibody staining after sampling, which allows for the
detection of cell structures and types within the tissue [2]. The third approach uses viral
vectors to deliver genetic tools into cells that are adoptively transferred into secondary
animals [65]. For example, lentiviral vectors can introduce uorescent proteins, such as
the mScarlet gene, which is replicated through reverse transcription, integrating the gene
into the cell's DNA.

IVM techniques can be applied to dierent organs, such as cremaster muscle, lymph
nodes, liver, and bone marrow [67, 89, 126, 147]. IVM of murine bone marrow has greatly
promoted the understanding of the haematopoietic process of transplanted haematopoi-
etic stem and progenitor cells in the bone marrow [27, 89]. IVM is also often used to
study the spatio-temporal movement of cells in the mouse calvarium bone marrow, with
tracking time ranging from days to weeks [40]. IVM can also image long bones to re-
veal the spatial distribution of cells at a xed time [73]. IVM combined with uorescent
staining provides one of the most accurate methods to visualise single cells over xed or
short periods of time, signi cantly enhancing our understanding of haematopoiesis [26].
This approach generates large, high-dimensional, and complex image datasets contain-
ing real-time spatio-temporal biological information. However, as these datasets grow in
complexity, more advanced spatio-temporal analysis techniques are necessary to fully un-
derstand the data. For example, while current image analysis techniques have successfully
extracted haematopoietic process information in mouse bone marrow [52, 74, 103, 152],
further re nement using more sophisticated spatio-temporal statistical methods could

o er deeper insights.

When using IVM to visualise the spatial distribution of cells in bone marrow at a xed
time, researchers typically capture 35-40m thick slices of bone marrow, which limits
detection to a subset of cells [152]. Since cell distribution in the bone marrow may not
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be random, analysing only a partial view may overlook important spatial relationships
and lead to incomplete insights. While this approach is widely used, adopting advanced
imaging techniques could provide a more comprehensive picture of cell distribution and
improve analysis. Additionally, current studies often overlook the importance of spatial
statistical processes and frequently use a spatial analysis technique called random dots,
which tests whether cell distribution is uniform within a given space [30, 137, 152]. While
this approach is intuitive, it focuses on determining cell distribution throughout the space,
and does not quantify the spatial relationships between multiple cell populations. As a
result, spatial interactions between various types of cells may be ignored. By incorporating
more advanced spatial statistical methods, researchers can better understand not only
the distribution but also the spatial relationships between di erent cell types, providing

a deeper biological understanding.

While signi cant progress has been made in three-dimensional data extraction and anal-
ysis, there is still room for improvement in the analysis of four-dimensional, spatio-
temporal, data obtained from IVM [52, 53, 74, 103, 152]. Spatio-temporal statistical
analysis would allow researchers to better track dynamic changes in the bone marrow over
time, rather than relying on xed time points. The main di culty with high-dimensional
spatio-temporal data lies in e ective extraction and interpretation. Current software tools
such as Imaris ' (commercial) and ‘ImageJ (open-source) could provide basic spatio-
temporal data extraction and analysis [90, 103]. However, combining these softwares
with more robust statistical frameworks would signi cantly improve the accuracy and
reliability of spatio-temporal data extraction and interpretation. Integrating advanced
spatial and temporal statistical pipelines with in vivo studies would allow for a more ef-
fective investigation of dynamic cellular behaviours, further advancing our understanding
of haematopoiesis.

Lastly, the human body contains approximately 103 haematopoietic cells. Without ac-
counting for cell death, HSCs would require at least 44 divisions to expand and generate
a su cient number of haematopoietic cells [28]. The blood system undergoes continuous
change, with cells constantly growing, dividing, and di erentiating. While IVM is a pow-
erful tool for observing single-cell behaviour over short time frames, challenges remain
for longer-term studies. Cells often move out of the eld of view, and the current IVM
technique can only track up to eight generations, falling short of the Hay ick limit of
40 to 60 generations [63]. Developing an advanced method for long-term cell tracking
and robust temporal statistical analyses is essential for capturing the full scope of cell
dynamics.
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1.6 My contribution

As discussed earlier, traditional statistical methods lack a robust statistical framework
for analysing and interpreting complex high-dimensional data across di erent time scales
and space scales. This research addresses these limitations by integrating advanced spa-
tial and temporal statistical techniques with data from collaborators. By introducing
practical, reproducible, and generalizable statistical methods, this thesis presents a novel
framework for tackling the challenges of high-dimensional spatio-temporal data analysis.

My contributions are divided into three parts based on dierent time scales. At xed
time points, a spatial statistical pipeline was developed to quantify the distribution of
various cell types and assess their spatial relationships, capturing complex biological in-
formation. For a time around one day, a statistical framework was designed to integrate
data-cleaning processes, and analyse the relationship between cell movement and di er-
entiation, revealing dynamic patterns. For long-term periods, mathematical models and
statistical methods were applied to estimate the average number of cell divisions vivo,
providing insights into long-term cell generational distributions.

By combining advanced spatial and temporal statistical methods, this framework sur-
passes traditional approaches by capturing the spatio-temporal relationships between dif-
ferent cell types. The statistical methods presented in this thesis o er a deeper under-
standing of the dynamic processes underlying cellular behaviour.

1.7 Thesis outline

This thesis focuses on analysing the spatio-temporal distribution of cells to better under-
stand cellular fate over time. It is divided into three main chapters to address di erent

data types and timescales: spatial distribution of cells at a xed time, cell movement and
di erentiation over a day, and long-term cell division patterns.

In Chapter 2, a spatial statistical pipeline is introduced and implemented, based on a
dataset of millions of uorescently stained cells in bone marrow at a xed time. The
chapter begins by analysing a single cell type and progresses to automatically identify
areas of high cell density, while also assessing relationships between multiple cell types.
Non-parametric tests are applied, and 3D geographically weighted models are created to
understand the spatial distribution of cells at a xed time, providing a detailed snapshot

of their three-dimensional arrangement. The work from this chapter has an associated
preprint [2] and is submitted for publication.
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Chapter 3 introduces a statistical framework for cleaning high-dimensional spatio-temporal
data derived from time-lapse microscopy, and applies unsupervised machine learning
methods to study motion-based cell di erentiation. This chapter focuses on the dynamic
behaviour of early engrafted haematopoietic stem and progenitor cells and how these cells
evolve around a day-long period. This work is currently being prepared for submission.

Chapter 4 presents techniques for analysing the generational distribution of cells over a
one-day period, providing insights into the evolution of cell populations over time. This
chapter introduces a novel method called DivisionCounter, developed in collaboration
with Dr. Leda Pere's lab, for analysing long-term generational cell distributions in vivo.
The statistical framework used in this chapter is based on data collected by collaborators,
and the work has an associated preprint [65] and submitted for publication.

The details of the experiments used for analysis were described in Appendix A for self-
contained and completeness. The experiment details and 3D data extractions for sta-
tistical analysis of spatial distribution in large cell populations presented in Chapter 2
were shown in Section A.1, performed by our collaborators in Prof. Cristina Lo Celso's
lab at Imperial College London. Section A.2 showed the biological experimental details
in Chapter 3 for tracking the movement of haematopoietic stem and progenitor cells us-
ing intravital microscopy, which was executed by our collaborators in Prof. Cristina Lo
Celso's lab. The experiments for Chapter 4 about cell generational distribution conducted
by Dr. Leda Peré's lab at Curie Institute were presented in Section A.3.




Statistical analysis of spatial distribution in large
cell populations

2.1 Abstract

This chapter presents the spatial analysis of work "'PACESS: A practical Al-based cell ex-
traction and spatial statistical pipeline for large bone marrow tissue images' accomplished
in collaboration with partners in Prof. Cristina Lo Celso's lab at Imperial College London,

a version of which has been made available as a pre-print [2]. The main contributions of
this work are that, from large, complex 3D images of bone marrow, the three-dimensional
spatial position of each cell was obtained by using two-dimensional cell annotation, and
the relationship between di erent cell types was analysed by using spatial statistics. My
main contribution was to design and implement a spatial statistical analysis pipeline to
analyse the spatial distribution of cells at a xed time.

A central tenet of biology is that patterns of cellular relationships correspond to function.
Multi-colour uorescent staining is a rapidly advancing technique in molecular biology
that is being used to locate and classify hundreds of thousands of individual cells within
tissues, providing massively improved observational resolution. Appropriate statistical
methods are needed to quantitatively and con dently draw inferences on complex mul-
ticellular interactions from such large, three-dimensional spatial datasets. Using, as an
exemplar, a primary dataset consisting of millions of cells uorescently stained cells in
murine bone marrow is employed to report on an approach to achieve these goals. The
spatial analysis involves generating exploratory statistics that quantitatively assess spatial
heterogeneity in individual cell populations; identifying regions of abnormally high cellular
density; performing hypothesis tests to determine the locality-dependent in uence of one
cell type's density on another; and, nally, formulating a 3D geographically weighted re-
gression approach that quanti es the location-dependent relationships between cell types.
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This innovative and robust spatial analysis pipeline holds broad potential for unravelling
complex multicellular interactions and unlocking the intricacies of tissue complexity.

2.2 Introduction

The cellular architecture of organs is known to be a key feature for the maintenance of
their function, and changes in cellular organisation are often linked to disease. This has
been extensively demonstrated for tissues that have well-known structures such as the
skin or the brain [48, 104]. The bone marrow is the organ where haematopoiesis, the
process of maintaining all blood cells' turnover through the daily generation of billions
of diverse cell types in mice, and trillions in humans, takes place [28]. The combination
of ow cytometry, single-cell transcriptomics and functional assays has provided a wealth
of information on the di erent haematopoietic cell populations co-existing in the bone
marrow [25, 80, 82].

However, the spatial organisation of this tissue remains poorly understood. Bone marrow
is the semi-solid tissue in the body and has long been considered an amorphous, even
liquid, structure with a wide range of di erent cell types tightly packed within a con ned
cavity. These features make the bone marrow a uniquely challenging tissue for histologi-
cal imaging and quanti cation [29, 85, 137]. To address this challenge, researchers in the
eld have made use of increasingly sophisticated bone marrow multidimensional imaging
techniques, 3D or greater, focusing on visualising haematopoietic stem and progenitor
cell (HSPC) populations in large bone marrow tissue preparations [29, 110, 157]. While
these led to the emerging concept that the bone marrow is spatially and regionally or-
ganised to di erentially support distinct HSPC populations, the spatial organisation of
multiple hematopoietic cell types remains unclear [4, 157]. Understanding it holds clues
for the more e ective harnessing of HSPC function, development of improved therapies
for haematological disorders and overall healthier ageing.

Quanti cation of multicellular interactions within large bone marrow 3D image datasets
has not yet been achieved for two main reasons. First, image segmentation by intensity
threshold, which is, historically, the most widely used method for identifying cells of inter-
est, underperforms in scenarios where cells are compressed or tightly packed together, as
in the bone marrow, where boundaries between cells become more di cult to distinguish.
Hence, a high number of cells are lost in the process. The second challenge relates to the
statistical methodologies available to assess multicellular interactions. Inferences have
typically been made using pairwise hypothesis testing, but this approach is limited as it
does not facilitate the direct examination of the relationships between a higher number of
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cell types, making it challenging to formulate de nitive conclusions from the underlying
data.

Figure 2.1: PACESS overview.

The work ow consists of three steps: 1) tissue processing and imagingr( vivo
and ex vivo), 2) 3D data extraction using object detection neural network trained
on 2D data and scale to 3D, and 3) spatial statistical analysis consisting in spatial
inhomogeneity quanti cation, automatic identi cation of areas of high cellular
density and statistical assessment of dependencies between cell types.

PACESS (Practical Al-based Cell Extraction and Spatial Statistics), as presented in Fig-
ure 2.1, is a work ow for extracting and analysing haematopoietic cells from large 3D
bone marrow images, overcoming existing limitations. This work ow makes use of con-
volutional neural network object detection to classify and identify the locations of cells in
3D. An augmented object detection deep neural network trained using 2D data alone is
introduced, for which images can be rapidly annotated. Annotations are created for each
image layer in the 3D data and the output from multiple layers is automatically combined
to identify each cell's type and location within the 3D space. Once the spatial data are
extracted, a set of 3D spatial statistical analyses are applied. The steps in this process
include: generating exploratory statistics that quantitatively assess spatial heterogeneity;
identifying regions of high cellular density of speci c cell types; and, nally, identi cation
and visualisation of location-dependent relative abundance between cell types. The re-
sulting analysis is presented as a holistic “statistical map' of bone marrow tissue.

PACESS is applied to study the spatial interactions of megakaryocytes (MGKs) and T
cells in the context of leukaemia. Leukaemia progression leads to healthy haematopoietic
cells being dislodged [4, 119], and therefore represents a good model for studying changes
in multiple cell populations' spatial interactions. First, PACESS was able to e ciently
extract the cellular information for the three cell populations, even in areas tightly packed
with leukaemia. Then, the statistical analysis revealed that the density of AML cells at a
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speci ¢ bone marrow location will signi cantly a ect T cells and MGKs densities, albeit
with unique patterns, resulting in the generation of multiple microenvironments charac-
terised by unique relative densities of these three cell types.

By its nature, the bone marrow is an organ where cells are highly packed together. This
is exacerbated during acute myeloid leukaemia (AML) when malignant cells outcompete
healthy haematopoiesis through mechanisms that are still not fully understood. As an
illustrative example, our biological collaborators at Imperial College London selected a
2755 5805 155 m 3 AML cells in ltrated bone marrow sample, which was sectioned
with a distance of 5 m between each slice. Then, using an object detection deep neural
network trained on 2D data alone, for which images can be rapidly annotated, annotations
are created for each image layer in the 3D data and the output from multiple layers is
automatically combined to identify each cell's location and cell-type within the 3D space.

The 3D data extraction process was primarily developed by a collaborator in Prof. Lo
Celso's lab, and is not included in this thesis, as detailed in [2]. The neural network
was trained using 18,240 manual annotated cell examples. The data collection process
identi ed the classi cation and location of AML cells, T cells, and MGKs. Cells were
the bone marrow identi ed as being outside excluded from the object detection dataset.
Finally, the spatial analysis was performed on a dataset consisting of 163,683 AML, 8,308
T cells, and 2,191 MGKs.

2.3 Methods

This section describes the spatial statistical pipeline developed to analyse the complex 3D
data obtained from the extraction step, as shown in Table 2.1. To sequentially address
biologically signi cant questions, the pipeline begins by exploring the spatial distribution
of a single cell type, progresses to analysing the spatial interactions between two cell
types, and nally, accesses the relationships among multiple cell types. All programming
was performed usingR (version R4.3.2).

Variable Detail Description

X Numerical variable Three-dimensional coordinates
y Numerical variable Three-dimensional coordinates
z Numerical variable Three-dimensional coordinates
Cell type Character AML, T cell, MGK

Table 2.1: Variables in the original dataset.
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2.3.1 Spatial inhomogeneity quanti cation

The rst biologically relevant question was to quantify the spatial distribution of a given
cell type within the bone marrow. That is, to determine if it was spread out, randomly
distributed, or signi cantly. To that end, Moran's | index was used.

The positions and classi cations of cells were obtained from the 3D data extraction pro-
cess. Cells outside the bone marrow were excluded from the object detection dataset.
Then, the bone marrow was divided into ( m )3 cubes. The midpoint of the kth cube

Lk = ( Xk; Yk; zx) was used as the three-dimensional geographic coordinates, and the num-
ber of cells of each type in each cube was recorded. The data in each of these cubes was
used as input to the analysis and model.

Moran's | index was used to measure spatial autocorrelation for each cell type [44]. The
formula for Moran's | index is

PP B
Lo Np e (Gt TR T

CLOE T 6 1)

wheren is the total number of cubes,! ;* is the number of cells in typek at the ith cube,
I jk is the number of cells at thejth cube, 1 i;j n,i;j 2 N,T « is the mean of the

number of type k cells at each cube, and j; is a spatial weight. The formula for ' j is

1 ifdj
0 ifdj >
where djj be the Euclidean distance between the centroids of cubeand cube]

q
di = (X x)2+(yi y))P+(z z)?:

The range of Moran's | is [ 1;1]. If Moran's | is positive, cells tend to be aggregated in
common areas. The yellow cubes in Figure 2.2 have similar cell numbers to the red cube.
If Moran's | is close to zero, cells are distributed randomly in space. When its value is less
than zero, cells are more homogeneously dispersed than one would expect from a random
process. The yellow cubes in Figure 2.2 have di erent cell numbers to the red cube.

2.3.2 Automatic identi cation of areas based on cellular density

For cell types for which Moran's | indicated suggested signi cant aggregation, a method
was required to automatically identify 3D regions of high density. For that purpose,
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Figure 2.2: Schematic representation of Moran's |I.

The neighbours of the red cube are immediately adjacent yellow ones that have
a face in common.

the density-based spatial clustering of applications with noise (DBSCAN) algorithm was
employed to cluster the cells [129].

For cube (Xi;Vi;z), Ni = f(Xj;Y;;z)id; g is a set of all neighbouring cubes that are

m or less away from theith cube. The number of cells inN ; is recorded askN jk.
When the faces of cubes are connected to each other, they are neighbours, so each cube
in this case has six neighbours, which has been shown in Figure 2.3.

High-density area identi cation

If the total number of cells in cube (Xj;V;;z) and its neighbours is greater than 7, the
number of cubes being considered, times", such as the third quartile of counts, then the
ith cube and its neighbours are marked as high-density cubes.

Let M= (x;y;:z)ikN ik 7 M dj is the set which includes all high-density
cubes. For any cube ki;vi;z) 2 M @ = (x5:y:2)id((xi;vi;z); M) where @
includes all high-density cubes close tath cube, and d(A; B) represents Euclidean dis-
tance between the setA and the setB. Then, @ = (x;:y:2)jd@; ") .

@, = X5:y:z)id@; M . When @, @ =0 where @ is the number
of cubes in the @), iteration ends and @ is the rst cluster which is records as C!. If
h= h ch=2, then there is one cluster. Conversely, any cubex(;y;;z) 2 | are

selected. The second clusteC and 5 can be obtained using the same step. When
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Figure 2.3: Schematic representation of DBSCAN algorithm.

The neighbours of the red cube are adjacent yellow cubes. Each cube has six
neighbours. In this pictorial representation, there are three red cubes surrounded
by yellow cubes that are all part of the cluster.

3+1 = ?;p2 N , the data hasp clusters. In addition, for any cube that does not belong

to any cluster, these cubes are in the seCj.

2.3.3 Statistical assessment of dependencies between cell types
Spatial permutation tests

Having identi ed regions of unusually high density in one cell type, a natural biological
guestion is whether it in uences the distribution of other cell types. To statistically chal-
lenge the hypothesis that there is no e ect, a permutation test approach was adopted. In
detail, after cell clustering, the information on all clusters can also be obtained. For the
ithcluster (i 2 N andi p), Ui = f(xj;y:7)i0<d((Xj;¥j:2);Ci) g is a set which
contains the cubes in theith cluster and the cubes m away from the ith cluster, and
these cubes do not belong to any other clusters. Hence, the cubes around thid cluster
are Bi = f(xj;¥;;2)i(X;;¥:2) 2 Uis(Xj;Yi:z) 2 Cig.

Permutation tests were used to detect changes in the number of cells in the cluster as well
as the number of cells around the cluster [83]. The null hypothesis for the permutation
test is that the mean number of cells in the cubes is independent of whether the cubes are
in C; or Bj. Here, A =(!i;;!i,; 1 T BT R Vi .. .)is an ordered

) : JCi) ICiJ*t Jcij*2 ICi*Bi]
observations set, wherd ;, is the number of cells in thekth cube in the C;. In the set A,
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Figure 2.4: Schematic representation of spatial permutation test.

The yellow cubes are all part of one cluster. The green cubes indicate the boxes
that are in the boundary region surrounding the cluster.

the rst jCij elements are the number of cells in theth cluster, and the last jB;j elements
are the number of cells around the cluster. Hence, the real-valued statistic is used under
this null hypothesis

P iCiiy . P J:Ci.j+j.BiJ' | j
M(A)= =t JEEIE
*) ICi] iBij

Then, a permutation is created that reassigns labels to individual data. A reordered
observation set is obtained:
A =(! (il);! (i2) i (jcij);! [ (Cij+) i (jcij+2 ; 2 (jcij+jBij)):

Similarly, a new reordered set also generates statistic1 (A ). A collection of permu-
tations Q can be characterised so that reordering$ A g ,, are equally likely under the
null hypothesis. Then, the empirical distribution of M (A ) 2q is used to compare with
M (A). Therefore, the Monte Carlo approximation with 500,000 test statistics is applied

to estimate the two-tailed p-value, and the Bonferroni correction is performed to avoid
Type | errors [83].
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Logistic regression

To statistically model the extent of the in uence of one cell type's presence over another,
the logistic regression was performed to assess whether the presence or absence of other
cell types was independent of dense areas, which has been shown in Figure 2.5.

The formula for binary logistic regression is:

xXn
logit P( M) = o+ e+t ;
k=1
where,P( ") is the probability of the cube in cluster areas, and logit P( ") =log %
The ¢ is the intercept in the model, m is the number of explanatory variables,  is the
coe cient for the kth input variable, e is the kth explanatory variable, and is the error
term of the model.

Logistic regression is used to predict the likelihood of the presence of cell types in a
cluster versus cells not in a cluster. Each cube is changed into a dummy variable as the
response variable based on whether it is in the cluster or not. The explanatory variables
are binary variables, also determined by the presence or absence of the cell type. The sta-
tistical signi cance of each binary variable is assessed using t-tests. The logistic regression
was performed by the glm' function in * R (version 4.4.0).

Three dimensional geographically weighted regression (3D GWR)

While the methods used so far have largely been for single cell types or pairs of cell types,
the geographically weighted regression model (GWR) allows a more holistic analysis of all
cell types simultaneously, albeit with a more involved interpretation of the model results.

GWR was used to examine the spatial relationship between explanatory variables and
the response variable [47]. The standard GWR model is de ned for two-dimensional (2D)
planes, and this work extended to three-dimensional (3D) space. The natural extension
of the 2D GWR approach to 3D is

xo
r(xi;yiizi) = olXi;yi;zi) + k(Xiiyisze(Xisyiszi) + (Xi3Yi:Zi) ;
k=1

wherer(Xi;Vi; z) is the response variable at theith cube, o(X;;Vyi;z) is the intercept in
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Figure 2.5: Schematic representation of logistic regression.

The yellow cubes are all part of one cluster. The green cubes indicate the boxes
that are out of the cluster.

Figure 2.6: Schematic representation of 3D geographically weighted regression.

Three-dimensional geographically weighted regression quanti es the spatial rela-
tionship between cell counts of cells of di erent types. The red arrow represents
the bandwidth range. The blue shading shows the in uence of the centre cube
on each cube within the bandwidth.
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the model, m is the number of explanatory variables, ¢(Xi;Vi;z) is the coe cient for
the kth input variable at the ith cube and ec(Xi;Vi;z) is the kth explanatory variable at
the ith cube. In addition, (X;;Vi;z) is the error term at the ith cube.

A weighted least squares method is used to get the coe cients'(xi;Vi;zi) = ( o(Xi;Vi;z);
1(Xi;Yi:Z); . m(Xi;yi;z))T. The formula for the coe cients is

Mxiviizi)= ETW(xiivi;z)E  TETW(Xiiyizi)r;

where
0
1 er((X1;y1521)  €x(X1;Y1:21) em(X1;Y1;21)
_ %1 e1(X2;Y2;22)  €x(X2;Y2; 22) em(X2;Y2; Z2) 5 RN (M) .
1 ei(Xn;¥niZn) €2(Xn;Yn;Zn) €m(Xn;Yn;zn)
0
r(Xu; y1,21)
%f(xz yz,Zz)g o Rn 1.
r(Xn;¥Yn; Zn)
0 1
w1(Xi;Vi; Zi) 0 0
0 Wo(Xi: Vi Zi 0
W (xi:yi:2i) = | 2( |IY| i) | . EZR” .
0 0 Wn (Xi;Yi; Zi)

The W(X;;yi;z) is the diagonal weighted matrix at position (X;;V;;z), and it is deter-
mined by the distance between cubes and the kernel function. In this study, the bi-square
kernel function is used:

2
2 a4 2
b

it jdjj<b.
.> b

Wi =
0 otherwise

wherebis the bandwidth. The bi-square kernel function re ects that neighbouring points
have more in uence on theith cube than distant ones. Its scaling is determined by a
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bandwidth b that is selected by minimising a corrected version of Akaike Information
Criterion (AICc) [51]:

n+tr( S)

AlCc(b)=2nIn(*)+ nIn(2 )+ nm;

where, s the standard deviation of the residuals, and tr(S) is the trace of the matrix S,
which is called the hat matrix in standard GWR. In detail, the hat matrix is the projection
matrix from the observed r(X;;yi;z) to the tted value " (Xi;V;;z), so the matrix S is

0 1
E{(ETW(X1;y1;21)E) ETW(X1;y1;21)
- EJ(ETW(X2;Y2;22)E) ETW (X2;Y2; 22) 5 RN N

En(ETW (XniYn; Za)E) *ETW (Xn;¥n;zn)
where, EI = (1 ex(Xi;Viizi) e(XiiVi;z)  em(Xiiyi;z)) 2 R (M ([91]).
Adapting principles from 2D GWR diagnostics, for the 3D GWR the following diagnostic

statistic was adopted, the local R?. Local R? can re ect the quality of local models to
explain local data. Local R? is de ned as [47]

R2(xi:yi:z) = 1 g0y )(r0iY i) R0Gy3))°
i Yir & n A AN . 2 !
j=1 Wi (Xj Y )(r(xryjsz) )

where, r is the mean of response variables, and(0;;v;i; z) is the tted r(u;;vi;z). In
addition, w;(X;;y;;z) is from the weighted matrix.

2.4 Results

The rst step, tissue processing and imaging, and the second step, 3D data extraction,
in the PACESS work ow were designed and carried out by our collaborators in Prof. Lo

Celso's lab. In this section, we demonstrate the spatial statistical analysis pipeline using
a bone marrow sample of 2755 5805 155 m 3, which includes 163,683 AML cells,

8,308 T cells, and 2,191 MGKs.

In order to visualise and analyse the spatial distribution and relationships between cell
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types, space was discretised into non-overlapping, adjacent cubes that cover the entire
3D area. The number of cells of each type in each cube was recorded. For meaningful
visualisation, the discretisation needs to be su ciently coarse that some aggregation of
cell counts occurs. A cube size of 4511 )3 was selected to be su ciently ne that geo-
graphic resolution was retained, but su ciently coarse that the resulting data could still

be computationally assessed without undue burden. With that discretisation, the density
of AML cells, T cells and MGKs as a function of their position for a selection of z-depths
could be reported in Figure 2.7.

2.4.1 Spatial heterogeneity

AML cells were observed to be more prevalent than the other two types of cells, with
most of them appearing to be located in a single mass, as previously seen in Figure 2.7.
This observation highlighted the importance of being able to quantitatively assess the ho-
mogeneity of the spatial distribution for each cell type, which could be achieved through
the calculation of a statistic called Moran's I.

Moran's | for the AML cells was 0.81, quantitatively substantiating the observation that
AML cells were largely concentrated in relatively few patches. For T cells and MGKs,
respectively, approximately 70% and 90% of cubes recorded a zero cell count, consistent
with these cells being less abundant than AML cells. Moran's | of 0.05 for MGKs in-
dicated these cells had a weak geographical dependency resembling random locations.
Moran's | for T cells was 0.34, suggesting some positive spatial clustering but less than
found for AML cells.

2.4.2 Automatic identi cation of areas of high cellular density

While Moran's | indicates that AML cells are largely co-located, the Density-Based Spa-
tial Clustering of Applications with Noise (DBSCAN) algorithm is used to identify the
regions of high density [129]. For these data, when the distance between the cubes was
45m or less they were considered to be neighbours, resulting in each cube having seven
neighbouring cubes that have a face in common (Figure 2.2). If the average number of
cells in a cube and its neighbours was more than the third quartile for a single cube,
where only a quarter of cubes have more cells than this value, it was considered a dense
neighbourhood. Dense neighbourhoods were agglomerated using the DBSCAN algorithm
to form contiguous spatial clusters in Figure 2.3.

For the AML data, DBSCAN identi ed 18 distinct clusters, the largest three of which
accounted for 61.8%, 5.9% and 2% of all AML cells. These clusters are shown in Figure
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Figure 2.7: Quantitative 2D projection visualisation.

Quantitative Data are aggregated into 45m 2 cubes, at a range of z-depths heat
maps showing the coordinates and the number of AML cells, T cells and MGKs.
The colour scale indicates the density of cells. The black line represents the
boundary of the bone marrow.
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2.8, where these clusters by cell count are marked in decreasing order. The two largest
clusters of AML cells, 1 and 2, were proximal to the growth plate, on either of its two
sides. Cluster 3 was more distal, and overall the distal region of bone marrow contained
much smaller clusters. Interestingly, larger clusters were located adjacent to the endos-
teum which is a thin vascular membrane lining the cavity of long bones. While centrally
located clusters tended to be smaller. As mentioned before, for T cells and MGKs, more
than 70% of the cubes recorded zero cell counts, so DBSCAN did not return any clus-
tered regions. This was consistent with these cells being less abundant than AML cells,
generally not clustered and returning Moran's | values that were positive but close to
zero.

Figure 2.8: AML cells cluster identi cation.

Two-dimensional projection visualisations at di erent z-depths show the AML
clusters identi ed using DBSCAN. The clusters are numbers in decreasing order
of total AML cell numbers. The black line represents the boundary of the bone
marrow.

2.4.3 Spatial density dependencies

The key to understanding the principles regulating multicellular tissues is based on un-
derstanding how diverse cell types interact with each other to enable tissue function. It is
therefore important to explore whether local heterogeneities in the distribution of speci c
cell types depend on those of other cell types and to identify them. Permutation tests,
logistic regression and 3D geographically weighted regression were used to investigate this.
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Spatial permutation tests

Visual inspection of Figure 2.7 showed that there were few T cells in areas with high AML
cell counts. To statistically assess if the distribution of T cell counts was in uenced by

areas of high AML density, permutation tests were used to challenge the null hypothesis
that the mean number of T cells within each cube is independent of whether the cube is
within an AML cluster or in the boundary of cubes surrounding it.

The largest cluster for which the hypothesis test was rejected was marked in Figure 2.9(a).
It means the mean number of T cells within and round around the Cluster 1 has statisti-
cally signi cant di erences, where Bonferroni correction was performed. Here, the thresh-
old for the signi cance of the Bonferroni-corrected p-value wagp < 0:05=18 = 0:0028. The
permutation test results were in Table 2.2. Of the remaining 17 smaller AML clusters,
they fail to reject the null hypothesis. This analysis indicated that only the largest high-
density AML cluster in uenced the mean number of T cells.

cluster number p value for T cells p value for MGKs

1 0.00004 0.052
2 0.28 0.76
3 0.84 0.92
4 0.13 1
5 0.13 0.44
6 0.0053 1
7 0.74 0.32
8 0.31 0.81
9 0.65 0.59
10 0.6 0.72
11 0.89 1
12 0.56 0.31
13 0.17 0.32
14 0.41 1
15 0.62 1
16 0.7 0.63
17 1 0.31
18 1 0.53

Table 2.2: P-values for spatial permutation tests.

Spatial permutation tests were also performed to test the null hypothesis that the mean
number of MGKs in each cube is independent of whether the cube is within an AML cell
high density area or adjacent to it. The results showed no evidence that MGKs had a
di erent distribution within versus around any AML dense area, which has been shown
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(a): Spatial permutation test between T cells and AML

(b): Spatial permutation test between MGKs and AML
Figure 2.9: Cell density dependence hypothesis test.

Two-dimensional projection visualisations that show hypothesis test results at
di erent z-depths. The labelled pink area indicates the AML cluster where the
mean number of other cells within and around the cluster is di erent with sta-

tistical signi cance. The black line represents the bone marrow boundary, and
the white areas in the bone marrow are where AML cells are not clustered.
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in Figure 2.9(b) and Table 2.2.

Logistic regression

To measure the likelihood of nding T cells, MGKs, or both cell types in AML cluster areas
compared to non-dense AML areas, the logistic regression was used. Logistic regression
is a statistical model that reports on the likelihood of an event to occur or not given
a certain binary condition, in the case of the presence of T cells, MGKs or both inside
versus outside AML cluster areas. From Figure 2.10, the appearance of T cells, both T
cells and MGKs were a ected by the AML clusters. However, in comparison, the existence
of MGKs alone was not greatly in uenced by AML high-density areas. The likelihood of
nding cubes with T cells or both T cells and MGKs inside dense AML areas was about
80% lower than that of nding such types of cubes outside of dense AML areas and both p
values< 2 10 16 were reported in Table 2.3. The likelihood of nding cubes with MGKs
but not T cells inside dense AML areas was lower, but not signi cantly, than outside of

them.
coe cent Exp(coef) p-value
Presence of T cells but no MGKs -1.62 0.198 <2 1018
Both T cells and MGKs -1.63 0.196 <2 1016
Presence of MGKs but no T cells -0.05 0.953 0.464

Table 2.3: Logistic regression results.

3D geographically weighted regression

In order to quantify the strength of relationships between cell counts of cells of di erent
types, however, a statistical model is needed. To quantify the spatial relationship between
T cell, MGK and AML cell counts, the 3D geographically weighted regression (GWR)
model was employed. The objective of a regression model is to determine to what ex-
tent the value of response variables, such as counts of one cell type, can be explained in
terms of explanatory variables, such as the cell counts of potentially related cell types,
elucidating the relationship between the two. In GWR, the additional element is that the
relationship can have a geographically varying dependence.

Here, the T cell count per cube was treated as the response variable, while location-
dependent AML and MGK counts were used as explanatory variables. GWR models are
parameterised by a spatial scale, called the optimal bandwidth, that is algorithmically
determined by the data and corresponds to the maximum extent of geographic in uence.
For these data, that value was 455 m, which corresponds to the width of a little over
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(a): T cells and AML clusters

(b): T cells and MGKs and AML clusters

(c): MGKs and AML clusters
Figure 2.10: Logistic regression.

Two-dimensional projection visualisations that show the spatial presence of dif-
ferent cell types at di erent z-depths. The pink areas indicated the AML cluster
areas, (a) the green areas were the presence of T cells but no MGKs, (b) the
yellow cubes existed both T cells and MGKs, and (c) blue boxes had MGKs but
no T cells.
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ten cubes.

For models with no spatial component, such as linear regression, th®? statistic is a
common measure of the quality of the model description of the data. For the spatial
model GWR, the equivalent location-dependent statistic is called the localR?. In linear
regression, the coe cient of an explanatory variable is the best- t linear multiplier that
predicts the response variable given the best o set. Similarly, the GWR coe cients of
location-dependent AML and MGK counts informed the multiplicative relationship be-
tween the number of T cells in a cube, and the number AML cells and MGKs contained
in cubes within a 455m range. The sign and magnitude of those coe cients captured
the nature and strength of the relationship between T cell counts, and AML and MGK
counts nearby. By observing how the coe cients change in a spatial context, information
was extracted about geographical dependence in those relationships.

For four z-levels, Figure 2.11 (a)-(d) plotted the 3D GWR model intercept. The inter-
cepts decreased from the distal part of the bone marrow to the growth plate region and
approached zero in the high-density areas of AML, compared with the representation in
Figure 2.8.

Figure 2.11 (e)-(h) indicated a positive relationship between MGKs and T cells in most
areas of the bone marrow. Coe cients in the bottom areas of the bone marrow cavity
where no AML clusters were negative, can be explained by the negative relationship be-
tween the number of MGKs and the number of T cells in the low AML in ltration area.
The non-positive coe cients in the small upper right corner of the bone marrow cavity
correspond to the location of the largest AML cluster corner.

In Figures 2.11 (i)-(l), the positive coe cient for AML e ectively highlights the inter-
action between T cells and MGK in combating AML cells. It also revealed that in the
largest AML cluster, the coe cients of MGKs and AML cells divided the cluster into two
sub-regions. In the region with high AML in ltration, two patterns emerge.

One shows a weak non-positive correlation between AML cell counts and T cell counts,
with T cells slightly increasing as MGKs counts rise. The other, located at the cluster's
corner, demonstrated a positive correlation between AML cells and T cells, while MGKs
are negatively correlated with T cells. This cellular relationship was similar to that ob-
served in low-in Itration areas, suggesting that low or high AML cell numbers could a ect
the relationship between T cells and MGKs within a small range. It indicated that the
3D GWR could identify the regional variations in tissue composition.

28




2.4, RESULTS

Figure 2.11: 3D statistical map of leukemic bone.

Projection visualisation for 3D spatial model results of the intercept of (a-d)
the spatial model in di erent vertical layers. The coe cient of MGKs and the
coe cient of AML cells are shown in (e-h) and (i-), respectively, and the red
part shows that the coe cient of this area is positive, the blue part is negative.
The darker the colour, the larger the coe cient value. The summary statistic
(m-p), local R?, describes the model quality in each cube.
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The main negative or zero positions in Figure 2.11 (i)-(I) almost coexisted with the three
largest AML clusters which contained more than 1% AML cells, while the coe cients
in the other small clusters were positive. This quanti es that large areas of high AML
density served to exclude T cells, while smaller AML clusters do not see such a strong
e ect.

Figure 2.11 (m)-(p) reported the local R? values that provided a spatial understand-
ing of how well GWR explains the data. Most variation occurred in the x-y plane, with
little spatial variation in the z direction, which, for this bone, has the smallest extent
and almost complete coverage by the large AML clusters. Matching with intuition, these
showed that the model was a particularly good predictor of T cell counts in areas of the
bone marrow where AML cells were densest. This is consistent with the previous results
of the spatial permutation tests and logistic regression.

Taken together, the analysis of these data illustrates how methods from spatial statistics
can be adapted to a 3D framework to enable the quantitative evaluation of clustering,
the automatic identi cation of regions of high density, and the statistical assessment of
dependencies between cell types.

2.5 Discussion

In this chapter, a novel and e ective spatial statistical pipeline was introduced, for ac-
cessing the spatial distribution of cells at a xed time from complex biological images.
The method builds on established techniques from machine learning and spatial statistics
and has a number of advantages over current approaches.

In previous studies, researchers have challenged the null hypothesis that the distribution
of each individual cell population is uniform at random throughout the space through
the use of a simulation method called random dots [29, 74, 137]. In a spatial analysis
context, however, the null hypothesis must be conditioned to take values only within the
observable, imaged, space. Although the random dots method is intuitive, there is no
guarantee that the null hypothesis is physiologically viable as researchers typically can-
not observe all features within the tissue with current technology, which introduces a risk
of bias in the ndings by increasing the likelihood of rejection. This shortcoming was
circumvented in the spatial statistical pipeline, avoiding the use of simulated data, and
instead addressing the question of how cells within the bone marrow are related by other
approaches, including direct comparisons between multiple di erent cell populations.
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The spatial statistics approach provides a reproducible method for quantifying the prop-
erties of individual cell types, as well as interactions between them. Simple measures
evaluate the extent of spatial clustering of individual cell types, while geographically
aware clustering methods then identify regions of high density.

Permutation tests provide statistical measures of high-density areas and their surround-
ings for assessing the relatedness of cell densities in reasons of interest, and logistic regres-
sion quanti es the extent to which the relative abundance of a cell type in high-density
and non-high-density areas depends on other cell types.

Geographically weighted regression can then quantify the relationships between multi-
ple cell types in each cube simultaneously. At its core, it is a form of regression and
the output is a series of 3D maps which describe how cellular coe cients vary between
di erent cell populations across space. It identi es areas in which spatial e ects, such
as those generated by an expanding malignant in Itrate, have the most in uence on the
presence of other cell types. It adjusts coe cients to take into account the presence of
cellular interactions. Importantly, while the 3D geographically weighted regression with
three cell types was demonstrated, this could be scalable to include any number of cell

types.

While interest in leukaemia and T cells interactions has been growing, stemming from
immunotherapy developments, MGKs are not normally studied together with the other
two cell types, and the image spatial analysis highlighted some unexpected spatial rela-
tionships between the three. Consistent with previous reports of AML cells growing in
localised patches within the bone marrow tissue [40, 119], several clusters of AML cells
were identi ed. All larger clusters were adjacent to the endosteum, again consistent with
previous reports that the AML model tends to grow from endosteal regions [40]. The
fact that no cell type returned a negative Moran's | value is consistent with the current
working hypothesis that haematopoietic cells are randomly distributed across bone mar-
row space, with no ordered topology.

Interestingly, while several reports describe severe loss of all haematopoietic cell types
as a consequence of AML growth, our analysis highlighted that heavily in ltrated AML
areas may not be homogeneous, as the bone marrow area containing the largest AML
cell cluster we observed could be split into two sub-regions, one MGK type was positively
correlated with T cells, while the other was negatively correlated. This observation opens
the question of whether there may be major di erences in the rate of loss of di erent
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healthy haematopoietic cell types in the bone marrow as AML grows, and whether areas
more greatly devoid of healthy cells represent areas where AML cells have been present
for longer.

In summary, the ultimate goal of quantitative 3D imaging is to informatively summarise,
in a numerical form, the vast amount of spatial and cellular information present within
an image. This is particularly useful for settings where the principles regulating cell dis-
tribution are not clear, such as in bone marrow tissue.

The chapter presented here provides a framework for the analysis of complex 3D bone
marrow tissue image data. The spatial statistical analytical work ow could aid in the
interpretation of the spatial distribution of cells at a xed time, which can provide a
comprehensive insight into the relationships which exist within cell types in the bone
marrow. It promises to uncover the principles regulating the cellular organisation of the
cells responsible for the lifelong production of blood cells and their deregulation when
haematological disease occurs.
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Statistical analysis of spatio-temporal cell type
distribution in 4D in vivo time-lapse data

3.1 Abstract

This chapter presents the work about intravital microscopy and spatio-temporal statis-
tical image analysis of early engraftment of haematopoietic stem cells revealing dynamic
and evolving cellular behaviours linked to progressive di erentiation. This work was car-
ried out in collaboration with partners in Professor Cristina Lo Celso's lab at Imperial
College London, and the related paper is currently in preparation. My main contribution
was to design and conduct a statistical framework to clean the spatio-temporal dataset,
and analyse the cell type distribution by unsupervised machine learning method based
on the high-dimensional data collected by our collaborators.

Haematopoietic stem cells (HSCs) have long been used in the clinic for bone marrow
transplantation applications, critical for the survival of an increasingly wide range of
patients with haematological, oncological and immunological pathologies [135]. Despite
this, little is known about the mechanisms through which relatively few stem cells can re-
generate the entire haematopoietic tissue of transplant recipients. Stem cells are located
in an environment called the niche, which controls how stem cells generate, maintain,
and repair tissues. To gain insights into this biological process, Prof. Lo Celso's lab
used intravital microscopy of calvarium bone marrow, collecting tissue-wide images and
a total of 850 hours of time-lapse data of engrafting HSCs from two days to four days
following injection in lethally irradiated recipients. My contribution formed the develop-
ment of methods to draw statistically meaningful conclusions from this high-dimensional
spatio-temporal dataset. Analysis of the data revealed that regenerating HSCs and their
immediate progeny are highly dynamic, migrating through the parenchyma at both the
microscopic and near-macroscopic scales, i.e. within and in-and-out of elds of view.
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Spatio-temporal statistical analysis of single cell level highlighted increasingly heteroge-
neous cellular behaviours over time. In particular, persistence in the vicinity of nestin-
GFP perivascular cells correlated with stemness, while more heterogeneous niche inter-
actions correlated with di erentiation. The ndings presented here shed light on the
fundamental principles driving haematopoietic regeneration in transplantation settings.

3.2 Introduction

Haematopoietic stem cells (HSCs) play a crucial role in the adult life of vertebrates by
sustaining continuous blood production throughout life. They are characterised by their
multipotency and self-renewal capacities, enabling them to generate all blood cell lineages
while maintaining a pool of undi erentiated stem cells [131]. This unique capability has
driven the early clinical and widespread clinical application since their discovery [97, 144].

HSC transplantation is widely used as a medical treatment for various diseases, par-
ticularly haematological malignancies, as well as other blood disorders and autoimmune
diseases [68]. However, despite the rapid adoption of HSC transplantation as a thera-
peutic intervention, many patients experience engraftment failure due to the incomplete
understanding of the complex processes involved [32]. Understanding stem cell activity
within the bone marrow microenvironment is essential not only for revealing the funda-
mental mechanisms of stem cell function but also for improving stem cell transplantation
therapies and improving patient recovery [92].

Haematopoietic cell hierarchy has been extensively studied. From the top of the pyramid,
dominated by HSCs, which could di erentiate into multipotent progenitors (MPPSs), to
the bottom where are all the terminally di erentiated cells [82]. Several surface markers
have been identi ed to describe and characterise these populations phenotypically [82].
However, understanding the spatial and temporal dynamics of HSCsn vivo remains a
considerable challenge due to the complexities of observing and analysing their behaviours
within the bone marrow [13, 66].

One of the most di cult aspects of studying HSCs is their niche, the specialised microen-
vironment in the bone marrow, which plays an important role in HSCs maintenance,
proliferation, and di erentiation [89]. Interactions with components such as mesenchy-
mal stromal cells in the niche are crucial for HSCs function [101, 108], but the mechanisms
that regulate these interactions and promote HSCs survival and regenerative capacity re-
main unclear. De ning this is essential to learn how to maintain and expand HSCs, and
how to achieve a faster bone marrow recovery following injury.

34




3.3. METHODS

Using in vivo imaging is a powerful method to study the behaviour of HSCs and MPPs
over time, capturing their dynamic interactions within the bone marrow niche [89]. This
method allows for longitudinal observation of cells in living mice, which is extremely
challenging due to the di culty of maintaining the survival of the animals throughout

the experiment. The resolution required to capture cell behaviour in the bone marrow
is highly complex, as cells need to be identi ed by staining for speci c markers, and
tracking them across time and space demands specialised imaging techniques [90]. In this
chapter, a combination of intravital microscopy and uorescent staining was employed to
capture the early stages of haematopoietic stem and progenitor cell (HSPC) engraftment
and regeneration after lethal irradiation and transplantation.

While in vitro studies using biological surface markers and single-cell technology can e ec-
tively analyse cell di erentiation, there remains a signi cant gap in studying this process
directly in vivo [82]. The data used in this chapter were collected through cutting-edge
life sciences methodologies in Prof. Lo Celso's lab. The data collection process for this
work was demanding, requiring 850 hours of time-lapse imaging to observe interactions
between HSPC with other cells in the niche. This resulted in the creation of a high-
dimensional dataset that captured spatio-temporal variables, where the noise, missing
data, or spatio-temporal inconsistency could signi cantly impact the analyses.

Given the challenges of acquiring thisin vivo images and keeping mice alive while captur-
ing detailed cellular interactions, datasets like this are valuable and require a statistical
framework to accurately interpret the biological meaning. Therefore, mechanisms to au-
tomatically identify outliers so that they could be checked against original images and
videos proved to be important and needed to be approached with consideration of the
speci ¢ biological context to ensure data integrity.

This chapter is divided into two main sections, focusing on my contribution to this joint

research endeavor: spatio-temporal data cleaning and data analysis. Both sections aim
to identify key characteristics of the motion of distinct cell types.

3.3 Methods

In this section, the statistical methods used to analyse the data are described. While some
of these methods may be familiar to the reader, their inclusion ensures that the thesis
is self-contained and comprehensive. All programming was performed using (version R
4.3.2).
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In the dataset, there were M unique cells. Within each unit of time t, (min), each
cell's real-time coordinate position was obtained. In detail, thekth cell was recordedNy
times. Attime t;, the central position of the kth cell of type wasPE; = (xlt("; ;ytkj; ;ztk"; ),
where 0 t; Ny 1;tj 2 N, Nis the set of natural number,1 k M;k 2 Z, Zis the

set of integers, and 2 f 1;2;3g.

The distance between thekth cell of type at time tj ; and time t; is

g q t 1 tji \2 i1 ti 2 o1 ti \2 o
dtj ity _ (Xk; X ) +(yk; Yk, ) +(Zk; 2. ) if ] 60 . 21
k. - . y .
‘ - 0 if j=0 —

where 0 tj 1<t; Ny landtj t 1= tg.

Based on Formula 3.1, the speed fokth cell from time t; | to time t; was dlt("; 1 =,
(m=min). Let di. be the average speed andy. be the standard deviation of speed for
the kth cell of type
1 ™ gy b
de. = ki ;

Nk 1 ]:1 tu

In order to challenge the null hypothesis that the average mean speed was independent

of whether the cell type was = 1 or the cell type was = 2, a permutation test was
used [83].
The set Ay = dp;1;d21; ;dm ;015 di:2; do:o; ;dv,2 was an ordered set, and it in-

cluded M1 + M, elements, whereM ; was the number of cells in type 1 andM, was the
number of cells in type 2. The rst M; elements were the mean speed records for type
1 cells, and the lastM, elements were the mean speed records for type 2 cells. The
real-valued statistic used under this null hypothesis was

Then, create a permutation test that reassigns labels to individual data. A reordered
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observation was obtained

A= dandey  dmwmuydazidez  d e

n 0o

A collection of permutation Q could be characterised so that reordering A (g 20 was
used to compare withM (A,). Therefore, the Monte Carlo approximation with jQj test

statistics was applied to estimate the two-tailed p-value

P ..
1+ 9 .
| IM(Aq)i M(A (g);)

iQi ;

p =
where | was the indicator function.

Permutation tests and Monte Carlo approximation were also used to statistically as-
sess the null hypothesis that the average mean speed was independent of whether the cell
type was =1 or the cell type was = 3, and the null hypothesis that the average mean
speed was independent of whether the cell type was = 2 or the cell type was = 3. The
threshold for signi cance of the Bonferroni-corrected p-value wasp < 0:05=3 = 0:0167.

To challenge the null hypothesis that the average standard deviation of speed was inde-

pendent of whether the cell type was = i or the cell typewas = j, wherei;j 2f1;2;3g
andi 6 j. The real-valued statistic was
P M K P M ki
M (A )= k=1 ki k=1 ki

Afterwards, the Monte Carlo approximation was applied to get the two-tailed p-value,
and Bonferroni-corrected performed.

The con nement ratio and con nement index described the linearity of cells' movement.
In detail, the con nement ratio ( ¢,. ) was the ratio of the distance between the rst and
nal positions to the path length of the kth cell of type [64]. The con nement index
(q(; ) was calculated as the ratio of the max radius to path length for thekth cell of type

[134]. Max radius (max(d)k. ) was the furthest distance betweenkth in its movements

q : . _ :
max(d)x. = max (x}g; xL’; )2+(YE; yL‘; )2+(ZE; zlt(l; )2 ;0 tijtp Ng 1

37




3.3. METHODS

P
and path length ( (d)x. ) was the sum of the movement of thekth cell of type

(). = di 1

=1

The con nement ratio were de ned as

g0t
CG. = P ;
N (d)i;
and con nement index was
i (d)k;
Ci(; = EL

(d)k;

In order to quantify the relationship between the max radius and the distance between the
rst and nal position, the Pearson correlation coe cient was applied, and the range of
the Pearson correlation coe cient was [ 1;1] [128]. It was performed by cor' function
with method “pearson’ in 'R'. The closer the coe cient is to 1, the more correlated the
two variables are.

To challenge the null hypothesis that the average value of con nement ratio was in-
dependent of the cell types, and permutation test were used. The real statistic for the
= ith cell type and = jth cell type, wherei;j 2f1;2;3gandi 6 j, was
P, P Mj r
k=1 Ck;i k=1 Ck;j

M (Ax) =
(Ae)= —f v

Monte Carlo approximation was employed to get the two-tailed p-value, and Bonferroni
correction was used to change the threshold for signi cance.

Permutation tests and Bonferroni correction were also used to statistically assess whether
the average value of con nement index was independent of the cell types. The two-tailed
p-values were calculated by Monte Carlo approximation with 250,000 sampling.

The anlgle could also be used to analyse the linearity of cell movement [134]. In detail, the

vector -PE; 1P|t("; means the movement for thekth cell from time t; ; to time t;. Hence,
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the angle for the kth cell of type at time t; was de ned by

| |
: i 1t ’ tj tj+1
Pk; P. Py Py

t; : DTk
cos( i )= 1 I
i 1pl] i pli+v
I:)k; I:)k; Pk; Pk;
and
' t AR
ot P P/ P PL™
sin( . )= + ’ -,

I
pli 1pti pli ptiv
I:)k; I:)k; I:)k; Pk;
! !
. ti 1t _ tj G _ o _
if Pg. "P,, =0or P. P, =0, . =0.

The arrest coe cient ( ayx. ) was the percentage of time for the instantaneous velocity of
kth cell of type was less than 2m= min [69]

P Ny lltj 1tj
j=1 k

a,. = ; 100%;
. Nk 1 ’
8
2 .4 M
wherel 1 = e is an indicator function.
-0 H—> 2

Permutation tests and Monte Carlo approximation were used to statistically challenge
the di erence in arrest coe cient between di erent cell types. The null hypothesis was
the mean of the arrest coe cient was independent of the cell type. Bonferroni correction
was performed.

Inspired by the arrest coe cient, the nestin arrest coe cient (NAC) was de ned as the
proportion of time a cell was less than 25m away from the nestin-GFP+ cells. The
shortest distance from thekth cell of type to the nestin-GFP+ cells at each time was

recorded as diolt ;diatz ; ;dmk; ™ Hence, the NAC (N ) for the kth cell was
P N Lpg .o
_ J: )
ng = ————  100%
k; N, 1 (!
where,

( -
ItJ atp L dt”]k21t] 25
e 0; di, M 25
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Permutation tests were used to detect changes in NAC between di erent cell types. The
null hypothesis for the test is that the mean value of the NAC is independent of the
cell types. The Monte Carlo approximation with 250,000 test statistics was employed
to calculate the two-tailed p-values with a Bonferroni-corrected p-valued threshold of
p < 0:05=3 =0:0167.

To compare the cell movement behaviours close to the nestin-GFP+ cells and far away
from the nestin-GFP+ cells, the permutation tests were used. For the cell movement
behaviour like arrest coe cient, the null hypothesis that the mean value of the arrest
coe cient for cells in type = i was independent of whether they located close to the
nestin-GFP+ cells or not.

The ordered setA; _, = ang:i;an,i; sam,, i A A AM; Mg )i o and it in-
cluded M; elements. The rst M, elements were the arrest coe cient for cells close
to the nestin-GFP+ cells, and the last M; Mj, element includes all arrest coe cient
for cells far away from the nestin-GFP+ cells. The real-valued statistic under this null
hypothesis was

Mni o P (v Ma) o
M(A, )= k=ny “Kil k=1 ki
Ra-)= —y, Mi My,)

A permutation  was created, and it reassigns labels to individual vectors. A recorded
observation set is obtainedA (5 _,) = @ (nyi)i@ (ni)s @ (Ma i) @ (Li)i @ @i)s

a (M, M )i) - Then, the empirical distribution of a collection of permutations was used
to compare with M (A, _;). Therefore, the Monto-Carlo approximation was applied to
calculate the two-tailed p-value.

n 0
. . t t
All displacements for kth cell is recorded as d°";di*'?; ;d.;’* '™ . The mean of

P ot
all displacements was ( JN:kl 1dth th )=(Nx 1). The autocovariance function at lag |,
where 0 N 1, 2Z,was

PNp 1t 1t
PN, 1 g 1t s d)
j= +1 Ok Ne 1

N 1

PN 14 1y
g 1t -1 G
K Ny 1

f( )=

The autocorrelation function (ACF) for the kth cell atlag isfg( )=fx(0). Furthermore,
the average autocorrelation function (average ACF) was a statistic used to describe all
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cells' movement memory at lag was de ned as

Pw ]*?(
iz ()
FO= Pyr,
1 ()
- 0 >Ny 1 (= O=Nw 1
where 27, ()= F()=F(0); <N ' andly ()= 1, <N

Clustering is an unsupervised learning technique that can divide data into clusters based
on their similarity [5, 7]. To explore cell behaviour patterns from spatio-temporal data,
Uniform Manifold Approximation and Projection for Dimension Reduction (UMAP), a
dimension reduction method based on manifold theory and topological data analysis, was
used [99]. UMAP showed better performance in both local and global structures than
other clustering methods [11]. These clustering and visualisation results were performed
in 'R by "umap package (version 0.2.10.0).

3.4 Spatio-temporal data cleaning

In this section, the biological experimental background is introduced, and, based on it,
the cleaning procedures we created for the spatio-temporal high-dimensional dataset are
performed.

3.4.1 Biological background

Figure 3.1: Haematopoietic stem and progenitor cellsn vivo experiment sketch.

All biological experiments were designed and conducted by Prof. Lo Celso's lab, with
a high-level sketch shown in Figure 3.1. Our collaborators injected uorescently stained
cells, haematopoietic stem cells (HSCs: Lin-, c-Kit+, Sca-1+, CD48-, CD150+, Flk2-
, CD34-) and multipotent progenitors (MPPs: Lin-, Ckit+, Scal+, CD48+, CD150-,
CD34+), into the lethally irradiated mice. Recipient mice were either wild type, nestin-
GFP or FIk1-GFP transgenic mice, the latter two allowing simultaneous observation
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of injected cells and either nestin-GFP positive periarteriolar (nestin-GFP+ cells) or
endothelial cells (ECs). Then, intravital microscopy (IVM) of the calvarium bone marrow
was performed, and time-lapse data videos were collected from the recipients on the second
and fourth days after the injection.

Our collaborators at Imperial College London performed the intravital microscopy to
image the calvarium bone marrowin vivo. They imaged an area of approximately 200
200 36 m 2 every three minutes, with one single tracking time-lapse video extending
up to 684 minutes (over 11 hours). The total tracking time was about 850 hours. The
spatio-temporal imaging data were then analysed with [maris ' software to collect the
three-dimensional coordinates of each cell at each time point. Based on the time of
data collection and uorescence staining, the dataset includes three types of cells, two
days after HSCs transplantation, two days after MPPs transplantation and four days
after HSCs transplantation. In the following analysis, these cell types are referred to as
HSCDay2, MPP, and HSCDay4, respectively.

3.4.2 Dataset description

In the original dataset provided by collaborators, there were 17302 records and 23 vari-
ables, and each variable has been explained in Table 3.1. In this subsection, the format
check and completeness check of the dataset were performed to improve the quality of the
data [55].

Each unique cell in the dataset was identi ed by variablesSort, Position, TrackiD , Day,
CellType, Time, and Time.original . The variable Time recorded the start time of the
video, while Time.original indicated when each cell rst appeared in the eld of view.
The variable Time.orginal e ectively captured cells that entered the view midway through
the recording. Based on these variables, the original dataset contained 282 cells.

The variables nestin and Ncontact were used to describe the relationship between each
cell and the nestin-GFP+ cells in the view. The Euclidean distance from the cell to the
nearest boundary of a nestin-GFP+ cell was recorded imestin. In 0.2% of the records,
the distance was recorded as> 140' and in 3% of them as> 30', and they were manually
added by our collaborators. Depending on whether the cells were in contact with nestin-
GFP+ cells, collaborators also manually added the variableNcontact. This is a binary
variable, where "1' indicates that the cell is in contact with a nestin-GFP+ cell, “0' indi-
cates no contact, and "NA' means that nestin-GFP+ cells are not seen in the eld of view.

42




3.4. SPATIO-TEMPORAL DATA CLEANING

Variable Detall Description

Sort Integer Positioning the eld of view for each single cell
position Integer Positioning the eld of view for each single cell
TracklD Integer Identifying each single cell in the same eld of view
Day Integer day2, day4

Celltype character HSC, MPP

Time Integer 0-288

Time.orginal Integer 1-229

nestin Numerical variable 26% NA, distance from cell to nestin-GFP+ cells
Ncontact Dummy variable 26% NA, contact between cell and nestin-GFP+ cells
endothelium  Numerical variable 95% NA

Econtact Dummy variable 95% NA

osteoblast Numerical variable 99% NA

bone Numerical variable 99% NA

X Numerical variable Three-dimensional coordinates

Y Numerical variable Three-dimensional coordinates

Z Numerical variable Three-dimensional coordinates

WvWv Dummy variable Biological information

Nestin Dummy variable Biological information

Col2.3 Dummy variable Biological information

Flk1 Dummy variable Biological information

manualTrack Biological comments

Comments Biological comments

X.1 Biological comments

Table 3.1: Variables in the original dataset.

Of cells injected into nestin-GFP+ reporter mice, 213 cells showed elds of view with
nestin-GFP+ cells while 14 cells did not. In addition, a total of 55 cells were tracked in
non-nestin-GFP+ backgrounds.

Similarly, variables endothelium and Econtact reported the distance between endothe-
lium cells and cells, and whether the HSCs or MPPs touched with endothelium cells. The
variables bone and osteoblastindicated the distance between bone and the cells. However,

these variables had over 95% missing data. Due to the paucity of data, this information
was not used in subsequent analyses.

There were some obvious recording errors in the original dataset, leading to data for-

matting issues, such as question marks appearing in numerical variables. There were 21
records with data format errors and 16 records with obvious human recording errors.
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3.4.3 Dataset visualisation

After checking the format and completeness of the dataset, the visualisation of spatio-
temporal data could e ectively identify the noise, which includes errors or outliers [55].

The error data corresponds to records that are impossible, while outliers are statistically
unusual and therefore require further investigation. This part of the data cleaning is

divided into spatial visualisation and spatio-temporal visualisation of cells' behaviour to

nd error data or outliers [20].

Spatial data cleaning

The global data cleaning was based on each cell's displacement over a 3-minute period,
which is shown in Figure 3.2. The maximum displacement observed within three minutes
was 784.52m , which exceeded the entire observable eld of view (200 200 36m 3).
This was an obvious data recording error. Based on this observation, several error data
and outliers also were identi ed, and my collaborators and | manually inspected and
corrected them one by one.

Figure 3.2: Cell displacements within three minutes in the original dataset.

Displacements of all 282 cells within three minutes, di erent colours represent
di erent cell types.

Researchers have suggested that as injection time increases, HSCs and MPPs undergo
di erentiation into di erent cell types, leading to disparate displacement behaviours at

di erent time points [46]. To account for this variability, all cells were manually examined

and categorised into three groups: HSCDay2, MPP, and HSCDay4. The displacements
for each cell type were then sorted from high to low and rechecked using the software
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ImageJ. Figure 3.3 illustrated the displacement of each cell at each three minutes after
this manual veri cation. Compared with Figure 3.2, this gure shows the result after
spatial data cleaning, and the noise has been removed. The maximum displacement of
the cell in three minutes was about 25m .

Figure 3.3: Cell displacements within three minutes in the cleaned dataset.

Displacements of all 282 cells during three-minute intervals after manual double-
check, di erent colours represent di erent cell types.

Spatio-temporal data cleaning

For cells with nestin information, the variance in distance to nestin-GFP+ cells was anal-
ysed to explore the relationship between nestin-GFP+ cells and HSPC. A higher variance
in distance indicated larger movement changes between the nestin-GFP+ cells and the
cell of interest. Given that nestin-GFP+ cells exhibited minimal movement in the video
and the displacement of the cell of interest every three minutes has been shown in Figure
3.3. High variance data suggested that thenestin information may be inaccurate, and
this observation highlighted the need for further veri cation, helping to identify cells with
potentially inconsistent nestin information.

Figure 3.4 showed the variance in distance to nestin-GFP+ cells for each cell in the
original dataset. Based on this analysis, 20 cells were removed because therstin dis-
tances were recorded as> 30' or > 140'. During the rechecking process, a dummy
variable "N25' was introduced for ease of recording and rechecking. This variable was set
to "0' if the distance to nestin-GFP+ cells was less than or equal to 25m , and "1' if the
distance exceeded 25m . Additionally, the nestin information for 13 cells was corrected.
The reason for 25m is explained in Section 3.5.2.
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Figure 3.4: Variance of distance to nestin for each cell.

Each point represented the change in distance between the cell and nestin-GFP+
cells during movement. Twenty cells that had nestin information like were > 30'
or > 140' were removed. Di erent colours represent di erent cell types.

After data cleaning, the nal dataset had 17237 records, 24 variables and 282 unique cells.
Of these, 12330 records (213 cells) hadestin information, and 4907 records (69 cells)
did not have nestin information.

3.5 Spatio-temporal data exploratory analysis

In this section, the cleaned high-dimensional data are used for exploratory statistical data
analyses. We created and executed data transformation procedures to characterise the
behaviour of di erent types of cell distributions after di erent transplant times.

3.5.1 Time-lapse of Day2 and Day4 transplanted HSCs reveals signi cant dynamics
and heterogeneity

Representative examples of elds of view of each cell type at selected time points are
shown in Figure 3.5(a) (HSCDay?2), Figure 3.5(b) (HSCDay4) and Figure 3.5(c) (MPP).
Comparing the spatial and temporal trajectory of cells, HSCDay2 had the smallest cell
movement range, HSCDay4 displayed a mix of behaviours, with some cells staying most
of the time localising in the same point but still wiggling and producing protrusions, while
others migrated along the eld of view, and MPP exhibited the largest movement range.

The phenomenon was also found in the screenshots in Figure 3.5. Three HSCDay?2 cells
moved in a small range. For HSCDay4, six cells were observed at the beginning, and some
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(a): HSCDay2 movements in the example eld of view

(b): HSCDay4 movements in the example eld of view

(c): MPP movements in the example eld of view

Figure 3.5: The three-dimensional cell trajectory obtained by time-lapse pho-
tography and the screenshots at the 0 minute, 135 minute, 270 minute and 405
minute of the time-lapse photography.

All cells were relocated to start at the origin point (0, 0, 0) for consistency in
visualisation. The three-dimensional images of the three cell types share the same
image range. In the screenshots, the red uorescent cells represent HSC before
transplantation, the yellow cells represent MPP, and the green cells represent
nestin-GFP+ cells. The black background is the bone marrow.
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cells moved in a small range like HSCDay2. Instead, some HSCDay4 cells displayed large
movement trajectories, with cells constantly entering the eld of view and cells jumping
out of the eld of view, like MPP cells.

All the tracks were shown in Figure 3.6 starting at the speci c time point when a cell
appearsin a eld of view. When tracking MPP cells, many more cells appeared at di erent
time points during the acquisition, highlighting their greater mobility in comparison to
HSCDay2 and HSCDay4.

Figure 3.6: Track swimmer plot.

The length of each line represents how long each cell was tracked. The start of
the line is from the specic time point when the cell appeared in the eld of
view. Di erent colours represent di erent cell types.

3.5.2 Analysis of tracks reveals an evolving behaviour from Day2 to Day4 and HSCs
to MPPs

To identify potential speci c cell behaviours associated with di erentiation status, several
statistical variables were analysed and compared between the three populations of inter-
est HSCDay2, HSCDay4 and MPP. Mathematical de nitions of variables are provided in
Section 3.3.

HSCs two days after transplantation exhibited the lowest mean speed, consistent with
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previously published data [46]. An increase in mean speed was observed in HSCDay4,
and MPP cells showed the highest mean speed values in Figure 3.7(a). In order to chal-
lenge the null hypothesis that the average of mean speed was independent of cell type,
permutation tests and the Bonferroni correction were performed. The threshold for signi -
cance of the Bonferroni-corrected two-tailed p-value was @5=3 < 0:0167. A Monte Carlo
approximation with 250,000 test statistics was used to estimate the two-tailed p-value
which has been reported in Figure 3.7(a). All null hypotheses were rejected, meaning
that the mean speed was signi cantly di erent between di erent cell types. The boxplots

in the gure revealed that HSCDay4 mean speed has the largest interquartile range, in-
dicating that the average speed of HSCDay4 has a relatively large range of variation.

Figure 3.7(b) also showed that HSCDay4 displayed a higher standard deviation, re ecting
greater heterogeneity in cell movement. In contrast, HSCDay2 had a lower standard de-
viation than the other groups, suggesting more consistent movement. The p-values from
the permutation tests and Monte Carlo approximation con rmed that the standard devia-
tions across di erent cell types were signi cantly di erent. The results of the permutation
tests illustrate the heterogeneity of di erent cell type movements.

(a): mean speed (b): standard deviation of speed
Figure 3.7: Mean and standard deviation of cell's speed.

The black violin plots show the distribution of mean speed (a) and standard de-
viation of speed (b) for all cells, and di erent colour boxplots show the statistical

summary for di erent cell types. Each point represents the movement behaviour
of each cell.

To provide an understanding of whether the movement of each individual cell was moving
or pausing, the arrest coe cient was calculated as the proportion of time during which
the instantaneous speed of the cell was less than 2h= min [69]. Figure 3.8 showed that
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HSCDay2 had the highest arrest coe cient, which meant that most HSCDay?2 cells moved
slowly or paused. HSCDay4 had a lower median arrest coe cient than HSCDay2, and
most MPP had arrest coe cients less than 100%, indicating that HSCDay2 spent more
time at the same location than HSCDay4 and MPP.

Permutation tests were also used to challenge whether there were di erences in the arrest
coe cient across di erent cell types. The null hypothesis was the mean arrest coe cient
was independent of cell types. Monte Carlo approximation with 250,000 test statistics
was applied to estimate the two-tailed p-value, as reported in Figure 3.8. The threshold
for signi cance of the Bonferroni-corrected p-value wasp < 0:05=3 = 0:0167. The test
results indicated that the arrest coe cient was signi cantly di erent between di erent cell
types. HSCDay?2 exhibited more limited movement compared to HSCDay4, and HSCDay4
moved more slowly than MPP. These ndings suggested that the movement behaviour of
HSCDay4 was more closely aligned with that of MPPs than that of HSCDay?2 cells.

Figure 3.8: Arrest coe cient of di erent cell types.

Each point represents the arrest coe cient of a single cell, and the dierent
colours show di erent cell types. The black line is the median arrest coe cient
for di erent cell types.

Two variables, the con nement ratio and the con nement index, were used to describe
the linearity of cell movement [64, 134]. The range of the two variables is 0 to 1, with
values closer to 1 indicating more linear movement. The con nement ratio was de ned

50




3.5. SPATIO-TEMPORAL DATA EXPLORATORY ANALYSIS

as the ratio of the distance between each cell's rst position and the nal position to the
path length. Figure 3.9(a) showed the trajectory of a cell, where the path length was
the sum of motion trajectory for this cell. The I, the red line in Figure 3.9(b), was the
distance from the cell's rst position to the nal position. The con nement index is the
ratio of maximum radius to path length, and the red line |; in Figure 3.9(c) represented
the max radius for the cell movement.

Figure 3.9: Trajectory of cell.

Path length of a cell was shown in (a). The distance from the initial position to
the nal position (b) and the max radius of the circle (c) were in red lines.

Figure 3.10 showed that both the con nement index and con nement ratio were larger
for MPP cells than the HSCs. It displayed that as cells di erentiate, the MPP cells
movement became more linear. Permutation tests also suggested that the con nement
index and con nement ratio were statistically independent of cell type at the Bonferroni-
corrected signi cance levelp < 0:05=3 = 0:0167. The permutation test results of both
the con nement index and con hement ratio showed heterogeneity of linearity movement
among di erent cell types. Since no obvious di erence could be seen in Figure 3.10(a)
and Figure 3.10(b), these two variables were further compared in detalil.

Figure 3.11 compared the di erence between the maximum radius of the cell trajectory
and the distance from the rst position to the nal position. The colour of the point in the
gure indicated the length of the time that the cell was tracked. It demonstrated for each
cell, the maximum radius was equal to or larger than the distance between the rst and
nal positions. The Pearson correlation coe cient between these two variables is 0.938,
which also reveals a strong similarity between the con nement index and con nement
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(a): Con nement index (b): Con nement ratio
Figure 3.10: Linearity of cell: con nement index and con nement ratio.

The black violin plots show the distribution of con nement index (a) and con-
nement ratio (b) for all cells, and di erent colour boxplots show the statistical
summary for di erent cell types. Each point represents the information of each
cell.

ratio [151].

Compared with the con nement ratio, the con nement index e ectively captured the
range of the cell's movement during the recording time. In detail, the con nement ratio
might fail to distinguish between cases where a cell moved extensively but nally returned
to its original position.

Other research groups have previously reported using cell movement angles to analyse
the linearity of cell movement [134]. Based on the data, cell movement was divided into
360 degrees, and the vector method was used to calculate the angle of each movement.
A rose plot was then utilised to visually represent the angular trends of cell movement.
To create the rose plot, rst, a histogram of angle data was generated by dividing the
circular range into 360 bins, and then the frequency of data in each bin was plotted as
bars radiating outward from a central point, ensuring that the start and end points of the
x-axis were connected to form a continuous circular plot.

Figure 3.12 displayed the angles of all cell movements in di erent cell types. When cells
were pausing, the movement angles were 0. This was also the reason why there were
the more movements at O degrees. Beyond 0 degrees, it was not found that cells tend to
move in a certain direction. The reason was due to spatial location extraction. In the
process of obtaining the coordinates of cells, since cells had irregular shapes, the position
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Figure 3.11: Compare max radius and distance between the rst to nal positions.

The x-axis is the maximum radius for each cell and the y-axis is the distance between
the initial cell positions and the nal cell positions. The di erent shapes of the cell
show the cell type, and the colours show the length of time that the cell was tracked.

of any point on the cell (with a diameter of around 10 m ) was recorded as the real-time
coordinate. The sensitivity of angles to coordinate noise may lead to errors, causing some
ndings to be missed. Therefore, the con nement index was most suitable for describing
the linearity of cell movement in this research.

Figure 3.13 illustrated the average autocorrelation function for di erent cell types, and
it suggested there was no temporal correlation for di erent cell types. This also meant
that the three cell types did not exhibit memory in their movement patterns within the
three-minute intervals observed.

Through the analysis of cell behaviours in this section, di erent types of cells had sig-
ni cant di erences in their movements and cell movements have no memory. Next, the
relationship between nestin-GFP+ cells and HSPC will be examined.

3.5.3 Analysis of transplanted HSPCs interactions with nestin-GFP+ cells

To understand whether these di erential dynamics could be regulated by the bone marrow
niche, HSPC (HSCs and MPPs) were transplanted into nestin-GFP transgenic reporter
mice by our collaborators at day 0. Nestin cells are a subpopulation of mesenchymal stem
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(a): HSCDay2 angle (b): HSCDay4 angle (c): MPP angle

Figure 3.12: Linearity of cell: rose plot analysis.

Figure 3.13: Average autocorrelation function in three cell types.
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cells (MSCs) that have been shown to be essential for HSCs maintenance and function
[9, 101, 118]. Intravital microscopy (IVM) was used to record time-lapse images, and
the interactions between cells of interest and nestin-GFP+ cells were able to be studied
within the mice calvarium bone marrow.

As explained in Section 3.4, after data cleaning, 213 cells had information about nestin-
GFP+ cells. Notably, all HSC cells observed on the fourth day after transplantation were
in nestin-GFP+ reporter mice. This suggested that the HSCDay4 cells lacking nestin-
GFP+ information were located too far from nestin-GFP+ cells, resulting in their absence
within the eld of imaging view.

Figure 3.14 compared cell movement behaviours in the eld of view with and without
nestin-GFP+ cells. Permutation tests were conducted to statistically challenge the null
hypothesis that the mean values of cell movement behaviours (mean speed, standard de-
viation, arrest coe cient and con nement index) are independent of whether the presence
of nestin-GFP+ cells in the eld of view or not. The two-tailed p-values for each test,
estimated by the Monte-Carlo approximation with 250,000 test statistics, were reported
in the gure, at the Bonferroni-corrected signi cance level p < 0:05=3 = 0:0167.

From permutation test results, there was no evidence to reject the null hypothesis that
HSCDay2, MPP, and HSCDay4 have di erent mean speeds, standard deviations, and
arrest coe cients, regardless of whether the cells were within a eld of view containing
nestin-GFP+ cells or not, as shown in Figures 3.14(a), 3.14(b), and 3.14(c). This showed
that their movement speed has not changed due to the presence of nestin-GFP+ cells.

However, the con nement index for HSCDay4 displayed a statistically signi cant dif-
ference, with a p-value of 0.012 € 0:0167). As mentioned before, all data at day 4 were
collected from nestin-GFP+ reporter mice. This suggested that HSCs on the four-day
post-transplantation exhibited signi cantly more nonlinear motion when they were far
from nestin-GFP+ cells compared to when they were close to nestin-GFP+ cells. In con-
trast, day 2 cells (HSCDay2 and MPP cells) did not reject the null hypothesis, as shown
in Figure 3.14(d). This showed that there was no di erence in the linear movement of
cells on the second day.

From this statistical analysis, it appeared that variables such as mean speed, standard
deviation of speed, arrest coe cient, and con nement index were not a ected by the

presence of nestin-GFP+ cells for cells two days after transplantation. However, as time
passed, cells close to nestin-GFP+ cells and those far away from them exhibited di erent
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(a): Mean speed (b): Standard deviation

(c): Arrest coe cient (d): Con nement index

Figure 3.14: Comparison of cell movement behaviours in the eld of view within
and without nestin-GFP+ cells.

The red boxplots and points represent cells in environments with nestin-GFP+
cells, and the blue ones are the cells in the eld of view without nestin-GFP+
cells. The black violin plots show the distribution of each variable in di erent
cell types, and the black points in the middle of the violin plots are the median
values.
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movement behaviours four days after transplantation. This di erence may be attributed
to cell dierentiation. The following analysis explores whether the di erentiation has
already been evident in the data from the second day.

Figure 3.15: The distance from cells after 2 days transplantation to nestin-GFP+
cells.

Each light-blue line represents the distance of individual HSCDay?2 cells to nestin-
GFP+ cells over time, while the light-brown lines correspond to MPP. The blue
line indicates the median distance for all HSCDay2 cells to nestin-GFP+ cells,
and the brown line represents the median distance for all MPP.

As discussed in Section 3.4 about spatio-temporal data cleaning, information about nestin-
GFP+ cells was mainly contained in two variables Ncontact and nestin. Twenty HSCDay4
cells contained ambiguous data records (e.g.,% 140" and \> 30"). In Figure 3.15, there
was a representation of every track of HSC and MPP at day 2, with the median of all
tracks for each population in a bold line. Over time, MPPs were generally located farther
from nestin-GFP+ cells compared to HSCs.

To address this ambiguous information, a novel statistical variable was created the nestin
arrest coe cient (NAC). Similar to the arrest coe cient, this new variable described
whether the cell was moving closer to or farther away from nestin-GFP+ cells. The me-
dian distance from HSCDay2 to the nearest nestin-GFP+ cells was 18m at the initial
time, while for MPP cells, it was 32 m . The average initial distance to nestin-GFP+ cells
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across both cell types was 25m . Furthermore, the NAC was de ned as the percentage
of time that the nearest distance between the nestin-GFP+ cell to the cell was less than
25 m.

Figure 3.16: Nestin arrest coe cient.

The point plot shows the nestin arrest coe cient for di erent cell types, with
colour indicating “Ncontact' status. The black line shows the median nestin
arrest coe cient of each cell type.

Figure 3.16 showed the NAC for di erent cell types and included the variable Ncontact
which showed whether a cell contacted the nestin-GFP+ cells. The black line in the gure
represented the median value of the NAC for each cell type. The median of HSCDay2 was
much higher than HSCDay4 and MPP, which revealed that most HSCDay2 have a pref-
erence for being located near nestin-GFP+ cells. The green dots in the gure represented
cells that were always directly touching nestin-GFP+ cells, while blue dots indicated cells
that were sometimes in contact. Both groups showed higher NAC values compared to
cells that were never in direct contact with nestin-GFP+ cells (red).

A permutation test was applied to challenge the null hypothesis that the mean value
of the nestin arrest coe cient is independent of cell types, and Bonferroni correction was
also employed to get the Bonferroni-corrected p-value threshold op < 0:05=3 = 0:0167.
The two-tailed p-value was estimated from a Monte Carlo approximation with 250,000
statistics. The p-value between Day?2 cells (HSCDay2 and MPP) was 0.46, between HSCs
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on di erent days was 0.75, and between HSCDay4 and MPP was 0.7, providing no evi-
dence to reject the null hypothesis. Unlike other variables, NAC did not di er signi cantly
between cell types.

However, from Figure 3.16, MPPs had more cells with NAC between 0 and 1 compared
to HSC cells. About 40% of HSC cells were closer to nestin-GFP+ cells and had higher
NAC, and about 40% of HSCs were farther away from nestin-GFP+ cells and had NAC
close to 0. Compared with HSCs, the proportion of MPPs located near nestin-GFP+
cells was smaller (about 20%).

Mesenchymal stromal cells (MSCs) secrete many relevant factors impacting the behaviour
of haematopoietic cells, including HSCs [31]. This also raised the question of whether the
varying distances of HSCs from nestin-GFP+ cells two days after transplantation were
related to their movement behaviours.

Figure 3.17 compared each cell's mean speed when located within 28 of nestin-GFP+
cells versus when located farther than 25m . The x-axis represented the mean speed of
cells when within 25 m of nestin-GFP+ cells. For cells with NAC of 1, their mean speed
when located beyond 25m was set as 0. Conversely, when NAC was 0, it indicated that
the cell was always farther than 25 m from the nestin-GFP+ cells, and their average
speed within 25 m was de ned as 0. For cells (empty circle) with an NAC between 0
and 1, the x-axis showed the average speed within 25n , while the y-axis showed the
average speed outside 25n .

The gure showed that blue points, representing HSCDay2, located in the lower-left
corner indicated that HSCDay2 cells had a lower mean speed than HSCDay4 and MPP
both close to the nestin-GFP+ cells or far away from them. For cells (empty circles in
the gure) with an NAC greater than 0 but less than 1, the cell was sometimes close to
nestin-GFP+ and sometimes far away. The mean speed of all empty circles was positively
correlated when close or away from the nestin-GFP+ cells, with a Pearson correlation co-
e cient of 0.44. It suggested no evidence that proximity to nestin-GFP+ cells a ected
the speed of cells.

The foregoing statistical exploratory data analysis revealed that four days after trans-
plantation, HSC cells exhibited signi cant di erences in their linear movement depending

on whether they were close to nestin-GFP+ cells or not. Although no statistically signi -
cant evidence in the movement behaviour of HSCs and MPPs was observed on the second
day after transplantation, HSCs tended to be closer to nestin-GFP+ cells than MPPs.
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Figure 3.17: Each cell mean speed around nestin-GFP+ cells and far away the
nestin-GFP+ cells.

The point plot shows the mean speed for each cell when they are close to the
nestin-GFP+ cells or far away. The di erent colours report the cell types and
the di erent shapes show the nestin arrest coe cient types. The x-axis indicates
the cell mean speed when the cell is close to the nestin-GFP+ cells and the y-axis
is the cell mean speed when the cell is far away to the nestin-GFP+ cells.

Additionally, HSCs appeared to be divided into two groups based on their NAC. Next,
unsupervised clustering and biological marker analyses were used to investigate whether
cell movement behaviour in uences cell di erentiation.

3.6 Clustering of cell tracks

From the previous spatio-temporal exploratory analysis of cell movements, there was no
evidence to suggest that the mean speed, standard deviation, arrest coe cient, con ne-
ment index and nestin arrest coe cient di ered between HSCDay2 and MPP cells. The
uniform manifold approximation and projection for dimension reduction (UMAP) was
used to cluster the cells on the second day after transplantation to capture cell similari-
ties in spatio-temporal data [99].

Figure 3.18 presented the UMAP clustering result. It suggested that HSCDay2 could
be divided into two subgroups, the top subgroup and the bottom subgroup. The points
in Figure 3.19(a) provided the information for each variable, and the boxplots in Figure
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3.19(b) showed the statistical summary of HSCDay2 movement behaviour in the top and
bottom subgroups identi ed by UMAP.

Figure 3.18: UMAP 2D visualisation.

Two-dimensional projection visualisation show clustering results for day 2 data

using UMAP. The yellow solid points show the MPP cells and each blue repre-
sents the HSCDay?2 cell.

A permutation test was employed to statistically challenge di erences in NAC between
the bottom HSCDay2 subgroup and the top HSCDay2 subgroup. The null hypothesis is
that the NAC is independent of whether the HSCDay?2 cell belongs to the top or bottom
UMAP subgroups. The two-tail p-valued wasp =4 10 ©, which was estimated by Monte
Carlo approximation with 250,000 test statistics, resulting in the null hypothesis being
rejected. Although previous exploratory analysis did not show heterogeneity in NAC
between dierent cell types, UMAP suggested the heterogeneity within the HSCDay2

population, which was strongly associated with whether cells maintained close proximity
to nestin-GFP+ cells or not.

Permutation tests were also used to challenge the di erence in mean speed, arrest coef-
cient, stand deviation of speed and con nement index between the bottom HSCDay2
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(a): Cell movement behaviours visualisations.

(b): Subgroup visualisations.
Figure 3.19: Cell movement behaviours visualisations.

(a) The point plots indicate the movement behaviours for each cell in the UMAP result.
The darker the point, the higher value of the variables for the cell. The empty dots
represent the HSCDay2 and the solid dots are MPP. (b) The boxplots include statis-
tical summaries for the bottom subgroup and top subgroup of HSCDay2 from UMAP
clustering.

group and the top group. The two-tail p-values were 0.005, 0.013, 0.0046 and 0.1 for
mean speed, arrest coe cient, stand deviation of speed and condiment index respectively,
calculated by 250,000 Monte Carlo approximation. Combined with the visualisation, the
subgroup of HSCDay? cells located at the top right of the UMAP clustering had a signif-
icantly higher NAC and displayed more active, linear movement compared to the bottom
subgroup, because the top group had a higher mean speed, a greater standard deviation
of speed, a larger con nement index, and a lower arrest coe cient, indicating more dy-
namic behaviour. In contrast, the bottom group, located further from nestin-GFP+ cells,
exhibited less active movement.

This clustering result suggested that two subgroups of HSCDay2 exhibited statistically
di erent behaviours. One group actively approached the nestin-GFP+ cells, while the
other did not. This information suggested that there was heterogeneity within this HSC-
Day2 population, with some cells might be in di erent stages of di erentiation.

62




3.6. CLUSTERING OF CELL TRACKS

Following the report highlighting that the data suggested two groups, my collaborators
at Imperial College London decided to reexamine a subset of the data. Once the imaging
was completed, they sacri ced some of the mice, xed the tissue, and stained for clus-
ters of di erentiation markers to determine the phenotypes of nine of the transplanted
cells at the experiment's conclusion. The stained markers included a lineage cocktail for
terminally di erentiated cells, CD150, CD48, and CD41, which are well-established for
identifying HSCs. This allowed them to con rm that, as indicated by the tracking data,
the cell population exhibited phenotypic heterogeneity. Some cells matched the primitive
HSCs phenotype (Lin-, CD150+, CD48-), while others expressed lineage markers, sug-
gesting they had already begun di erentiating.

Because it is not possible to determine di erentiation status from IVM, this post-imaging
staining process was crucial for validating the predictions made from the IVM data. Due
to the complexity of this work, only nine cells were successfully analysed. Figure 3.20
showed the nine cell phenotype results placed, overlaid on the UMAP clustering analysis
to con rm the relationship between cell behaviour and di erentiation state. For the nine
cells analysed, ve cells still appeared as HSCs phenotype and represented by blue circles
in Figure 3.20. The remaining four cells had di erentiated into other cell types, and they
were in yellow in the gure. At the upper right subgroup of the UMAP gure, four HSCs
appeared, while cells in the lower right subgroup had di erentiated into other cells. This
means the UMAP clustering was largely correct, providing evidence in support of the
inference.

The biological di erentiation results combined with the UMAP clustering result suggest
that cells remaining in the HSCs state tend to stay closer to nestin-GFP+ cells and exhibit
more active behaviour. In contrast, as cells di erentiate into other types, they might move
away from nestin-GFP+ cells and show less active movement. These ndings suggest
that cells in distinct di erentiation states can be classi ed based on their heterogeneity
behaviours, highlighting the potential to use cell movement patterns as indicators of their
developmental status.

Based on the analysis of stem cell motility on the second day, HSCs transplanted four days
earlier were predicted using the UMAP. Figure 3.21 showed the results. It can be seen
that the cells of HSCDay4 do not form obvious clusters. Some of them are in the upper
right corner, overlapping with the HSCDay?2 top subgroup, some are close to HSCDay2
in the lower left subgroup, and the rest align more closely with MPPs. This prediction
result showed that the cell di erentiation of HSCDay4 was diverse. Compared with the
di erentiation results on the second day, a larger proportion of HSCs transplanted four
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Figure 3.20: Biological markers result.

Two-dimensional projection visualisation displays the UMAP clustering results
for Day 2 data. Nine immunostained cells are highlighted and distinguished by
colour based on their cell phenotype.

Figure 3.21: HSCDay4 prediction.

Two-dimensional projection visualisation displays UMAP prediction results for
day 4 data. Light yellow points represent MPP, light yellow points represent
HSCDay4, and predicted HSCDay4 are marked in brown.
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days ago have dierentiated into other cell types. Some of them are more similar to
MPPs, and some cells may still be HSCs.

3.7 Discussion

In this chapter, extensive spatio-temporal data were collected fromin vivo time-lapse
microscopy by collaborators in Prof. Lo Celso's lab at Imperial College London. This
dataset presented signi cant challenges due to the complexity of obtaining high-resolution
images of live cells within the bone marrow of living mice. My main contribution was to
design and implement a robust statistical pipeline for cleaning and analysing this complex
dataset. It included format checks, completeness checks, identifying noise and data trans-
formation to ensure high-quality reliable data. My other main contribution was to apply
machine learning methods to explore spatio-temporal cell type distribution. This research
characterises the unique movement and localisation behaviour of HSPC two days and four
days after transplantation. These steps could be reproduced in other high-dimensional
spatio-temporal datasets.

Previous studies have employed transcriptome sequencing and clustering methods to ex
plore the di erentiation process of HSPC in bone marrow, revealing that cells di erentiate
into various cell types and perform distinct functions at di erent time points following
transplantation [38, 54, 72]. These studies however lack information on the localisations
and behaviours of the cell examined. Furthermore, the bone marrow niche is critical for
understanding the self-renewal and multipotency of HSCs [117], and the nestin-GFP+
cells in niche in uenced HSCs behaviour by providing varying cytokine inputs necessary
for HSCs maintenance, originating from distinct perivascular niches [117, 119]. While 3D
in vivo imaging o ers the opportunity to study the bone marrow environment, obtain-
ing useful spatio-temporal data, especially over extended periods, has been complex and
technically demanding.

Although the signi cance of the bone marrow niche has been recognised, no prior study
has de nitively demonstrated how nestin-GFP+ cells in uence the precise spatial prox-
imity of HSPC. This gap is due to the challenges in capturingin vivo time-lapse data
and the complexity of analysing spatio-temporal data associated with cell dynamics. The
statistical pipeline developed in this chapter was crucial in addressing these challenges,
following the collection of the data by our collaborators.

The spatio-temporal data cleaning work ow was designed based on the complexity of
high-dimensional data acquired byin vivo time-lapse microscopy. There were obstacles
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that analysing the data about tracking HSPC in the dynamic bone marrow environment,
including the presence of ambiguous records, data noise, and hard in accurately identifying
cell positions relative to nestin-GFP+ cells. The spatio-temporal data cleaning work ow
in this chapter involved not only standard preprocessing techniques, but also the devel-
opment of new methods to handle and correct these ambiguities. For example, combined
with visualisation, creating a new biological variable “nestin arrest coe cient' accurately
guanti ed the relationship between cell movement and proximity to nestin-GFP+ cells.
This data cleaning work ow ensured that the dataset was robust and retained reliable
biological meaning.

The spatio-temporal statistical analysis revealed signi cant di erences in the movement
behaviour of HSC four days after transplantation, depending on their proximity to nestin-
GFP+ cells. Furthermore, the unsupervised learning method revealed the heterogeneity
within the HSCs two days after transplantation, and discovered distinct subpopulations
associated with nestin-GFP+ cells. The combination of immunophenotypic results with
clustering results provided biological evidence to conrm that cellular behaviour was
closely linked to di erentiation status. It is a novel contribution in the cell type distri-
bution analysis, demonstrating that cellular di erentiation status can be inferred from
movement patterns.

The spatio-temporal statistical analysis pipeline developed in this chapter has broad impli-
cations for haematopoietic stem progenitor cell dynamics. By combining spatio-temporal
data cleaning with advanced statistical techniques, this research provides a framework for
future studies to explore the dynamic behaviours of cellsn vivo. The ability to link cell
movement with di erentiation states opens up new possibilities for understanding how
the bone marrow environment in uences haematopoietic stem cell fate decisions. Mov-
ing forward, the pipeline could be extended to other cell types and biological contexts,
providing deeper insights into the spatio-temporal dynamics of cell behaviouiin vivo.
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Statistical analysis of temporal generational
distribution in cells

4.1 Abstract

This chapter introduces a novel method called DivisionCounter, developed in collabora-
tion with Dr. Leda Perg's lab at Curie Institute, for analysing the long-term generational
distribution of cells in vivo. A version of this work can be found online as a pre-print
[65]. All biological experiments were designed and conducted by Dr. Pere lab, while
my contribution was designing and implementing the statistical framework based on the
data collected by our collaborators. This framework is well-suited for long-term cell data
analysis.

Cell division drives multicellular growth and its dysregulation can lead to disease. While
approximately 44 divisions are required to generate the 18 cells in the human body,
current methods are limited to counting 10 cell divisionsin vivo across various mam-
malian cell types. DivisionCounter, the method introduced here, is based on a novel
design. Mathematical results establish that if each cell in a population is equipped with
a method to toss a random coin that, at each division, determines if o spring express a
uorescent protein, then knowing the likelihood of the change along with the proportion
of label positive cells is su cient to infer the average division count of the population. As
described in this chapter, this approach was realised in practice by Dr Pere's Lab, through
the construction of a genetic construct consisting of the code for a coin-toss mechanism
and the expression of a uorescent protein that is retrovirally loaded into cells, resulting
in the DivisionCounter. It enables the estimation of cell division numbersin vivo over
a large division range of up to 70 divisions using a simple uorescence readout. Exten-
sive experiments conducted in the Pere Lab and analysed with the statistical framework
described in this chapter have demonstrated that the method can accurately measure
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the average cell division in bothin vitro and in vivo. Its use revealed that leukaemia
tumour division rates are independent of organs' speci ¢ microenvironments and CAR-T
cell treatment, providing an estimate of tumour death rate in vivo. The DivisionCounter
method holds the unique potential to quantify the contributions of cell division, death,
and migration to the growth of healthy and pathological mammalian tissues.

4.2 Introduction

Cell proliferation drives the growth of multicellular organisms during embryogenesis, tis-
sue homeostasis, and regeneration after damage, and its dysregulation can lead to diseases
such as cancer. It is well established that: i) cells are limited in the number of times they
can divide, known as the Hay ick limit, of 40-60 divisions [63]; ii) cells accumulate ge-
netic mutations during division, which can eventually lead to oncogenesis [59]; and iii)
the memory of previous divisions regulate the decision of stem cells to di erentiate [14].
In contrast, existing research still knows little about how many cell divisions are required
to produce and maintain each organ in the body, or how cell divisions are regulated me-
chanically. This lack of knowledge about tissue development in healthy or pathological
processes is largely due to a lack of high-resolution tools for counselling cell divisions
vivo.

Currently, available methods for quantifying the number of cell divisions in mammalian
cells are limited in resolution and biological applications. One signi cant issue is that,
while cell counting is often used as a proxy for cell division, it is unable to deconvolve cell
death from cell division and so it measures the net cell population doubling rather than
guantifying the number of cell divisions [34]. Live microscopy of cells can trace at most
a few divisions in mammalian cellsin vivo or tens of divisionsin vitro, relying on direct
observation of divisions [42]. Division diluting dyes, such as Carboxy uorescein Diacetate
Succinimidyl Ester (CFSE) and Cell Trace Violet (CTV), use the dilution of a dye by
two at each division to infer division counts in vitro and in vivo, which has been shown
in Figure 4.1 [94, 122]. However, these dyes are limited to counting 10 divisions at best
due to the geometric dilution of the dye with division. Other uorescence dilution{based
methods have a resolution of 5 or 6 divisions [124]. Lengthier inference of division number
has been realized by quantifying telomere lengths, but this method is restricted to a few
speci ¢ cell types without telomerase activity. Therefore, there is a need for additional
methods that can quantify more than 10 cell divisions in a broad range of mammalian
cell types.

A novel methodology, the DivisionCounter, is presented in this chapter. The Division-
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Figure 4.1: Cell tracker dye.

When cells divide, the uorescence intensity is halved [95].

Counter can accurately estimate the number of divisions a population of cells has under-
gone up to more than 70, using a simple and low-cost uorescence readout, that builds on
previous qualitative recorders of cell proliferation. The DivisionCounter method consists
of a lentiviral construct and a mathematical formula. When used together, they enable
the estimation of the average division count of a cell population; that is, the mean of the
division counts of each cell in the cell population of interest. The mathematical princi-
ples that ultimately led to the DivisionCounter were rst published in 2016 [148]. It was
mathematically established that the average division of a cell population could be inferred
simply by tracking label performance in a cell population that had a small likelihood of
label loss at each division event. The only conditions were that cells should all be initially
labelled, lose their label expression at each cell division with a xed probability, and never
reacquire it. Implementing this approach in a biological system was achieved in 2022 [17].
The approach there, however, was qualitative rather than quantitative as the irreversible
requirement of the genetic construct introduced signi cant experimental challenges. As a
result, the mathematics of a system without that constraint were examined.

The dynamics of a more involved three-state system based around the inherent behaviour
of the random per-division driver, microsatellites (MS), led to a new formula, which was
called the DivisionCounter formula. In the rst iteration of the mathematics, the loss is
irreversible [43, 100, 148]. This system was experimentally implemented in an MS-driven
system [17]. However, the results reported were qualitative. In the second iteration of the
mathematics, which is developed in Section 4.2.2, the loss is no longer irreversible and
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the math explicitly models MS mutation dynamics as they will drive the loss or gain of
uorescence. That result is the DivisionCounter formula used in this chapter.

4.2.1 Lentiviral construct

In search of a division-linked mutative element to build the DivisionCounter, MS was
decided to use due to their low mutation rate that the likelihood per division was lower
than 10 2 [81, 93]. MS mutations indeed generally occur by the addition or deletion of
an entire nucleotide motif, which in this case is a single guanine. Therefore, by placing
this MS between the DivisionCounter construct's start codon and the mScarlet gene, MS
mutation would cause the addition or deletion of one nucleotide, therefore altering the
DNA sequence, and more importantly shifting the transgene mRNA translation reading
frame by +1 or -1 before the mScarlet gene thus causing improper mScarlet translation
leading to mScarlet expression stoppage, which has been shown in Figure 4.2. Hence,
the DivisionCounter construct label expression would either be on or o, however, the
underlying mechanism of this label expression alteration comes from a three-state system,
dictated by the biology of mMRNA translation into protein depending on RNA sequences of
nucleotides triplets, known as codons. While the original mathematical analysis relied on
the irreversible label loss [148]. Here, a new three-state DivisionCounter formula was de-
rived that takes into account the biological speci city of reversibility in this experimental
system.

4.2.2 Derivation of the DivisionCounter formula

The rst step in developing the DivisionCounter formula arises from the analysis of a
model of a three-state system that tracks changes in mRNA translation reading frame
states and its link to division-induced MS frameshift mutation. The three-state sys-
tem was modelled as a Markov chain that captures the reading frame state of a given
cell through divisions amongst the three possible mRNA reading frames, namely in the
frame, +1 frameshift, and 1 frameshift. All cells will be assumed to start in the \in
frame" state and, at each cell division, will have a cumulative frameshift mutation prob-
ability, , to move to +1 reading frame after a guanine addition or to move to a 1
reading frame after a guanine deletion. If the cell is in state 1 and experiences al mu-
tation, it moves to state 3. Similarly, if a cell is in state 3 and experiences a +1 mutation,
it moves to state 1. In this way, the state records the in- and out-of-frame state of the cell.

Let g be the probability of moving from the current state to the +1 reading frame state,
and also to the 1 reading frame state, so that the probability of a mutation in either
direction was = 2qg. This means a cell will have a probability to remain in its current
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Figure 4.2: Schematic of the DivisionCounter construct.

The top panel shows the DivisionCounter construct, which contains two essential
features a microsatellite (MS) and a uorescence protein (FP) in-frame, in an

open reading frame, all packaged in a lentivirus. After infection, the cells that

are FP-positive are selected to start the DivisionCounter experiment. With each

cell division, during DNA duplication, each cell has a low likelihood to undergo

polymerase slippage on its MS sequence that will result in altering the MS length,
pushing the FP out of the open reading frame, as illustrated in the middle and

bottom panel. Reversibly, the MS+1 and MS-1 can subsequently come back to
MS and the open reading frame during later cell divisions due to new slippage
events.
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state equal to one minus to probability to undergo either frameshift mutations, which is
equal to 1 2g. In mathematical terms, analysis of this system relies on the following
Lemma.

Lemma 4.2.1.

Let
0 1
1 2Zq q q
P= % q 1 2 q X
q q 1 2Zq
Then, forany i 1,
0 1
Di O O
P = %)Oi D Oigi 14.11
O O D

With D; =1=3+2=3(1 3g)' and O; =1=3 1=3(1 3q)'.

Proof. Due to symmetries,P' has the form in Equation 4.1 with D; =1 2gand O; = q.
AsP =P P 1 Di=(1 29D, 1+2q0, 1andO;j =(1 q)O, 1+ gD, 1 were obtain.
Subtracting the second equation from the rst givesD; O;=(1 3g)(D; 1 O 1) =

(L 39, for all i 1. Hence, using one of the original inductive relations can be
rewritten as Dj = Dj 1 2q(1 3q)' 1=1=3+2=3(1 30)' and the statement of the
lemma follows. O

Corollary 4.2.1.1.  As can be seen from the expressions fdD; and O;, the steady-state
equilibrium is to have 1=3 of cells be in the reading frame and2=3 of cells be out of the
reading frame. This is referred to be the plateau.

Now that a three-state reading frame system was modelled, it used to drive an average
division estimator formula, @(t), of a given cell population, Z (t), at time t, based on its
percentage label expression, meaning the percentage of cells in the “in the reading frame'
state, Z1(t)=Z(t), where Z4(t) is the number of cells in “in the reading frame' state at
time t. In order to do so, the cell population Z (t) was de ned as the sum of all cells in
each reading frame state (1, 2, and 3) at timet, and was characterised nu a vector of
proportions of cells with di erent initial states, — = ( 1; 2; 3), settingto 1 =1 and

2= 3 =0 as all cells will start in "in the reading frame' state as label positive cells.
This resulting formula is referred to be the DivisionCounter formula 4.2.
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Theorem 4.2.2. If =1 andg= =2, then almost surely

0 1
34y 1 -
B(t) = %IOQ@LA : 4.2

og(1 %) 2 -

Proof. Let Z(t) = Z1(t) + Z»(t) + Z3(t) the total number of cells at time t. Then,

1
% % %
L)A = -1 -1 —pGk()

Zi(t). B 1
E 20z = E@_—— mkzl Pit = mkzl ¥

Z(1) Z0"

where | ;¢ is the indicator function that cell k is of type j and py, is the probability that
cell k is of type j. Then, taking expectations,

Zj(t)

= ] G(t) .
Z(0) E (Tp7")
1 2 1 1
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Hence, logE(es* ) = sE(X )+ o(s) for small s, one can use the estimator

0 2 (0 1

3E(Z 1

T i —— |og@—(z“>) A
log(1 30q) 3; 1

where for q is smaller than 1=3, ;=1and q= =2. O

Based on the DivisionCounter formula, the biological collaborators designedn vitro and
in vivo experiments. Thein vitro experiments were mainly used to con rm that Divi-
sionCounter can count in a robust, quantitative manner and obtain the probability of
mutation of specic cell types. The in vivo experiments were mainly divided into two
parts. One part aims to measure the cancer cell division rate across di erent organs. The
other part measures thein vivo tumour division rate during CAR-T cell treatment and
gets the estimation of the tumour death rate. Both sets of experiments would necessitate
careful statistical analysis to challenge scienti cally meaningful hypotheses.
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4.3 Methods

This section explains the dataset and the statistical methods used in this chapter. While
some of these methods may be familiar to the reader, their inclusion ensures that the thesis
is self-contained and comprehensive. All programming was performed usinB (version
R 4.3.2). The data analysed in this section consists of two partsjn vitro and in vivo,
both of which are temporal datasets. Thein vitro analysis begins with data cleaning,
followed by the application of advanced statistical methods to estimate key parameters
for DivisionCounter. The focus then shifts to the in vivo data, where robust statistical
approaches assist collaborators in understanding cell behaviour from two perspectives:
cell numbers and cell division counts.

4.3.1 Statistical inference of uorescence loss probability
Dataset description

To validate the e ectiveness of the DivisionCounter method, in vitro experiments were
used to evaluate its performance in biological systems. The entire experiment was re-
peated several times independently, known as experimental replication, to assess variabil-
ity across di erent biological samples. Technical replication was to check the consistency
and accuracy of the measurements, and the same sample was measured multiple times
using the same measurement method. The nonlinear mixed-e ects model described the
di erence changes between each experimental measurement and the xed e ect of the
experiment [87, 125].

In the original dataset collected by our collaborators from in vitro experiments, there
are seven variables, and each variable has been explained in Table 4.1. After the format
check and completeness check, all data with the percentage of mScarlet-positive less than
35% were excluded.

Variable Detall Description

experiment number Integer Biological experiment number
time point days Integer Data collection time

condition Character 23G, 26G, Control
temperature Numerical variable 33, 37

technical repeat Integer 1,2,3

division count Numerical variable cell population doublings

percentage mScarlet pos Numerical variable %mScarlet cells

Table 4.1: Variables in the in vitro dataset to estimate the probability of mutation.
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Statistical framework

Let My represents the percentage of mScarlet-positive cells ath time point, kth tech-
nical repeat, and ith experiment. Let Dt}<;i is the cell population doublings at j th time
point, kth technical repeat and ith experiment, where1 j J,1 k K,1 i I,
and j;k;i 2 N* and N* is the set of positive integer.

The mean percentage of mScarlet-positive cells for timé¢ at experiment i is
Mezj + Mz 0+ My
I 1’ ] .

K 1

ﬁtj Q=

and the mean cell population doubling forjth time and ith experiment is

Dii + Dz + + Dy
_ ]!’ ]! |
Dy i =

" K

Based on Formula 4.2, a nonlinear mixed e ects model was used to estimate the proba-
bility of mutation:

6tj 0= D(h’ﬁtj ;i)+ tj;i , 14.31

where EJ i was the response vectorg was a nonlinear function with parameter by the
predictor vector my;;j, and1 t; tyandl i i. The g was the normal distribu-
tion error term [87, 116].

In detail, by could be written as
b=A "+Bi [; [ N(© °D);

f . and

where T was a vector that included the xed e ects parameters with length
I represented thej [j-dimensional random e ects vector which only related with i (the

ith experiment). The matrix A; was for xed e ects and B; was for random e ects.

The following formula is the marginal density of the D,
z
p(D)=  p(Dj "p( )d "

Then, the nonlinear mixed-e ects model parameters were estimated by the maximum
likelihood with a penalized nonlinear least squares step and a linear mixed e ect step
for high speed and sensitivity [136]. It was implemented byR package 'nime' (version
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3.1-163) to get the best estimate of the probability of the losing mScarlet-expression
[115].

The bootstrap method was used to evaluate 95% con dence intervals (CI). In detall, a
bootstrap sample was created by sampling with replacement from the experiment number
and technical repeat of the dataset and an estimate was obtained from the bootstrap
sample via the nonlinear mixed e ects model. This process was repeated 100,000 times
to estimate the ordered bootstrap samplese. The €3z.50,) and €g7:50) represented the
2.5th and 97.5th percentiles of bootstrap distribution. Hence, the basic upper and lower
bootstrap con dence intervals were determined as €.50); €97:5%)] [143].

In order to evaluate the probability of losing mScarlet-expression cultured at 37C and
33°C, the Pearson correlation coe cient was used [128]. Using Formula 4.2 and the
nest estimate ; from 37°C, the average division coynt were predicted in setG, =

o] 1;mt}<;i)j1 i 31 k K;1 i [Ijkji 2N" at33°C. The set D, includes
all cell population doublings information at 33°C from the biological experiment. The
Pearson correlation coe cient was calculated by cov(Gy; D2)=( (G2) (D»)), where “cov'
was the covariance, (G») was the standard deviation of G2, and (D») was the standard
deviation of Do.

The range of the Pearson correlation coe cient is [ 1;1] [128]. The closer it is to 1,
the more correlated between the predicted division couniG, and the cell population dou-
blings D». It also means the probability of losing mScarlet-expression cultured at 37C is
closer to the probability of losing mScarlet-expression cultured at 33C. It was performed
by “cor' function with method " pearson' in R

An ordinary least squares linear regression was used to get the division rate of the cell
per day, because it 0 ers an approach for modelling the linear relationship between the
cell average division counts and time. The model is

Giki = Go*+ 9 ki *+ jki 1441
where the response variableGj; represented the predicted average division count for
the ith experiment, at the jth time point and the kth technical repeat. The intercept
Gop, which corresponded to the average division count at day 0, was xed at 0. The

model coe cient was g, and the explanatory variable tjx; represented the time point for
the ith experiment, j th time point, and kth technical repeat. The j; was the error term.
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The residual sum of squares (RSS) was de ned as

XX X X
RSS(@) = (Gjki 8tk )
j=1 k=1 i=1

such that the approximate minimum was found

g 2 argminRSS(Q) ;
g

where g is the best estimate of division rate that minimizes RSS(). The 95% con dence
intervals were calculated by g (g); 8+ (g)], where (g) was thet critical value multiply
the standard deviation of division rate in the model. The t critical value was the cuto
point on the t distribution with 95% con dence level and degrees of freedom from the
input dataset. This model and con dence intervals were implemented inRby “Im' function.

Using CTV, the median uorescence intensity decreases as cell division increases. The set
G. included the average division count predicted with the best estimate of the probability

of losing mScarlet-expression angG;j was the number of elements in theG.;. The set
F. contained all median uorescence intensity collected by CTV measurements, where
G = JFd.

The rank of G; and F; were R(G¢) and R(F¢), respectively. The Spearman correla-
tion coe cient was calculated using cov(R(G¢); R(Fc))=( (R(Gc)) (R(F¢))), where “cov'
was the covariance of the rank data, (R(G.)) was the standard deviation of R(G¢), and

(R(F¢)) was the standard deviation of R(F¢) [151]. This calculation was performed using
the “cor' function with method " spearmar in R

4.3.2 Growth rate inference from cell numbers
Data description

In the original dataset collected by our collaborators fromin vivo experiments, there are
six variables, and each variable has been explained in Table 4.2. After the format check
and completeness check, all data with cell numbers less than 455 were excluded. The
reason for 455 is explained in Section 4.4.2.

Statistical framework
n 0
The setV = (%o Bxo)ll =1;20 hk=1;2 ;K1 =172, ;L includes
I |
cell counts collected by ow cytometry with counting beads for Ith organ, where %x.\.,,
NG
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Variable Detall Description

Mouse ID Integer Identifying unique mice

Day Integer Data collection time

Condition Character 26G

Organ Character Bone Marrow, Liver, Lungs, Blood, Spleen
Panel used Character Biological information

Nalm6 Count Numerical variable Cell numbers

Table 4.2: Variables in the in vivo dataset for cell numbers.

showed the kth Nalm6 cell counts collected at time j in the 26N microsatellite in Ith

organ, and %x.g.,, represents thekth cell counts at time j ithe 26G microsatellite in Ith
1.G;

organ.

In order to challenge the null hypothesis that the mean cell counts were independent
of whether the mice in the 26N microsatellite or 26G microsatellite on the same day in
the same organ, a permutation test was used [83].

The setA, = (‘yﬂl;N;ol ; O/pjg;,\,;ol; ;%J_K ;N;OI;(’/ﬂl;G;ol;O/pjg;G;ol; ;°/pj< G0, Was an ordered

set, and it had 2 K elelemts. The rst K elements included the 26N microsatellite cell

counts at day|j for organl, and the last K cell counts collected in 26G microsatellite mice

at day j for organ|. The real-valued statistic used under this null hypothesis is

i I|<<=1 O/le;N;m Ezl O/ﬂ-l;G;m _
K K

M(Ay) =

A permutation  is created, and it reassigns labels to individual vectors. A recorded
observation set is obtainedA () = %(tjl;N;ol);%(th;N;ol); ;%(th :N;Ol);%(tjl;G;ol);
%(tjz;G;o|); ;%(th o) - A collection of permutations Q can be characterised so that
reordering A (y) 2q are equally likely under the null hypothesis. The empirical dis-
tribution of M A 20 is used to compare withM (A,). Therefore, the Monte Carlo
approximation with jQj test statistics was applied to estimate the left-tailed p-value and
right-tailed p-value. Bonferroni corrections were performed. In detail, the left-tailed
p-value is

P .~
1Qj
I+ i van ma o)

iQj '

p =

78




4.3. METHODS

and right-tailed p-value

P ..
1Qij
1+ jzllM(Av) M(A (v);)

iQj ’

p=
wherel is the indicator function.

Permutation tests and Monte Carlo approximation were also used to statistically chal-
lenge di erences in luciferase measurements, which collected cancer cell metastasis data,
between 26N microsatellite and 26G microsatellite on the same day. The null hypothesis
was the mean of the luciferase measurements was independent of whether in the 26N
microsatellite or in the 26G microsatellite on the same day. Bonferroni correction was
performed.

To challenge the null hypothesis that the mean cell counts were independent of whether
in di erent organs on the same day, permutation tests were used. The real statistic for
the I1th organ and the I»th organ was

k=1 (VPJ-‘;0|1 k=1 O/?j‘;0|2 .

M (Ao) = K K

Then, Monte Carlo approximation was used to estimate the left-tailed and right-tailed
p-values, and Bonferroni correction was used.

Assuming Nalm6 cell counts were no deathn vivo, an exponential model was employed
to estimate the growth rate of Nalm6 cell count
% =% 2° U+ .
J J
where % was the response variabledg, was the parameter, which was the initial value of
J

the cell counts on day 0,$ was the growth rate parameter,tjk was the predictor variable,
and . was the error term for the kth observation atday j,1 j J,1 k K.
J

To achieve parameters%, and $, minimizing the residual sums of squares (RSS) with
Leveberg-Marquardt algorithm was performed due to the robustness [106]. It was imple-
mented in R package minpack.Im' (version 1.2-3) with function “nIsLM'. The RSS was
de ned as
XX s 1
RSS@4,;$) = % % 2> U
j=lk=1
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such that the approximate minimum was found

(%,:$ ) 2 argminRSSP4,;$ ) :
%%

The 95% con dence interval (Cl) was obtained from the bootstrap method. A bootstrap
sample was designed by sampling with replacement from the time of the dataset. The
growth rate was estimated by the exponential model from the bootstrap method. This
action was iterated 100,000 times to estimate the ordered bootstrap sample®. The
8 0:50) and 8 97.50) represented the 2.5th and 97.5th percentiles of bootstrap distribu-
tion. Hence, the basic upper and lower bootstrap con dence intervals were determined

as [ (2:500): B (97:500)] [143].

The cell counts on the dayJ were predicted by the rst J 1 days cell counts em-
ploying the best-t estimate $ of the exponential model. The permutation test was
used to challenge the actual cell counts on day and the predicted cell counts on dayJ.
The null hypothesis for the permutation test was the mean number of cell counts at day
J was independent of whether the cell counts were predicted or not.

n 0]

ThesetV; 1= %jj=1;2 ;J Lk=1;2, ;K included cell counts collected at
] n 0]

the rst J 1days. The setV; = % 22 ML Y)jj=1;20 3 1k=1;2 :K
was the predicted cell coynts on dayJ, and there werejV; j elements in the set. The set
Vy = %gjk =1;2; ;K was the cell count collected by ow cytometry with counting
beads and the setV; includesjV;j elements. The real-valued statistic used under this
null hypothesis is

P P Py _
||<<=1 CVPJ( k=1 =1 O/PJ_« 2% ()

M (A;) = —
(AJ) Vo] v,

A collection of permutations was created, and it reassigned labels to individual vectors.
The empirical distribution was used to compare with M (A;). Therefore, the Monte
Carlo approximation with test statistics was applied to estimate the left-tailed p-value
and right-tailed p-value.

4.3.3 Division rate inference from DivisionCounter division counts

Data description

In the original dataset collected by our collaborators fromin vivo experiments, there are
seven variables, and each variable has been explained in Table 4.3. After the format check
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and completeness check, all data with cell numbers less than 455 were excluded. In this
dataset, a few day Oin vitro data were added to get an estimate of the initial average
division count.

Variable Detail Description

Mouse ID Integer Identifying unique mice

Day Integer Data collection time

Condition Character 26G

Organ Character In vitro , Bone Marrow, Liver, Lungs, Blood, Spleen
Panel used Character Biological information

Nalmé Count Numerical variable Cell number

%mSca Numerical variable %mScarlet cells

Table 4.3: Variables in thein vivo dataset for division counts.

Statistical framework

Using the probability of losing the mScarlet-expressionin vitro as the parameter ¢ to
t the Formula 4.3, average division counts in vivo for organ | were.predicted by the per-
centage of mScarlet-positive cells with Formula 4.2 in the sei = O(tf;0)j1 | J;
1 k K;1 | Lkl 2Ng.

A simple linear regression was employed like Formula 4.4. The output variable was the
average division counts obtained with DivisionCounter the set@g and the input variable
was the time (days post-injection). A bootstrap sample with 100,000 datasets was created
to get 95% con dence interval by sampling with experiment number and technical repeat
from the in vitro dataset, and time from the in vivo dataset.

Permutation tests and Bonferroni correction were used to statistically assess the aver-
age division counts obtained with DivisionCounter between di erent organs on the same
day. The null hypothesis was that at day j the mean of the average division count ob-
tained with DivisionCounter was independent of whether the data was collected from
organ |, or organ l,. The real statistic was

P P
o Btk a,) K B(tF0,)

M (Ag) = K K

The left-tailed p-values and right-tailed p-values were calculated by Monte Carlo approx-
imation with 500,000 sampling.
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4.4 Results

4.4.1 Measurement and inference of cell divisions in vitro

To assess the performance of the DivisionCounter method in a biological system, our
collaborators in Dr Pere's lab at Curie Institute infected HEK293T cells with either a
lentivirus containing a 26-guanine (26G) microsatellite followed by the uorescent pro-
tein (FP) mScarlet (herein, 26G-DivisionCounter ) or with a control lentivirus in which
the microsatellite was replaced by a linker sequence of 26 nucleotide2@N-construct ).
Using a low multiplicity of infection, one copy was integrated on average of the Division-
Counter construct per cell, resulting in approximately 10% of the cells being infected. A
clear expression of mScarlet was obtained for both conditions. After 3 to 7 days of cul-
ture, mScarlet-positive cells were sorted and grown in culture for 46 days, which has been
shown in Figure 4.3. At each splitting, cells were counted, and a fraction of the cells was
retained for a DivisionCounter readout, by recording the percentage of mScarlet-positive
cells by ow cytometry. Each readout represents an independent acquisition from three
independent experiments, each done in triplicates called “technical repeat’. As a compari-
son control, cells were counted to compute cell population doubling, which is equivalent to
the average division count in this culture condition for which there is no, or only minimal,
cell death.

Figure 4.3: HEK293T cellsin vitro experiment.

HEK293T cells were infected with the 26G- or 26N-DivisionCounter lentivirus
at a low multiplicity of infection. After 3 days, mScarlet+ cells were sorted and
cultured for 46 days. Once or twice a week when cells were split, cells were
counted and analysed for their mScarlet expression by ow cytometry as a read-
out of the DivisionCounter method. Later, cells that became mScarlet-negative
were also sorted, cultured and analysed for their mScarlet expression over time.

As predicted by the DivisionCounter method, the percentage of mScarlet-positive cells
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infected with the 26G-DivisionCounter decreased as the population proliferated, in
contrast to cells with the 26N-construct in Figure 4.4. The changes in the percentage
of mScarlet-positive cells followed the predicted pattern, decreasing with the average
cell population doubling and reaching a plateau at 35%, corresponding to the three-
state equilibrium of the DivisionCounter method. This proved that the DivisionCounter
formula was robust and reproducible across independent experiments.

Figure 4.4: Three experiments data for 26G- and 26N-DivisionCounter.

Percentage of mScarlet+ cells over the average division counts measured using
cell counts (population doublings) for 26G-DivisionCounter (red) and 26N-
DivisionCounter  (grey). Each point represents an independent acquisition, from
three experiments done in triplicates, and the di erent shapes of the points show the
di erent independent experiments. The black line is the plateau at 35%.

After demonstrating that this behaviour was robust and reproducible, we created and
implemented a statistical framework to statistically explain the in vitro experiment per-
formance. A nonlinear mixed-e ects model was used to obtain , the probability of loss
of mScarlet-expression per division. All data showing that the percentage of mScarlet-
positive cells was less than 35% were excluded before processing. The experiment number
was treated as a random e ect and the probability of the losing mScarlet-expression was
a xed e ect. The bootstrap method was used to evaluate 95% con dence intervals (ClI).
For 26G-DivisionCounter , the probability of loss of mScarlet-expression per division
was =0:047 and CI 2 [0:044; 0:049], which has been shown in Figure 4.5. After obtain-
ing the best estimate of and its Cl, substitute them into the DivsionCounter formula
4.2, and let E (Z1(t)=Z(t)) be 35%. Hence, the maximum number of generations tracked
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by DivisionCounter formula was obtained. The 26G-DivisionCounter counted up to 56
divisions, with a Cl of 54 to 58 divisions. The detail of model tting is seen in Section
4.3.1.

Figure 4.5: The probability of mutation for 26G-DivisionCounter.

Percentage of mScarlet-positive cells over the average division counts measured
using cell counts (population doublings) for the 26G-DivisionCounter  (red).
Each point represents an independent acquisition, from three experiments done
in triplicates. The probability of losing mScarlet-expression , was tted by a
nonlinear mixed-e ects model. The dark red full line shows the best t, and the
light red dot lines show the lower and upper basic bootstrap bound of 95% ClI,
respectively. The black line is the plateau at 35%.

Then the robustness, versatility and general applicability of the DivisionCounter were
explored by testing other microsatellite lengths and di erent cell lines. First, cells with a
DivisionCounter construct bearing a 23G microsatellite rather than a 26G microsatellite
were infected. Conducting the same experiment as before with infected HEK293T cells,
all major behaviours of the DivisionCounter method were recapitulated, such as the per-
centage of mScarlet-positive cells decreased with the average cell population doublings and
reached a plateau at 35% in Figure 4.6, validating the robustness of the DivisionCounter
method. As the mutation rate of the guanine repeat{microsatellite increases with the
number of guanine repeats, the 23G microsatellite was expected to mutate at a lower rate
than the 26G microsatellite, thereby increasing the maximum division number that can
be counted [77]. Figure 4.6 showed tting of the probability of loss of mScarlet-expression
for 23G-DivisionCounter , the best estimate is 0.036 and the CI2 [0:034; 0:038]. The
gure also shows more divisions were expected with the23G-DivisionCounter  than
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with the 26G-DivisionCounter , reaching a maximum of 74 divisions (CI2 [69; 79]) as
compared to 56, respectively, showcasing the versatility of the DivisionCounter method.
That is, by changing the length of the microsatellite, the division range can be ne-tuned
to suit the biological context.

Figure 4.6: The probability of mutation for 23G-DivisionCounter.

Percentage of mScarlet-positive cells over the average decision counts measured
using cell counts (population doublings) for the 23G-DivisionCounter . Each
point represents an independent acquisition, from three experiments done in
triplicates. The probability of losing mScarlet-expression , was tted by a
nonlinear mixed-e ects model. The dark red full line shows the best t, and the
light red dot lines show the lower and upper basic bootstrap bound of 95% ClI,
respectively. The black line is the plateau at 35%.

To con rm that the DivisionCounter mScarlet expression was only linked to cell divi-
sion, cell growth was modulated by culturing HEK293T cells infected with the 26G-
DivisionCounter at 33°C to slow down cell division [86]. Figure 4.7 (a) and (b) showed
cells cultured at 33C grew slower than those at 37C with no impact on cell mortality was
con rmed, and then the percentage of mScarlet-positive cells over 49 days was accessed
in in vitro culture.

Using the DivisionCounter formula and the nonlinear mixed-e ects model to t the prob-
ability of loss of mScarlet-expression from HEK293T cultured at 33C, the best estimate
was 0.0478 and the CI2 [0:047Q 0:0485]. The probability of mScarlet-expression loss at
33°C was close to the probability at 37°C ( = 0:047). Using the DivisionCounter formula
and the probability of mScarlet loss from HEK293T cultured at 37°C to compute the
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