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ABSTRACT

With the rapid development of science and technology, large and complex data have been generated
in many biological science areas, such as single-cell RNA-Seq, neuroscience and human dynamics. How-
ever, the task of analyzing big data itself poses significant challenges. On the one hand, the ultra-large
size of datasets renders the application of many statistical methods computationally impossible. On the
other hand, with the system being studied getting more complicated, the model setup for some popu-
lar off-the-shelf methods may not be applicable anymore. Developing new theoretically justifiable and
computationally efficient methods for tackling big data problems from a computational and modeling
perspective is the primary motivation for my research. The proposed methods can be widely applied to

various scientific disciplines and greatly help scientific development.
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CHAPTER I

INTRODUCTION

With the rapid development of science and technology, large and complex data have been generated in
many areas, such as genomics, neuroscience, and social science. The extraordinary amount of data land for
artificial intelligence and revolutionize our conventional decision making system. This new phenomenon
posts great challenges on current statistical research. For example, the ultra-large size of dataset renders
the application of many statistical methods computationally infeasible. Developing new theoretically
justifiable and computationally efficient methods for tackling big data problems from a computational

and modeling perspective is the primary goal for my research. To achieve my goals in this thesis,

1. In Chapter 2, I reviewed existing methods on cell lineage tracing and trajectory inference and discuss
some machine learning applications in single-cell RN A-Seq dataset.

2. In Chapter 3, I developed an innovative machine learning method called Cell Smoothing Trans-
formation (CellST) to elucidate dynamic individual cell behaviors and dynamic gene expression
patterns in cell progression processes.

3. In Chapter 4, I developed a few statistical/machine learning analysis pipelines with application in

bioinformatics and human dynamics.



A review of modern single-cell dynamic lineage analysis methods with integra-

tion in machine learning

Understanding the heterogeneous and stochastic nature of multicellular tissues is crucial for studies in
developmental biology. Researchers in recent years are particularly interested in dynamic cell lineage and
fates analysis, which includes processes such as cell reprogramming, differentiation, and morphological
development. The rising of single-cell sequencing technology offers unprecedented insights into the func-
tionality and development of complex individual cell behaviors. Since scRNA-seq permits comparison of
the transcriptomes of individual cells, effective use of scRNA-seq has been used to assess transcriptional
similarities and differences within a population of cells, with early reports revealing previously unappre-
ciated levels of heterogeneity of individual cells, for example, in embryonic and immune cells. Thus,
the heterogeneity cell lineage analysis become a core reason for conducting scRNA-seq studies. In this
chapter, I conduct a detailed review of existing cell lineage methods and cell fate prediction. In addition, I
discuss some challenges and a possible way to observe individual cells’ dynamic behaviors through optimal

transport.

Elucidation of cell progression and dynamic gene networks in time course single-

cell RNA-seq data

Over time, the heterogeneity in individual cell progression becomes a core reason for conducting single-cell
RNA-Seq (scRNA-seq) studies. Cell lineage tracing has been widely used in cell progression processes
such as cell reprogramming and differentiation. Researchers construct cell trajectories by ordering cells
chronologically to represent trace cell lineages in time-course experiments. However, cells in time-course
experiments are sacrificed and sequenced at each time point. Thus there are no cell correspondences
between time points, which creates a significant challenge to elucidate cell lineages. Additionally, we only
observe discrete cell information at each time point to construct the cell lineages, which is a continuous

process. Therefore, methods that can reconstruct the cell continuation are highly desirable.



In this chapter, I develop an innovative machine learning method called Cell Smoothing Transform-
ation (CellST) to elucidate dynamic cell lineage behaviors and dynamic gene expression patterns in cell
progression. I provide extensive simulations and real scRNA-seq studies on the process including cell
reprogramming and differentiation. The proposed method provides massive numbers of cell trajectories
in parallel for individual cells. Those trajectories are highly accurate in reflecting dynamic cell progression
behaviors. Moreover, based on the individual cell trajectories, the constructed dynamic gene networks
accurately model gene-gene relationships and discover critical genes for cell lineage tracing. For cells with
various cell types, unlike the bulk cell trajectory, individual cell trajectories construct unique trajectories

and observe individual cell lineages even for cells with less frequent cell types.

Novel Analysis Pipelines with Applications in Bioinformatics, Human Dynamic
Big Data and Biological Behaviors Dataset

With the rapid development of science and technology, large and complex data have been generated in
many science areas especially with biological science and human health care. In this chapter, I propose
a series of novel analysis pipelines that focus to elucidate the complex large scale data generated from
wearable device that measures human dynamic as well as modern biological dataset including locomotor
behavior data and Next-Generation Sequencing (NGS) dataset.

Locomotor Behavior Data The locomotor behavior data of zebrafish is of high-throughput, time-
related and involves both experimental and biological variables. Its systematic studies have provided new
insights into neurobiology, pharmacology, and toxicology. I have established a coherent statistical analysis
framework for analyzing such data. In this section, I compared the time-related behavior profiles of
zebrafish in several commonly-used scenarios.

Human Dynamic Data The human dynamic trajectories data collected through wearable devices
contain continuously precise GPS and physical activities. Such data can be used to study the dynamic
patterns of human behavior. We propose a two-layer graph convolutional network (GCN) framework

for graph classification on the data and achieve > 85% on the testing accuracy. Moreover, I utilize the



smoothing spline models to explore the activity differences between office-based worker and non-office

based worker.



CHAPTER 2

MODERN SINGLE CELL DYNAMIC
LINEAGE ANALYSIS WITH MACHINE

LEARNING

2.1 Introduction on single cell dynamics

Understanding the heterogeneous and stochastic nature of multicellular tissues is crucial for studies in
developmental biology. Researchers in recent years are particularly interested in dynamic cell lineage and
fates analysis, which includes processes such as cell reprogramming, differentiation, and morphological
development(Burrows et al., 2020; Guo et al., 2017). One interesting question in this research field is to
elucidate the behaviors of stem cells differentiate into the myriad diverse cell types that ultimately form
the multicellular tissues (Moris et al., 2016; Plass et al., 2018; Sipp et al., 2018). However, unfortunately,
studying this process at the population level masks rare or transient intermediates. In recent years, single
cell sequencing technology’s rising offers unprecedented insights into the functionality and development
of complex individual cell behaviors. Since scRNA-seq permits comparison of the transcriptomes of indi-

vidual cells, effective use of scRNA-seq has been used to assess transcriptional similarities and differences
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Figure 2.1: a: A multi-potent stem cell can give rise to multiple cell fate endpoints. b: Example stem cell progression
process with simple 2 branches. ¢ & d: Example of Cell lineage tracing and prediction on a cat stem cell therapy.

within a population of cells, with early reports revealing previously unappreciated levels of heterogeneity
of individual cells, for example, in embryonic and immune cells (Zhou et al., 2020). Thus, the heterogen-
eity cell lineage analysis become a core reason for conducting scRNA-seq studies.

To appropriate conduct the cell lineage analysis, researchers must define how cells change through
time and map the paths they take during differentiation. For example, cells in cell differentiation change

state by undergoing gradual transcriptional changes, with progress being driven by an underlying temporal



variable or pseudotime. To observe such process, lineage tracing (Wagner & Klein, 2020), the technique
of following a cell or group of cells and observing their descendants, is an important tool for defining the
fate potential of cells and detecting the outcomes of differentiation. The single cell lineage tracing can be
modeled computationally using trajectory inference methods, which order cells along a trajectory based on
similarities in their gene expression patterns. Nowadays, lineage tracing has become a powerful approach
for detecting individual cellular variation within a complex population, and the analysis results can be
applied to identify a broad range of cell types and states in cells growth (Davis et al., 2016; Simeonov et al.,
2021). For example, (Rodriguez-Fraticelli et al., 2020) uses single cell lineage tracing to investigate the life-
long regenerative capacity of hematopoietic stem cells (HSCs). Their framework elucidates clone-intrinsic
molecular programs associated with functional stem cell heterogeneity and identifies a mechanism for
maintaining the self-renewing HSC state. (Ludwig et al., 2019) in their paper also showed that somatic
mutations in mtDNA can be tracked by single cell RNA or assay for transposase accessible chromatin
(ATAC) sequencing.

The single cell RNA-Seq experiments can be classified into static single cell experiments and time-
course single cell experiments. In a static single cell experiment, all cells were observed simultaneously.
In other words, the static single cell experiment is equivalent to taking a snapshot of all cells and their
gene expressions at one time point (Hrvatin et al., 2018; Lawson et al., 2015), whereas the time course
scRNA-seq experiments takes snapshots at multiple time points. There are already many existing analysis
methods published in recent years. In general, those lineage prediction tools order cells along the axis
of differentiation based on progressive changes in gene expression. In some cases, branch points in the
lineage trajectories can also be predicted (Figure 2.1). Panel a and b in figure 2.1 are illustrations of stem
cells development that a stem cell can possibly develop into multiple cell types in the end (panel a). A
simple case to study would be the stem cell development process with only two branches (panel b). In
real-world single cell experiments, panel ¢ and d in figure 2.1 provides an examples of cat stem cell therapy
process. This example is an static single cell experiment and the cell lineage trajectories were predicted using

Monocles package in R (Trapnell et al., 2014). Panel ¢ illustrates multiple cell clusters labeled with different



colors along the trajectories, and panel d shows the cells labeled with predicted pseudo cell development
time. The clusters can potentially represents different cell developing stages over pseudo-time.

The cell lineage tracing is conducted differently in static and time-course single cell experiments. In
static sScRNA-seq experiments, one natural approach to predict cell lineage is to order cells into a con-
tinuous cell trajectory by constructing a pseudo time to order cells chronologically (Cannoodt, Saelens
& Saeys, 2016; Chen et al., 2019; Ji & Ji, 2016; Liu et al., 2017; Qiu et al., 2017; Trapnell, 2015; Trapnell
etal., 2014). However, there are some limitations when applying those methods to predict the cell fates
(Tritschler et al., 2019). The time-course scRNA-seq experiments contains intrinsically much more in-
formative than the static scRNA-seq data, particularly for the inference of cellular dynamic development
patterns (An et al., 2019; Ko et al., 2020; Sun et al., 2021; Torii et al., 2020; Yuan & Bar-Joseph, 2021).
However, cells are sacrificed and sequenced at each time point. Thus there is no connecting information
for cells between two time points, which creates a significant challenge to elucidate the dynamic behaviors
of cell progression. Moreover, the sequenced cells cannot be carried to the next time point, and the cell-cell
variation is too large to be ignored. It is also challenging to align and register different cells sequenced in
two adjacent time points since cell variation affects gene expression drastically affected by cell variation
(Alonge et al,, 2020; Ren et al.,, 2017). Without controlling the cell variation, gene expression analysis can
be significantly biased.

In this review paper, we conduct a detailed review of existing cell lineage methods and cell fate predic-
tion. We also discuss some challenges and a possible way to observe individual cells’ dynamic behaviors
through optimal transport. The rest of the paper is organized as follows: we start in section 2 by reviewing
the up-to-date analysis of static single cell RNA-Seq experiments, which constructs the cell progression
and order cell by pseudotime. In Section 3, we review the up-to-date analysis of time-course single cell
RNA-Seq experiments. The cell progression fates can be constructed using cells” experimental time points.
Section 4 introduces a new concept on elucidating cell lineage progress using optimal transport in the ma-
chine learning field. In Section s, we show several applications of machine learning methods in real-world

single cell experiments in developmental biology.



2.2 Methods on static single cell RNA-Seq experiments

In this section, we review some major existing cell lineage analysis methods and the methods development
path over the past few years. After the deconvolution of complex tissues and cluster/group cells into
different and multiple cell types based on scRNA-seq, cells in experiments can be analyzed using cell
lineage prediction or trajectory inference tools. Those tools order cells along a pseudonym axis, which
could potentially represent dynamic cell lineage over processes such as cell differentiation. In general, most
of the existing methods are based on progressive changes in gene expression. These methods usually take
reduced dimension gene expression data as an input (e.g., after using principal component analysis) or
nearest-neighbor graph representations and attempt to infer the branching lineage trajectory structure
and order cells along the trajectories. In some cases, cells could develop into multiple branch points, and
some of the existing methods can predict such branched lineage trajectories as well (Fletcher et al., 2017;
Gadye et al., 2017; Nowakowski et al., 2017). We use the publicly available single cell RNA-Seq dataset
(PBMC dataset) from the 10X genomics database. The PBMC dataset is Peripheral blood mononuclear
cells (PBMCs) from a healthy donor. This dataset contains 3,000 cells with different cell types such as
Naive CD4+T, CD8+T and FCGR3A+Mono. Different cell types have different marker genes, which
are critical in the cell clustering process.

The first iterations of trajectory prediction algorithms were capable of ordering cells along a single
trajectory. Still, they were largely unable to accommodate branching lineage trajectories where a stem
cell gives rise to more than one lineage or cell type (figure 2.2) (Stévant et al., 2018; Treutlein et al., 2016).
Scorpius (Cannoodt, Saelens, Sichien et al., 2016) is a popular method to predict cell lineage with no
branches. This method assumes that the given dataset contains the gene expression profiles of hundreds
to thousands of cells, which were uniformly sampled from a cell linear dynamic process. The Scorpius
constructasingle cell trajectory by clustering the data with k-means clustering and finding the shortest path
through the cluster centers. Then this initial trajectory is subsequently refined in an iterative way using

a principal curves algorithm. The individual cells can then be ordered by projecting the n-dimensional
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Figure 2.2: Major methods of cell lineage prediction on static single cell expression data (PBMC 3k data). a: Linear
prediction method (SCORPIUS) on the dataset. b: Bifurcation cell lineages were predicted using diffusion map.
¢ & d: We use tree methods Slingshot and Monocles to prediction cell lineages. Those tree type method provide
significantly more cell dynamic information than linear and bifurcation type. e & f: The last type is graph method
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points onto the trajectory. In conclusion, the scorpius method assumes a linear transformation between
cell at different time (Figure 2.2 a).

Subsequent methods attempted to predict where the branch points in trajectories occur. Bifurcating
trajectory is another type of cell lineage prediction method. Bifurcating trajectory analysis uses diffusion
map (Haghverdi et al., 2015; Haghverdi et al., 2016) for dimension reduction process and construct cell
lineage trajectory based on diffusion pseudotime (Figure 2.2 b). As there are many existing dimension
reduction tools available, existing trajectory inference methods become a variety, which is not limited to
typically fixed the topology algorithmic. More trajectory method types are arriving, such as tree-based and
graph-based methods. Slingshot and Monocle are two major trajectory inference methods for tree-based
analysis. Those methods can accommodate to predict cells with more than two developing branches.
Slingshot takes a normalized expression matrix as an input. Based on the number of cell clusters or states,
i.e., disjoint subsets of cells, which are typically obtained by clustering the cells based on their gene ex-
pression measures, slingshot defines a lineage as an ordered set of clusters and output the total number of
lineages (Figure 2.2 ¢). Specifically, slingshot identifies lineages by treating clusters of cells as nodes in a
graph and drawing a minimum spanning tree (MST) between the nodes. Similarly, the Monocle method
uses DDRTree, a scalable RGE algorithm, to learn a principal tree on a population of single cells. This
tree was built based on global gene expression changes inside a cell development through the biological
process. Both Slingshot and Monocle are recommended to build based on the reduced dimension spaces.

However, predicting dynamic cell lineage using the previously mentioned trajectory method faces
the problem that experimental data do not conform with a connected manifold. Therefore, the linear,
bifurcation and tree structures have little meaning in predicting the biological cell lineage. Moreover,
those methods might be making the invalid assumption that clusters conform with a connected tree-
like topology and rely on feature-space based inter-cluster distances, like the euclidean distance of cluster
means. Such distance measures quantify the biological similarity of cells only ata local scale and are fraught
with problems when used for larger-scale objects like clusters. Partition-based graph abstraction (PAGA)

resolves these fundamental problems by generating graph-like maps of cells that preserve both continuous
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and disconnected structures in data at multiple resolutions. PAGA method constructs a symmetrized
kNN-like graph using the approximate nearest neighbor search within UMAP (Bechtetal., 2019; McInnes
et al.,, 2020) dimension reduction. Moreover, PAGA can reconstruct branching gene expression changes
across different datasets.

In conclusion, despite the effectiveness, these methods may fail in the following circumstances (Tritschler
etal., 2019). First of all, most existing trajectory inference methods construct a bulk cell trajectory, i.c., the
mean trajectory of the population cells across time rather than that of individual cells. However, some
individual cells’ behaviors may oscillate up and down around the cell mean expressions or severely deviate
from it. Cell progression behaviors are dominated by cells with major cell types, and patterns with less fre-
quent might be hidden in the dataset. Second, individual cell developing trajectories may follow different
complex topologies, including loops or alternative paths during the development. Those methods may
introduce a significant bias and are hard to validate, as cells are ordered based only on the selected reduced
dimensions. Moreover, regardless of the specific approach, the existing methods rely upon the assumption
that cells that are more similar in gene expression are closer together on a lineage trajectory. While this is a
reasonable assumption, there are situations where cell fate transitions represent more saltatory changes in
gene expression rather than subtle changes along a continuum (Kester & van Oudenaarden, 2018). Lastly,
they also rely upon a second assumption that the paths are unidirectional, which presents difficulties in

modeling stem cell self-renewal.

2.3 Methods on time course single cell RNA-Seq experiment

Time-course scRNA-seq experiments contain intrinsically much more informative than the static scRNA-
seq data, particularly for the prediction of dynamic cell lineage (An et al.,, 2019; Ko et al., 2020; Sun et al,,
2021; Torii et al., 2020; Yuan & Bar-Joseph, 2021). Different than static single cell expression data that
cells’ development time was computed as pseudo-time, the time-course single cell expression data have
experimental time for individual cells. Using time-course single cell data has become increasingly popular

in cell lineage analysis. Researchers are interested in the development of cells during a specific period.
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While many single cell RNA-seq trajectory inference methods for static experiments exist, few have been
designed to consider time-series information for analysis time-course single cell data (Ko et al., 2020; Tran
& Bader, 2020; Yuan & Bar-Joseph, 2021). Waddington-OT is a trajectory inference method that explicitly
incorporates temporal information. This method models cells’ movement through dynamic processes
using the optimal transport framework, and CSHMM, which uses a continuous-state hidden Markov
model to assign cells to developmental paths (Lin & Bar-Joseph, 2019; Schiebinger et al., 2019). Tempora is
another cell trajectory inference method that orders cells using time information from time-series sScRNA-
seq data. This method orders cells at different time points based on the established assumption that cells
with similar gene expression profiles are closer in the underlying cell lineage. Figure 2.3 illustrate a format
of time-course single cell experiment data and a time-course trajectory computed by Tempora (Figure 2.3
c). We use the Murine cerebral cortex dataset (MouseCortex) that contains approximately 6,000 neural
cells collected at embryonic days 11.5 (E1rs), E13.5, E1s.5, and Er7.s. Cells were sequenced using DropSeq,
and these cells cover a wide spectrum of neuronal development, from the early precursors (apical and
radial precursors) to intermediate progenitors and differentiated cortical neurons. We observed that the
Tempora method constructs a coarse cell trajectory that only connects the cell clusters at each developing
stage. Moreover, we also compare the Tempora method with the static method Monocle, and we validate
that the time-course trajectory has a more accurate prediction in modeling dynamic cell lineage. The
trajectories constructed by methods on static single cell expression are generally based on the reduced cell
space. Utilizing the time-course information provides a direction that enhances this cell space’s trajectory
estimation.

In conclusion, the behavior and change of cell-level behaviors along experimental time points have not
been extensively studied yet since the time-course cell trajectory only connects at the cell cluster level. A
major challenge for using such data to infer gene relationships is the fact that the dynamic gene expression
over multiple time points cannot be tracked. Thus, it is not clear which cell in the next time point is a
descendent (or closely related) to a specific cell in the previous time point, making it hard to determine

exact trajectories for genes. Most of the existing analyses only focus on cell distribution at each time point
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Figure 2.3: a: An illustration of time-course scRNA-seq data. Cells contain no information between time points.
b: Sample cells development trajectory along the time points. b: Time-course trajectory built by Tempora method.
d: Implementation of Monocle method on time-course single cell dataset.

individually. There is alack of analysis methods that mainly focus on the effect of time on cell development
and gene expression. Additionally, there is a lack of analyses in cell-level developments for a longer period.
Another challenge arises from the large number of cells being profiled at each time point. Finally, the fact
that cells in a time point may be from several different types and may not be fully synchronized makes it
harder to establish a specific pattern for temporal analysis. In the later section, we will propose ideas and

directions for constructing individual cell trajectories in a time-course single cell RNA-Seq dataset.
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2.4 Optimal transport in machine learning

The optimal transport map (OTM) recently drew great attention in machine learning and statistics be-
cause OT theory can be used for computing distances between probability distributions. Nowadays, there
also are many different ways to calculate the optimal transport map, even in high-dimensional space (Meng
etal, 2019; Paty et al.,, 2020). The Waddington-OT (Schiebinger et al., 2019) provides a similar way of
modeling cell dynamics at multiple time points. However, utilizing the optimal transport in observing
cell dynamics has different approaches. From our point of view, the optimal transport technique can
be used to fill the gap between any single cell samples. For example, the optimal transport can construct
individual cell-to-cell connecting in multiple cell batches, replicates, or time points. In the next section,
we will show application examples using optimal transport to observe dynamic cell behaviours.

In this section, we first introduce the essential background of optimal transport. As a powerful tool
to transform one probability measure to another, optimal transport methods recently find extensive
applications in machine learning (Alvarez-Melis et al., 2018; Arjovsky et al., 2017; Canas & Rosasco, 2012;
Courty et al,, 2016; Flamary et al., 2016; Flamary et al., 2018; Meng et al., 2019; Paty & Cuturi, 2019; Peyré,
Cuturi et al., 2019; Redko et al., 2019; Wang, Zhang et al., 2020; Wang, Zhou et al., 2020; Zhao, Wang, Wu
etal.,, 2020; Zhao, Wang, Zhang et al., 2020), statistics (Cazelles et al., 2018; Courty et al., 2017; Cuturi
etal., 2019; Del Barrio et al., 2019; Flamary et al., 2019; Meng et al., 2020; Panaretos & Zemel, 2019; Paty
et al., 20205 Zhang et al., 2020), computer vision (Deshpande et al., 2019; Ferradans et al., 2014; Peyr¢,
Cuturi et al,, 2019; Rabin et al., 2014; Su et al., 2015; Wu et al,, 2019), among others.

Let & (IRP) be the set of Borel probability measures in R?, and let

[ lialPdutz) < oo}

Let p, v € Z5(RP) be the probability measures and # be the pullback operator, such that ¢4 (11)(Q2) =

Py (RP) = {M e P(RP)

(¢~ 1(Q)) for any measurable set @ C RP. Denote P as the set of all the measure-preserving map

¢ : R? — RP, such that ¢4 (1) = v and qS;ﬁl(l/) = . Among all the maps in ®, the optimal one
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respecting to the Lo transport cost is defined as

¢ = arginf [ |l — 6(x)Pdp(z), (o)
¢ed JRP
where || - || is the Euclidean norm. The minimizer of Equation (2.1) is usually called the optimal transport

map, or the Monge map. One limitation for the Monge map is that, it may be infeasible in some extreme
cases, say, when p is a Dirac measure but v is not. Kantorovich overcame such an limitation by considering

the following set of "couplings” (Kantorovich, 2006; Kantorovitch, 1958),

O(u,v) ={mr e PR xRP) s.it. YV Borelset A, B CRP,

T(AXRP)=pu(A), «(RPx B)=v(B)}.

Kantorovich formulated the optimal transport problem as finding the optimal joint probability measure

7 from IT(p, v),

7 = arginf /Hx—yHde(x,y). (2.2)
)

well(p,v

The minimizer of Equation (2.2) is called the optimal transport plan or the optimal coupling. Consider
the cases when both 1 and v are continuous probability measures defined on a compact set, and both have
continuous densities respecting the Lebesgue measure. In such cases, the well-known Brenier theorem
(Brenier, 1991) guarantees the existence of the Monge map ¢*, and shows ¢ is equivalent to the optimal

transport plan 7*.
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2.5 Observing dynamic individual cell lineages using optimal trans-
port

In living tissues, there are a large number of cell types with the assumption that each cell type has a distinct
lineage and function. However, recent evidence from studies of single cells reveals that this assumption is
incorrect. Cells may be morphologically and genetically identical but are actually heterogeneous, made
up of individual cells that differ dramatically. These differences can have important consequences for
the health and function of the entire population. The single cell analysis allows the study of cell-to-cell
variation within a cell population (organ, tissue, and cell culture). In order to study diseases and drug
development, in-depth analysis of stem cell differentiation, cancer, physiological functions in embryos
and adults can only be accomplished with single cell analysis. Moreover, its discriminatory ability allows
researchers to identify rare cell types in a larger population that would be obscured in bulk level analyses.
As we reviewed, cell trajectory inference is an appropriate tool for estimating cell lineage/fates for stem
cell differentiation, cancer, or physiological functions. However, most of the existing trajectory inference
methods construct a bulk cell trajectory, i.e., the average trajectory respecting the population of cells across
the timeline rather than individual ones. New methods such as RNA velocity and molecular recording are
beginning to address this limitation by estimating dynamics from information obtained from the single
cell measurement.

We define a cell distribution as the normalized gene expression matrix at each time points, denote as
X™*4 where n indicates the number of cells and d indicates the number of genes in a single cell dataset.
Genes are selected based on the analysis focus either using dimension reduction algorithms or known gene
groups such as cell cycles and pluripotency gene groups. For each time point ¢;, we have a cell distribution
X related to it. Let two cell distributions at time ¢ and time ¢ + 1 as X*. The two cell distributions
Xt X € RY where d is the number of genes/features for cells. The optimal transport is define as

T : RY — R? and the T is the optimal transport map. we calculate 7" to minimize a transportation cost
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C(T):
C(m) = [ elx Te0)du(x) (25)

where the C'(T') can be interpreted as the energy required to move a probability mass p(x) from x to
T(x). Let us define IT as the set of all probabilistic couplings € P (R? x R?) with marginals /i, and

pe+1- The Kantorovitch problem seeks for a general coupling v € IT between R? and R%:

Yo = argmin/ C (Xm X¢11) dy (Xt7Xt+l) (2.4)
yell  JRdxRE

where 7 is known as transportation plan and coupling matrix. -y can be understood as a joint probability
measure with marginals z1; and p141. cis the cost function over distance between each cell coupling. Then
the Kantorovich or Wasserstein distance for two cell distribution is written as:

Wp (Mt,ﬂtﬂ) o (iﬂf/ d(Xt,Xt+1)pd7 (Xtaxt-i-l)) (2.5)
R4 xR4

~yell

where p > 1. We solve the problem using regularized optimal transport method (Courty et al., 2016). We

first denote B the set of probabilistic couplings between the two empirical distributions defined as:

B= {’y € (RY)™ ™ |71, = 16,7 1, = um} (2.6)

where 14 is a d-dimensional vector of ones. Then in our case the Kantorovitch problem of optimal

transport is:

70 = argmin(y, C)r + AQ4(7) (2.7)
YEB

where the Qs(v) = >, ; (4, j)log¥(i, j) interpreted as a Kullback-Leibler divergence(K L (][7u))-
< ...,...>pisthe Frobenius inner product which equals to the sum of element-wise product for two
matrices and C > 0 is the cost function matrix, this cost was chosen as the squared Euclidean distance

between the two points C'(4, j) = [|x; — yj||§.
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The constructed cell-to-cell connections between cells in different conditions or time points can po-
tentially measure the similarity between cells. In a longitudinal dataset, these connections could predict
cell lineages and cell behaviors. However, lineage inference for complex heterogeneous data still remains
challenging. Compounding this is the lack of data for which the ground truth is known. In many cases,

even the cell states are not known. This makes the validation of lineage relationships infeasible.

2.6 Individual cell lineage analysis on different scRNA-Seq data-

set

2.6.1 Optimal transport in single cell batch effect

Large-scale single cell RNA sequencing (scRNA-seq) data sets that are produced in different laboratories
and at different times contain batch effects that may compromise the integration and interpretation of the
data. Batch effects can be highly nonlinear, making it difficult to align different datasets while preserving
key biological variations correctly. More than ten analysis methods focus on the single cell batch effect
correction. One existing batch effect correction method (Haghverdi et al., 2018) called "MNN:S," which
identifies mutual nearest neighbors to establish connections between two datasets. However, this ap-
proach is computationally demanding in terms of CPU time and memory because of the high dimension
of genes. Existing faster analysis methods are only based on a low dimensional space to make connections
between two datasets by applying a dimension reduction method beforehand (Butler et al., 2018; Hie
et al., 2019; Korsunsky et al., 2019; Polaniski et al., 2020; Stuart et al., 2019).

In some examples of dimension reduction methods, they use techniques such as principal component
analysis(PCA) (Jolliffe & Cadima, 2016), canonical correlation analysis (CCA)(Hardoon et al., 2004) and
some more. However, there is a lack of methods that comprehensively include all the genes’ features and
achieve a good computation efficiency. Here, we present a strategy for batch effect correction based on

the optimal transport map method. The optimal transport method helps us align the cells in a different
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Figure 2.4: a)-b) Simulated single cell data with two difterent batches. a) Simulated two cell types in one batch. b)
Simulated five cell types in one batch. c) - b) Built cell-to-cell paths to connect cells between two batches. ¢) Two
cell types in one batch. d) Five cell types in one batch.

dataset with a batch effect. Our framework can comprehensively include all the genes’ features in the
original dimension space of the two datasets with a good computation time. In addition to it, we can also
extend the resolution to a cell-to-cell coupling in two datasets. We aim to predict the one-to-one paired
cells between two batches.

We present a simulated example of connecting cells between different batches. We test the accuracy of
connecting cells for the same cell type between two batches. Correctly connecting cells with the same cell
type indicates that the CellOT method can capture individual cells’ gene and pathway expression features.

This is crucial when cells start to develop into different types in a time-course dataset. The simulation
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Table 2.x: Two cell types setting: The results shows the accuracy of connecting cell for two different batches with
two cell types in each batch.

Two Cell Type
100 Cells | 200 Cells | 300 Cells | 400 Cells | 600 Cells

10 Genes 0.92 0.74 0.89 0.82 0.49
20 Genes 0.76 0.86 0.95 0.98 0.99
so Genes 0.88 0.96 0.92 0.93 0.99
100 Genes I 0.8 0.76 0.91 0.99
200 Genes 0.88 0.94 0.92, 0.95 0.99
soo Genes 0.96 0.96 0.95 0.95 0.99

Table 2.2: Five cell types setting: The results shows the accuracy of connecting cell for two different batches with

five cell types in each batch.

Five Cell Type
100 Cells | 200 Cells | 300 Cells | 400 Cells | 600 Cells

10 Genes 0.38 0.41 0.55 0.43 0.72
20 Genes 0.6 0.44 0.87 0.79 0.68
so Genes 0.56 0.77 0.53 0.72 0.85
100 Genes 0.62 0.5 0.73 0.75 0.89
200 Genes 0.7 0.74 0.78 0.83 0.87
soo Genes 0.86 0.8 0.9 0.86 0.83

contains three different settings: two cell types, four cell types, and five cell types. We test cell number
ranging from 100 cells to 6oo cells, and the number of genes in each cell range from 10 to s00 genes for
each of the three settings.

Table 2.1 and 2.2 presents the accuracy of connecting cells between two batches. The CellOT method
achieves relatively high accuracy for all different cell type settings with so genes or more cells. The accuracy
has an increasing trend as we put more genes in cells for the simulated data. Since more genes contain
more information about each cell, the optimal transport algorithm will get more information to correct
cell-to-cell connection paths. Therefore, The accuracy shows an increase from the tables. In addition to
the above, there is also a slightly increasing trend as we simulate more cells for each cell type. Those cells

can be treated as information replicates, in which more cells can enhance the gene features for a certain
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Figure 2.5: Single cell Optimal Transport on Batch Effect: a)-b) Cell type and cluster visualization for each batch.
c) Batch effect visualization. d) Cell type visualization combining the two batches

cell type. Our proposed cell-to-cell connection can achieve 99% accuracy when there are only two cell
types and ~ 86% when there are five cell types in each batch.

We present another real single cell expression dataset using optimal transport to construct cell-to-cell
connections. The dataset we use here is a single cell RN A-seq dataset (cell = 14,693) on the pancreas and has
four different batches (Lotfollahi et al., 2019). The data were downloaded from (ftp://ngs.sanger.ac.uk).
The dataset in each batch can be represented as a cell distribution, including gene expression matrix and
batch labels. We take the two batches with the most number of cells for our calculation. Figure 2.5aandb
are the two batches we use here to perform the batch effect alignment. These two figures show the cluster

and cell distributions in the data. We notice that the number of cell type are different in the two batches.
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We subset the datasets for batches and take an intersection of the two datasets. In this case, we can ensure
our labels are consistent in the two batches and better show our cells’ coupling accuracy. Figure 2.5 cand d
are the cell coupling visualization using UMARP for the dataset. We subset only two clusters in each batch
for easy visualization. The blue "+" points indicate the cell distribution in one batch, and the green "o"
points indicate the cell distribution in other batches. Each cluster in the dataset represents one cell type.
The figure 2.5 d indicates a good cell coupling accuracy that most of our cells in one batch are correctly

paired with cells in another batch with the correct cell type or clusters.

2.6.2 Individual cell lineage tracing in COVID-19 single cell expression data

Coronavirus disease 2019 (COVID-19), caused by severe acute respiratory syndrome coronavirus 2 (SARS-
CoV-2), has caused more than 98 million infections and more than 2.1 million deaths according to the
statistics of World Health Organization (WHO) as of January 24, 2021. Although many COVID-19
patients are asymptomatic or experience only mild or moderate symptoms, some patients progress to
severe disease or even death. It is thus important to understand the disease mechanisms to control the
pandemic. The single cell RNA-seq sequencing technology (Griin & van Oudenaarden, 2015; Nawy, 2013;
Shapiro et al., 2013) enable us to observe each cell separately and measure genes expressions simultaneously.
The scRNA-seq is a powerful tool at dissecting the immune responses and has been applied to COVID-19
studies (Cao et al., 2020; Chua et al., 2020; Fan et al., 2020; Su et al., 2020; Wen et al., 2020; Xie et al.,
2020; Zhang et al., 20204, 2020b). However, existing technologies require destroying cell’s transcription-
continuity in the course of sequencing their gene expression profiles. Such static single cell RNA-seq
(sc-RNA-Seq) experiments are insufficient to reveal the dynamics of cellular and gene dynamic changes
(Hrvatin etal., 2018; Lawson et al., 2015; Spiller et al., 2010; Weinreb et al., 2018). Thereis alack of approach
on the changes between patients at different covid-9 levels.

This example aims to use the optimal transport method to coupling cells in different groups (healthy

control, mild, severe, recovered). Then we propose to perform differential gene tests to help us understand
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the genes or cell changes among these groups of patients. We are looking to find the abnormal caused by
COVID-19. Through literature review, we obtain one single cell RN A-seq dataset for COVID-19 patients.

This dataset has single cell RNA sequencing (scRNA-seq) on Bronchoalveolar lavage fluid (BALF)
cells from three patients with moderate COVID-19 (M1-M3), six patients with severe/critical infection
(S1-S6), three healthy controls (HC1-HC3) and a publicly available BALF (HC4)4 sample. Some prelim-
inary data processing results are shown in Figure 2.6. Comparing the severe patients with healthy controls,
the cells in severe patients are not clearly clustered together as the cells in healthy controls. This indicates
the cell types for severe patients have changed ambiguously, and genes in severe patients are mutated. We
might be able to understand the changes by preform gene tests on the coupled cells.

This project framework first couples the cells respecting two different patients from different groups
(healthy, mild and severe) using the optimal transport technique, which is a powerful tool to transform
one probability measure to another (Peyré, Cuturi et al., 2019; Villani, 2008). The resulting couplings
then are linearly interpolated to construct the coarse individual cell trajectories for each cell across the

three patients groups.

Optimal transport for cell coupling

In order to link cells using optimal transport, we need to decide where our mass will lie and use the digital
gene expression matrix as an experimental distribution as the input. A cell distribution can be described
as the gene expression of all cells in a certain space. The input of optimal transport problem needs a source
distribution and target distribution. We choose a space that we call ambient space X where we will have
all our cells in different conditions we choose to put in this space. Next, we need to choose a cost function
¢ x X x = RU{oo}, which tell us what the effort is of moving one cell from one patient condition to
another patient condition in this space. The cost function can be infinite if one cell has no possible ways
to transport to another cell at two different conditions.

The single cell optimal transport happens between two cell distributions, so that we need to choose

true probability measures 11 and v. These cell distributions are called probability measures because these
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Figure 2.6: Single cell dataset for different types of COVID-19 patients: a) COVID-19 mild patients IDs (top)
louvain cluster (bottom) b) COVID-19 severe patients IDs (top) louvain cluster (bottom). ¢) COVID-19 healthy
controls IDs (top) louvain cluster (bottom)

are distributions of gene expressions in cells. Because if we want to transport cell from one to the another.
Of course, the gene expressions need to be preserved during transportation. Now, we will have to decide
to describe a transport plan between two measures using a symbol and call it . This 7y tells us how much
gene expression values in my transport are moved from one cell in distribution j to one cell in distribution
.

With this transportation plan 7y, we can describe a way to move all the cells from the distribution p to
the cells in distribution v. The cost associated with this whole transport displacement can be computed by
the integral of all cell pairs on the space X. The formula contains the cost of cell pairs times the amount of
gene expressions that we will transport between two different conditions. Therefore the optimal transport

problem is just to minimize over all possible cell pairs transportation plans.
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min/ c(z,y)y(dx, dy) subject to v € coupling(y, v)
TXT

There are constraints on this transportation plan 7, and we need the 7 to be something that describes
a good plan. We call this 7 a cell coupling plan. The coupling is a distribution of gene expression on the
pairs of cells. Therefore, this object v actually describes a way to transport the mass from 4 to the cell
distribution v.

Figure 2.7 a)- b) shows an example of optimal transport at the different condition of COVID-19
patients. The cell distributions of health patients in figure 2.7 a) show in blue points, and the green points
indicate the cell distribution of patients with mild symptoms. Similar to figure 2.7 b), the cell distributions
of mild symptom patients in figure 2.7 a) are showing in blue points, and the green points indicate the
cell distribution of patients with severe symptoms. The top figures show sample cell distributions of
different patient types. The bottom three figures indicate the cell-to-cell coupling lines two different cell
distributions. We first construct the cell-to-cell coupling lines for each consecutive condition. They are

then connecting lines for each cell through all patient types to construct the individual cell trajectories.
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Figure 2.8: Illustration of individual cell linking between different types of patients. a: Individual cell can potentially
represents the cell lineages/developments from health patient to severe patients through mild patients. b: We can
observe the gene/pathway expression patterns with in one individual cell connection.

We know that optimal transport can be used to coupling points from one distribution to points in an-
other distribution. In the analysis result section, I will implement this method to coupling cells in different
conditions. This method can actually solve a big problem we are facing in the single cell sequencing data
analysis. For example, if we want to analyze the dynamic changes for a certain number of cells. We have to
sequence the cells at different time points separately. By doing so, we lose the transportation information
for cells over time. This optimal transport can help us reconstruct the connection for cells at different

time points or conditions.
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Figure 2.9: Differentially expressed genes estimated from the individual cell connections: We illustrate two example
genes that are differently expressed in different types of patients.

Gene testing and gene ontology analysis We perform a statistical test for individual genes in all three
patient types. The differentially expressed genes might be a regulator of COVID-19 virus development.

We use the following one-way ANOVA test formula for individual genes:

Hy : pin = pio = i3 where p is the expression for gene(i) in group(I).

The alternative hypothesis (,): at least two groups’ mean expressions are statistically significantly dif-
ferent from each other. The Gene Ontology analysis for all differentially expressed genes is performed
using The Database for Annotation, Visualization and Integrated Discovery (DAVID) v6.8 with default

settings for significant genes Bronchoalveolar lavage fluid(BALF) cells.

Analysis results

We first subset the data based on the different conditions to ensure the same number of cells in each
patient type. Then we perform the optimal transport coupling method on health patients to mild to severe

patients. We transform the cell dynamic development problem into the optimal transport problem. We
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have two conditions with all cells and their gene expressions. As I described before, the optimal transport
problem calculates the transport plan from the source cell distribution to the target cell distribution. Here
we take the health patients cell distribution as the source distribution and the latter mild cell distribution
as the target distribution. The optimal transport method is implemented here to find the cell-to-cell
coupling from the two cell distributions. Then we are coupling the cell for all three different conditions.
In other words, in all three different patients conditions, a cell in the health patient group will be coupling
a cell in the mild patient group, and then the cell will connect a cell in the severe patient group. For each

cell in the beginning health condition, we build a cell trajectory across all time points (Figure 2..8).

Table 2.3: The function cluster of differentially expressed genes

Term Count | Enrichment | Pvalue
Antigen binding 28 43.2925444 | 3.11E-35
Immunoglobulin V region 18 64.8560924 | 6.45E-25
Extracellular space 48 5.74696967 | 1.30E-22
Immunoglobulin domain 31 9.81948164 | L19E-19
Disulfide bond 63 317292473 | L29E-17
Immunoglobulin-like domain 33 6.96801829 | 3.01E-16
Blood microparticle 19 20.159292 5.30E-17
Immunoglobulin receptor binding | 12 73.5021771 | 9.68E-17
Regulation of immune response 20 16.9976718 | 3.32E-16
Immunoglobulin-like fold 34 5.82033686 | 7.92E-15
Adaptive immunity 18 17.8913358 5.02E-15

We apply the optimal transport method to coupling the cells at each time point (Figure 2.8 a)). Then we
construct individual trajectories as many as possible in the dataset (Figure 2.8 a)). For one linked individual
cell trajectory, there are approximately 2000 highly variable gene expression patterns. We cluster the genes
using the K-mean clustering method (Figure 2.8 b)). Some clusters of genes have high expression values
in healthy patients but low expression values in the patients with COVID-19 virus from the heat-map
figure. Some clusters of genes are showing the opposite patterns. For the next step, we will perform the
deferentially expressed gene test to analyze those genes further.

As we described in the method section, we perform the one-way ANOVA test on each gene. Figure 2.9

indicates two top differentially expressed genes by the ANOVA test. The box shows the actual expression
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values in three types of patients. The expression value of the BPIFBI gene is high in mild patients and
relatively low in healthy and severe patients. The CCNO gene shows an increased expression pattern
as the patient type move from health to mild to severe. Those genes might be COVID-19 related genes
because the gene expression values are significantly different in one of the patient types. We perform the
ANOVA test on all genes, and 564 genes are significant in the test results.

For the last step, the gene ontology analysis was performed using DAVID. Gene Ontology functional
clusters (table 2.3) indicate the major function of those genes is for the human body’s immune system.

Regulation genes can be found by testing individual cell trajectories in different patient types.
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CHAPTER 3

EruciDATION OF CELL LINEAGES AND
DyNAMIC GENE NETWORKS IN
TiIME-COURSE SINGLE CELL

ExPrREsSsION DATA

3.1 Background in cell trajectories and lineage tracing

A comprehensive understanding of any complex biological process such as tissue development and re-
generation requires the investigation of cell progression behaviors across a wide range of samples and
experimental time points (Spiller et al., 2010). Cell progression, including cell reprogramming, differenti-
ation, and morphological development, is a dynamic and continuous process (Burrows et al., 2020; Guo
etal., 2017). Cell progression processes includes rapid changes in metabolism, gene expressions and cell
types over time. To profile such cell progression behaviors, single cell RNA-seq sequencing (scRNA-seq)
technology has been developed rapidly (Griin & van Oudenaarden, 2015; Nawy, 2013; Shapiro et al., 2013;

Tanay & Regev, 2017). In particular, scRNA-seq enables researchers to observe the gene expressions of all
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cells simultaneously. Such single cell sequencing techniques are usually conducted in static or time-course
experiments. The static sScRNA-seq experiment takes a snapshot of all cells and their gene expressions
at one time point (Hrvatin et al., 2018; Lawson et al., 2015), whereas the time course scRNA-seq experi-
ments takes snapshots at multiple time points. Despite its importance, quantifying the dynamic cellular
changes of cell development is still challenging due to some limitations (Stegle et al., 2015). In time course
scRNA-seq experiments, cells are sacrificed and sequenced at each time point. Thus there is no cell corres-
pondence information for cells between two time points, which creates a significant challenge to elucidate
the dynamic behaviors of cell progression. Moreover, the cell-cell variation is too large to be ignored. It
is also challenging to align and register different cells sequenced in two adjacent time points since the
gene expression is drastically affected by cell variation (Alonge et al., 2020; Ren et al., 2017). Without
controlling the cell variation, gene expression analysis can be significantly biased.

For static scRNA-seq experiments, one natural approach to surmounting the challenges is to order
cells into a continuous cell trajectory. Many methods have been proposed to achieve this goal. In these
methods, researchers construct a pseudo time to order cells chronologically (Cannoodt et al., 2016; Chen
etal., 2019; Ji & Ji, 2016; Liu et al., 2017; Qiu et al., 2017; Trapnell, 2015; Trapnell et al., 2014). Despite their
effectiveness, such methods may fail in the following circumstances (Tritschler et al., 2019). First of all,
most existing trajectory inference methods construct a bulk cell trajectory, i.e., the mean trajectory of the
population cells across time rather than that of individual cells. However, some individual cells’ behaviors
may oscillate up and down around the cell mean expressions or severely deviate from it. Cell progression
behaviors are dominated by cells with major cell types, and patterns with less frequent might be hidden
in the dataset. Second, individual cell developing trajectories may follow different complex topologies,
including loops or alternative paths during the development. For example, analysis approaches in (Moon
etal., 2018) and (Dai et al., 2020) used dimension reduction methods to identify a low-dimensional space
of the gene expression space before construct cell trajectory (Saelens et al., 2019; Wagner et al., 2018). Those
methods may introduce a significant bias and are hard to validate, as cells are ordered based only on the

selected reduced dimensions. Finally, the cells may not be synchronized at the same developing time points.

40



Time

Average Expression
~
Average Expression

2
it

Time : Time

Figure 3.1: Example advantage of individual cell linking: a: Cell progression over time (x-axis) reflects a increasing trend in
average cell expressions (y-axis). b: The individual cell correspondences at different time points reflect a decreasing trend in
average cell expression (y-axis).

Cells within the same time point can be expressed at different developing stages. Under this situation,
the bulk cell trajectory that takes the average pattern of cells at different stages might result in unreliable
scientific discovery.

Time-course scRNA-seq experiments contain intrinsically much more informative than the static
scRNA-seq data, particularly for the inference of cellular dynamic development patterns (An et al., 2019;
Ko etal., 2020; Sun et al., 2021; Torii et al., 2020; Yuan & Bar-Joseph, 2021). However, the challenges of
cell correspondence and cell variation remain unsolved.

The scRNA-seq data are still static at a time point, and the cell correspondence information through
multiple time points is still missing. Moreover, the existing cell trajectory inference methods may neglect
some hidden expression patterns in the cell development process. We illustrate this problem by using a
simulated time-course cell dataset as a toy example (Figure 3.1). Under some cell development and differen-
tiation circumstances, cells show an increasing pattern if we only construct one average cell trajectory to
order cells (Figure 3.1a). However, when individual cells are linked at different time points, the individual
cell trajectories reflect unique decreasing patterns, which are in contrast to the average expression (Figure
3.1b). Those cell development patterns can be easily misled by the average cell trajectory and thus reflecting

spurious cell progression behaviors.

41
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Figure 3.2: Cell smoothing transformation (CellST) overview: a: An illustration of time-course scRNA-seq data. Cells contain
no information between time points. b: CellST construct cell correspondence information between time points using optimal
transport technique. ¢: CellST utilizing smoothing spline technique on gene expression in each cell to finish construct the
estimated cell-to-cell trajectories. d: CellST construct dynamic gene networks based on the calculated dynamic relationship
between genes.

In this paper, we propose a novel analysis framework named Cell Smoothing Transformation (CellST)
to overcome the aforementioned limitations. The CellST framework constructs individual cell trajectories
and dynamic gene co-expression networks for time course scRNA-seq data (Figure 3.2a). In the CellST
framework, we propose a cell linking method, which pairwise couples individual cells and construct
cell correspondences between adjacent two time points. Those cell couplings can potentially represent
individual cell lineages, tracing cell progression behaviors by constructing an individual cell trajectory.
The cell linking method couples individual cells using the optimal transport technique (Meng et al., 2019;
J. Zhang et al., 2020), which is a powerful tools that can be used to model cell dynamics (Schiebinger
etal,, 2019; Tong et al., 2020). The resulting cell couplings are then linked by a straight line to construct
cell correspondences and cell-cell alignment across the time (Figure 3.2b). Next, we utilize the smoothing
spline models to construct the smoothing trajectories to reduce both gene-gene and cell-cell variance. The

smoothing spline method models the gene expression patterns in the cells correspondence constructed
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from the previous step and builds the estimated smoothing individual cell trajectories. Lastly, we narrow
down our focus to utilize the gene expression patterns from those individual cell trajectories to construct
dynamic gene networks (Figure 3.2d). The dynamic gene networks is constructed by estimating the
dynamic relationship of pairwise gene expression patterns using functional concurrent models (Wang
et al., 2016) and smoothing spline models (Gu & Ma, 2005). Furthermore, the CellST dynamic network
can be used to find critical genes by profiling genes that have a significantly different patterns with other
genes.

Our major contribution is to develop the first analysis framework (CellST) to construct individual
cell-level trajectories, which can help researchers trace individual cell progression behaviors over time. The
promise of the single cell sequencing technology enables researchers to observe individual cells’ behaviors
instead of observing the bulk behaviors of cells. However, existing methods are still estimating the bulk
trajectory in sSCRNA-seq datasets. Those analysis methods may overlook the hidden patterns in the cell
progression process and thus create a spurious cell progression trajectory. Furthermore, we propose the
dynamic gene (co-expression) network based on the individual cell trajectories to estimate the dynamic
gene-gene relationship over time. The empirical performance of the proposed framework is evaluated by

several simulated and real data studies.

3.2 Observing dynamic cell lineages in simulation and real data

3.2.1 Simulation results

We evaluated the performance of the CellST framework on constructing individual cell trajectories by
analyzing simulated scRNA-seq datasets. The details of generating simulation data can be found in
the method section. The simulation analysis was conducted in two scenarios: In the first scenario, we
simulated scRNA-seq datasets with cells at only two time points to investigate the accuracy of constructing

cell correspondence between time points. In the second scenario, we simulated a time course scRNA-seq
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Figure 3.3: Simulation example of cell linking process at two time points. a: Cell linking process with five (right) cell types in
both time points. b: Accuracy comparison of the cell linking process (red) with other gene similarity measurements (Pearson
correlation (blue) and Euclidean distance (green)).

dataset with multiple time points to examine individual cell progression patterns in the individual cell

trajectories.

Scenario one: CellST construct cell correspondences in high accuracy

To investigate the accuracy of the CellST cell linking method, we simulated scRNA-seq experiments with
only two different time points. The simulated datasets, which contain the same number of cells and cell
types, were generated independently for each time point.

These simulation datasets contain five same cell types in both time points. In the simulation setting,
the number of cells ranges from 200 to 600, and the number of genes in one cell ranges from 100 to
500. The cell alignment and one to one correspondences were constructed using the CellST cell linking
method based only on the gene expression information of cells at each time points and no information
on the benchmark labels of cell types. Specifically, we estimated an empirical transportation cost for the
individual cell correspondence between two time points using the gene expressions in cells. We linked cells
by selecting pairs with the smallest transportation cost. Since cell dynamics is a gradually development
process and cells within the same cell type tend to have similar gene expression profiles, the cell linking

accuracy can be validated by counting the number of linked cell pairs with the same cell type (Figure 3.3b).
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We noticed that the accuracy of the cell linking method has an increasing trend as we add more genes
in cells for the simulated data. This observation is due to the fact that the CellST gets more information
to learn the patterns of genes when more genes are simulated in each cell. Similarly, increasing cell num-
bers will also increase the linking accuracy since cells can be treated as information replicates to enhance
the accuracy. We also compared the accuracy of coupled cells with the Euclidean distance and Pearson’s
correlation methods. Those two methods are the most commonly used distances and similarity measures
for gene expression analysis. (Angermueller et al., 2016; Klimovskaia et al., 2020; Skinnider et al., 2019).
The accuracy comparison results (Figure 3.3b) shows the CellST method achieves the best cell linking
accuracy in the simulation settings. In summary, the cell linking method achieves high accuracy and cap-
tures the significant gene expressions when linking cells and construct individual cell correspondences at

two different time points. This is crucial for the down-streaming individual cell trajectories construction.

Scenario two: CellST provides unique individual cell progression behaviors

To investigate the effectiveness in constructing the individual cell trajectories, we simulated a time course
scRNA-seq data contains 160 cells at each time point and 13 experimental time points. This simulation
dataset has two pathways with different development expression patterns, and each pathway contains 100
genes. The first pathway is created using the contact inhibition genes that keep cells growing into only
a layer one cell thick (monolayer) (Mendonsa et al., 2018; Pavel et al., 2018). The growth of cells’ average
expression in this simulated pathway is diminishing and approaching an equilibrium expression over time.
We simulated the second pathway according to the cellular division process, which is more active in cells
under mitosis and less active in cells in interphase (Tomasetti et al., 2017). At each time point, eighty cells
contain only the contact inhibition pathway, and eighty cells contain only the cellular division pathway.
To observe the dynamic of cell progression in this data, we utilized cells’ experimental time inform-
ation and built individual cell trajectories using CellST to reconstruct the individual cell development
patterns. Cells’ correspondence information between adjacent time points were constructed using cell

linking method in CellST (Figure 3.4a). Those linked curves are smoothed using smoothing spline tech-
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Figure 3.4: a: Cell couplings through all time points constructed by CellST method. The cells are classified by the pathway they
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nique in CellST to estimate the individual cell trajectories. Figure 3.4b illustrates the estimated individual
cell trajectories (red curves). The two types of cells, simulated by the two distinct pathways, are well separ-
ated by CellST method. The expressions of individual cell trajectories were compared with the benchmark
pathway expression patterns (black curves). The expression of individual cell trajectories illustrates a con-
sistent patterns with the benchmark expression of the two simulated pathways over time. In addition to
the consistency, we observed from the individual cell trajectories that cells have unique behaviors over time.
Some cells grow slower and have lower expression values, while others grow faster and have higher expres-
sion values than the simulated average development patterns. In summary, the individual cell trajectories
estimates the unique cell development patterns by constructing individual cell trajectories.

Next, we performed a comparative analysis of CellST with the existing trajectories analysis method
"tradeseq” (Van den Berge et al.,, 2020). The tradeseq is a trajectory based method to estimate the dy-
namic expressions of differentially expressed genes. Comparing between the dynamic gene expression
patterns constructed by CellST and tradeseq (Figure 3.4¢), the tradeseq method constructed two similar
expression patterns for a simulated gene expression (m_ss, dotted curves), which the CellST method built
two distinct expression patterns (Figure 3.4c black and red curves). Those constructed dynamic gene
expression curves by CellST are also consistent with the simulated benchmark expression by showing the
distinct expression patterns. When constructing the individual cell trajectories, the CellST method can
automatically classify cells that contain different pathway expressions and construct cell correspondences
within the same pathway.

Additionally, to compare the performance of the existing trajectory inference method based on the
pseudo-time construction, we built a pseudo-time bulk trajectory by using the TSCAN method (Ji &
Ji, 2016) (Figure 3.4d). In figure 3.4d, the four pseudo-time cell development stages from the TSCAN
method were marked as St to S4 and the bulk cell trajectory was constructed by connecting the pseudo-
time cell stages. Each pointis a cell in the figure and the cells’ color representing the cells’ experimental
time. The pseudo-time cell bulk trajectory constructed by the TSCAN does not match with cells’ actually

experimental times to reflect the correct cell development patterns, which are regulated by the two distinct
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pathways. Therefore, the constructed pseudo-time bulk trajectory might be spurious in observing the cell

progression.

3.2.2 Case study one: individual cell trajectories on cell reprogramming process

To evaluate the performance of CellST on real data, we use a mouse cell reprogramming scRNA-seq
dataset (Schiebinger et al., 2019). The experiment in this dataset uses single cell RNA sequencing to recon-
struct the landscape of reprogramming from induced pluripotent stem cells (iPSCs). The dataset contains
149,155 cells collected at 17 time points across 8 days, with samples taken every 12 hours. Cells were collected
from established iPSCs cell lines reprogrammed from the same MEFs and maintained in serum medium.
This scRNA-seq data were generated at each time point using the 10X Genomics Chromium Controller
Instrument and ChromiumTM single cell 30 Reagent Kits. The details of data preprocessing procedures
are included in the method section. All genes in this dataset are classified into different pathways, includ-
ing cell cycle pathway, pluripotency pathway, epithelial pathway, etc. The pathways were determined
based on co-expression signatures correlated with the gene of interest. For instance, the cell cycle pathway
includes 97 co-expression genes regulating the cell cycles process, and the Astrocytes pathway has 224
genes involved in regulating the center nervous system in mouses. The individual cell trajectories were
built based on the gene expressions in each pathway using CellST (Figure 3.5a and 3.5b).

Since the biological cell cycle concept is already well established for cell cycle pathway genes, the ex-
pression of the cell cycle pathway will periodically reach a peak in the mitosis phase and stay quiet in other
phases. The individual cell trajectories for cell cycle genes (Figure 3.5b red curves) reflect similar patterns
consistent with the average developing patterns of the cell cycle pathway. Moreover, the individual cell
trajectories reveal the unique individual cell progression behaviors. Those individual cell behaviors illus-
trate different cell growth rates and times when cells reach expression peaks. In addition to the cell cycle
pathway analysis, we also constructed individual cell trajectories for Astrocytes, Placental, Pluripotency,
Trophoblast, and Epithelial pathways (Figures in Supplementary file). The individual cell trajectories

return consistent expression patterns compared with the Waddington-OT method (Fig. 3.5 blue line).
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Figure 3.5: Individual cell trajectories constructed by CellST. a: The Umap visualization of the individual cell
trajectories constructed using genes in the Cell Cycle pathway by the CellST cell linking process. b: Individual cell
trajectories estimated by CellST for cell cycle genes.

After constructing the cell cycle individual cell trajectories and their gene expression patterns, we
further built the dynamic gene network by estimating the dynamic relationship of pairwise genes (Figure
3.6). The gene-gene dynamic relationships were estimated using a functional concurrent model, and the
dynamic gene network was constructed based on the measurement of the gene-gene relationships. Figure
3.6¢ illustrates the dynamic network constructed based on the cell cycle pathway genes. The nodes are
genes from the cell cycle pathway, and the edges indicate the relationship from one gene to another gene.
We further calculated co-expression gene communities using a network community detection algorithm
(Louvain) (De Meo et al., 20115 Traag et al., 2019) for those cell cycle genes. The dynamic co-expression
gene community was constructed by connecting the gene communities at each time point based on the
number of common genes in the community. The expression patterns of the dynamic gene community
indicate consistent periodical expression patterns compared with cell cycle pathway patterns (Figure 3.6b).
We observed that the gene-gene relationship in the dynamic network also shows a periodical pattern. The

dynamic gene network illustrates a strong relationship between genes in the mitosis phase and a weak
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Figure 3.6: Cell progression in cell reprogramming dataset. a: Estimated dynamic relationship between pairwise
gene Hjurp and Cenpf, Hjurp and Dtl. b: Average expression of gene community over time. ¢: Constructed
dynamic network based on cell cycle genes.

gene relationship in the interphase. We observed that those dynamic gene-gene relationships consistently
follow the natural cell cycle patterns. The periodical patterns validate the effectiveness of the dynamic
gene networks by CellST. The effectiveness of CellST dynamic gene networks enables us to study the

relationship between genes over time further.

3.2.3 Case study two: individual trajectories on zebrafish embryogenesis pro-

CEsS

To further investigate individual cell progression behaviors and gene-gene relationship, we performed
CelIST on another zebrafish embryogenesis scRNA-seq dataset. This dataset contains 38,731 cells and
11,588 genes of early zebrafish development using Drop-seq (Macosko et al., 2015). Samples in the dataset

are from high blastula stage (3.3 hours postfertilization, just after transcription from the zygotic genome
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begins), when most cells are pluripotent, to six-somite stage (12 hours postfertilization, shortly after the
completion of gastrulation), when many cells have differentiated into different cell types. The detail of
data preprocessing is included in the method section. Since the cell type information is unknown in the
dataset, cells in the dataset were clustered into 22 cell clusters (Figure 3.7b). We observed that cells were
clustered together at the beginning high blastula stage and differentiated into different cell clusters in later
development stages, which is consistent with the original paper. Therefore we treat these cell clusters as
different cell types and built individual cell trajectories to observe individual cell progression behaviors.

We applied the CellST method to build individual cell trajectories (Figure 3.7a-3.7b) and reflect unique
individual cell development behaviors. Unlike the bulk cell trajectory, the CellST individual cell traject-
ories achieved full cell development paths coverage for all cells. The full coverage indicates that the in-
dividual cell trajectories can reveal less frequent cell development patterns overlooked by the bulk cell
trajectory. The CellST constructed individual cell trajectories throughout the stages and illustrated the
unique individual cell development behaviors. The individual cell trajectories return each cell’s potential
cell development paths into different cell clusters throughout the 12 developmental stages. We compared
the CellST trajectories to the average bulk single cell trajectory constructed by Monocles (Cao et al., 20195
Mclnnes et al., 2018). The starting points of each Monocles trajectory are given based on the developing
stage (time points). The Monocle3 method constructed two average single cell bulk trajectories (Figure
3.7¢ and 3.7d), which are not consistent with the natural cell developing stages.

Furthermore, as cells developed into nine difterent cell clusters at the 12.0-6-somite stage (last develop-
mental stage), we classified those trajectories according to the cell clusters in the last developmental stage.
We constructed the dynamic gene networks (Figure 3.8b) for each group of individual cell trajectories. In
those dynamic networks, we observed a few genes that behave significantly different from other genes
(Figure 3.8b). For instance, DBX1A and ALPL.1 are two genes that appeared to behave differently in
cluster 1 and cluster five in the last developmental stage. The functions of DBX1A gene are in regulating
cell differentiation and developmental process (Gaudet et al., 2010; Gribble et al., 2007) and the functions

of ALPL.1 gene are in regulating osteoblast differentiation and skeletal system process (Foster et al., 2005;
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Figure 3.8: a: Dynamic gene networks constructed by CellST for different cell clusters at the last developing stage
(12.0-6-somite stage). b: The behaviors of differentially expressed genes in difterent cell clusters.

Mornet et al., 1998). We further visualized the expressions of the two critical genes in the original 12 devel-
opmental stages. The expressions of DBX1A and ALPL.1 genes are significantly higher in cluster 11 and
cluster five accordingly than in other cell clusters, consistent with the discovery in the CellST dynamic
networks. Additionally, we performed functional deferentially expressed gene tests based on the CellST
individual cell trajectories. We discovered a total of 268 differentially expressed genes in this Danio rerio
cell development process dataset. For example, gene CXCL12A and ID3 are two differentially expressed
genes in different cell clusters (Figure 3.8a). Next, we performed gene ontology annotations to those genes
(table 3.1) and the function of those genes is highly related to regulating the cell development process.
Those results proved that the cell trajectories and dynamic gene networks in the CellST method are

accurate and can be used to discover critical genes in cell progression. We also demonstrated the CellST
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Table 3.x: Top six gene functional annotation clusters sort by p-values.

Gene Ontology (GO) annotations Count Enrichment Score P-value
Developmental protein 119 5.808  2.090009€-54
DNA-binding 155 3.814  3.071105¢-46

Multicellular organism development 126 4357  9.100393€-44
DNA binding 192 2.891 3.617413€-41

Regulation of transcription 190 2.808  1.614839€-38
Homeobox 81 6.190  2.992261e-38

individual cell trajectories have a full coverage on different cell development behaviors. Those trajectories

reflect unique gene expression patterns when cells develop into different cell types.

3.3 Individual cell trajectories and dynamic gene networks

In this section, we introduce the Cell Smooth Transformation (CellST) method. Through CellST method,

we illustrate the way to construct the individual cell trajectories and dynamic gene networks for time course

scRNA-seq data.

3.3.1 Individual cell trajectories

To conduct the individual cell trajectories, we first link the cells at different time points to construct the
cells’ correspondence information between time points. We then smooth the gene expressions pattern for
each gene along time, and extract the "mean curve” of all individual gene expression patterns in a single

individual cell trajectories to obtain the general gene expression pattern.

Cell linking by optimal transport

Linking cells and construct cell’s correspondence between time points can be turned into a problem
of domain adaptation. Specifically, we denote the normalized gene expressions for cell 7 at time ¢ as

a d-dimensional vector X;;; each dimension of Xy, represents a gene expression '. We further denote
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X = {x,}.*,, where n; indicates the number of cells at time ¢ in scRNA-seq dataset. Our goal is to
learn the transformation between the domain spaces through aligning the distribution of X; to X, .
In general, the optimal transport cell linking process can be summarized as the following three steps:
(1): Estimate empirical distributions jt; and p441 from X, and X;44. (2): Find an optimal transport
coupling map T from ji; to fi¢41. (3): Apply T to obtain individual cell couplings from X; to X, ;.
In the cell-linking case, the transport map T from i to ji¢+1 can be denoted as T(X) = XX, where
X; = (Xtys Xty - - - Xt ) and Disan nyy 1 X ny transformation matrix. The optimal transport coupling

map T then can be calculated through the following optimization problem,

ne Nt+1

33 x5 o

i=1 j=1

where c(xtj , XtHj) can be interpreted as the energy required to transform an individual cell from X§- to
x!*1 We link cells according to T that minimizes the cost of transporting cells from one time points to

another. More details of the cell linking estimation are in the supplementary file.

Individual cell trajectories by smoothing spline models

After we linked the cells from different time points, we can obtain the individual cell couplings at time
points t and t + 1. We then link cells for all time points based on the cell couplings to construct each cell’s
coarse individual cell trajectories across the timeline. Those cell trajectories are smoothed to reduce the
estimation variance in CellST by utilizing the smoothing spline models. Smoothing spline models are a
versatile family of smoothing methods that are suitable for both uni-variate and multivariate problems
(Gu, 2013). We focus on the uni-variate problem and briefly illustrate the basic idea of smoothing spline
models. To construct the proposed smoothed cell trajectories, we use equation 3.11 to model the behavior
patterns of the gene expression along the individual cell trajectory (Gu & Ma, 2005). Let ¢ represent the
time points in time course dataset and g; represent the gene expression for the aligned individual cell

trajectories. As the genes are co-expressed with each other, we can model the gene behavior patterns using
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a smoothing spline mix-effect model with {g;, ¢;}¢_, as the observations:
gl:n(tz)+sz+€lvl:17vda (32‘)

where the regression function 1) (¢;) is assumed to be a smooth function on the genes domain space in a
cell. 7 (¢;) are the fixed effectsand z7 b are the random effect with b ~ N (0, B)ande; ~ N (0, 0?). The
random effects are used to account for the co-expressed genes in one individual cell trajectory. The model
terms 7)(x) or n(z) 4 z” b are estimated using the penalized (unweighted) least squares method. Details
of estimation steps are showed in the supplementary file. Since there are d gene expression patterns over ¢
time points for each of the individual cell trajectory, the smoothing spline model estimates one expression

patterns for individual cells and smooth the expression patterns.

3.3.2 Dynamic gene (co-expression) networks

We consider the connection of two genes to be dynamic and the relationship may smoothly change. Sup-
pose we want to study the dynamic relationship of the [th gene and sth gene, where 1 < [, s < p,l # s.
Denote X" (t) and X/* (t) as the Ith gene and sth gene’s expression values of individual cell trajectories
i from previous steps, and ¢ = 1, - - , n. By taking [th gene as the response and sth gene as the covariate,

we consider the functional concurrent linear model,

X;b(t) — 5<Z,S> (t)Xi<S> (t) + géfé‘” (3:3)

. . . l .
where 3% () models the dynamic linear relationship between two genes, & ;*'s are i.i.d. random errors

with mean zero and constant variance. We estimate 3 (¢) by minimizing the following penalized least

squares functional,

K 2
> (X () = B () X (1) +AT(84) (54)
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where J is a quadratic functional denoting the roughness penalty on 3¢, The details of estimating
minimization equation 3.17 can be found in the supplementary file. To measure the strength of all pairs
of genes’ relationships, we estimate the { 3%}, for [, s = 1,- -+ ,p,] # s. Based on those {3-*} and
their confidence bands, we build the dynamic gene networks. The nodes indicate the genes and the edges

indicate the measures of gene-gene relationships.

3.3.3 Functional differentially expressed genes test

We integrate an functional ANOVA test method (Gérecki & Smaga, 2019) in our framework to estimate
deferentially expressed genes using smoothed individual cell trajectories. For each gene in those individual
cell trajectories, we consider independent vectors of random function Xy, (t) = (Xpi1 (£), . . ., Xpia(t) ),
where £ indicates number of trajectory groups, ¢ indicates cells and d indicates number of genes in one

individual cell trajectory, defined over the interval /. In the multivariate analysis of variance problem for

functional data (FMANOVA), we have to test the null hypothesis as follows:

Ho: py(t) = = p,(t),t €1

Hayop(t) # - # my(t),t €1

(3-5)

The Wilk’s lambda test statistics for testing significant different genes are approximated using fd AN-
OVA method (Gérecki & Smaga, 2019). The null distribution of test statistics is approximated by F;_ 1, (n—1)x-
distribution, x were estimated by the naive and biased-reduced methods (J. Zhang, 2014). The p-value is
given by P (F (=1, (n—l)r > Fn), where F}, denotes the test statistic. P-values for all genes tested were

corrected by Benjamini & Yekutieli method (Benjamini & Yekutieli, 200r1).

3.3.4 Gene ontology analysis

The Gene Ontology and function annotation process for all differentially expressed genes from functional
ANOVA test and dynamic gene networks are performed using the Database for Annotation, Visualiz-

ation and Integrated Discovery (DAVID) v6.8 (Dennis et al., 2003). The clustering stringency used as
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default medium, which keeps the balanced results. Other parameters including similarity term overlap =
4, similarity threshold = 0.3s, initial group members = 4 and multi-linkage threshold = 50%. In DAVID,
Fisher’s Exact test is adopted to measure the gene-enrichment in annotation terms. Fisher’s Exact p-values
are computed by summing probabilities p over defined sets of tables (Prob = > , p) and the resulting

p-values were modified by Benjamini Hochberg correction (Benjamini & Hochberg, 1995).

3.3.5 Single cell RNA-Seq data processing

For simulation datasets, the cell linking simulation data were generated to benchmark the correct cell
coupling pairs using splatter scRNA-Seq simulator (Zappia et al,, 2017). The mean expression of genes
are simulated from a Gamma distribution and the expression variation in the counts per cell are simulated
from alog-normal distribution. The expression outlier probability is 0.05 and the differentially expressed
probability is 0.4. The time course simulation dataset is generated with dynamic pathway patterns using
CancerInSilico (Sherman et al., 2019). In all scenarios for dimension reduction, we generated 160 cells at
each time points and 200 genes per cell. The simulated total experimental time is 72 hours and the cell
noise rate is o.I.

For the mouse reprogramming single cell development datasets, the genes in pathways were determ-
ined based on co-expressions with a given gene of interest. For each gene, co-expression signatures were
computed by finding the set of genes with expressions in cells that are highly correlated with the gene of
interest. We compute log-transformed normalized gene expression values for both simulation datasets
using Scater R package (McCarthy et al., 2017). We selected 2000 top variable genes for real datasets and
200 for simulated datasets using the variance of standardized values, which were calculated by the Find

Variable Features function in the R package Seurat (Satija et al., 2015).
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3.4 Theoretical details in CellST method

In this supplementary section, we introduce more details for the cell smoothing transformation (CellST)
method. We illustrate the detailed formulations to construct the individual cell trajectories and dynamic
gene networks for time course scRNA-seq data. Furthermore, we provide a supplementary figure for the

real data analysis.

3.4.1 Cell linking method using optimal transport

Regard cells at different time points as cells with same genes of different domain spaces. Linking cells
at different time points is then turns to a problem of domain adaptation. Specifically, we denote the
normalized gene expression for cell i at time ¢ as a d-dimensional vector x*; each dimension of X! represents
a gene expression *. We further denote X; = {x! ?;1, where n; indicates the number of cells at time ¢ in
single cell RN A-seq dataset. Our goal is to learn the transformation between the domain spaces through
aligning the distribution of X; to X 1.

As a powerful tool to learn the transformation from one probability measure to another, optimal
transport has been applied to solve the domain adaptation problem (Courty et al., 2014). We thus apply
optimal transport to obtain the domain adaptive coupling between X, and X . In other words, we
transform the cell linking problem into the Monge’s original formulation of the optimal transport prob-
lem corresponds to minimizing the cost for transporting a gene expression distribution 4 and 441 using

amap T

win [o(, T(@)di(o),  where Tt = sy (5.6)

In equation 3.6, ft; and /1,11 are probability measures of X; and X4 in RY, where d is the number of
dimensions. We define the optimal transport map T : R? — R% where R? can be interpreted as the
domain space for x¢ orx/ . In this optimal transport problems, one constraint for the transportation map
T from a measure ji; to a measure fi;41 is the so-called “measurement-preserving”, i.e., T#1; = fi41.

Here, # represents the push-forward operator, such that for any measurable x C R?, T#u,(z) =
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pi(T~(z)). Among all the measurement-preserving maps, the optimal T is the one that minimizes the
transportation cost.
Since we can only observe gene expressions for sample cells at each time points, we focus on the case

where the measures are discrete. The measures ji; and 4,41 for gene features at time points ¢ and ¢ + 1 are

defined as:

1 & 1 &
He = N Z o, and  pypq = N Z 5t+1j (3.7)
i=1 j=1

where §, is the Dirac measure at location z € R¢ and where the position of the supporting points are
X, = {Xti}?;p where x;, € R9. Denote X; = (Xt,, Xty - - -, Xz, )T . In discrete cases, the transport
T from 14 to f1;11 can be denoted as T(X) = XX, where ¥ is an n;4; X n; matrix. In this paper, we
consider the equal-size mapping, i.e., n; = n411. Notice that in this case, the transport between X, and
Xi41 is a one-to-one assignment with permutation, 3 then can be regarded as a “permutation” matrix
with the (7, j)th element:

1 lfT(XtJ) = Xt+1ia
Ez’,j = . (38)

0  otherwise
Furthermore, the transportation cost C'('T') defined in (3.6) can be calculated as:

ne Nt+1

C(T) = Z Z c (th,Xt+1i) 2 (3.9)

i=1 j=1

where ¢(xX;;, X;41,) can be interpreted as the energy required to transform an individual cell from the

t+1

stage as X§- to the stage as X; . The optimal transport map T then can be calculated through:

ng MNt+1

HlEiH Z Z c(Xe;, Xe41,) B - (3.10)

i=1 j=1
In general, the optimal transport cell linking process can be summarized as the following three steps:

¢ Estimate empirical gene feature distributions zi; and ;11 asin (3.7).
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* Find an optimal transport map T from g to p41 through (3.10).

* Apply T to obtain the cell-to-cell coupling from X to Xy .

3.4.2 Individual cell trajectories by smoothing spline models

After we linked the cells from different time points, we can obtain the individual cell couplings at time
points t and ¢ + 1. We then link cells for all time points based on the cell couplings to construct each cell’s
coarse individual cell trajectories across the timeline. Those cell trajectories are smoothed to reduce the
estimation variance in CellST by utilizing the smoothing spline models. Smoothing spline models are a
versatile family of smoothing methods that are suitable for both uni-variate and multivariate problems
(Gu, 2013). We focus on the uni-variate problem and briefly illustrate the basic idea of smoothing spline
models. To construct the proposed smoothed cell trajectories, we use equation 3.11 to model the behavior
patterns of the gene expression along the individual cell trajectory. Let ¢ represent the time points in
time course dataset and g; represent the gene expression for the aligned individual cell trajectories. As the
genes are co-expressed with each other, we can model the gene behavior patterns using a smoothing spline

mix-effect model with {g;, t;}_; as the observations (Gu & Ma, 2005):
gi=nt)+zb+e (3.11)

i = 1,...,n, where the regression function 7 () is assumed to be a smooth function on the genes
domain space in a cell. 7 (¢;) are the fixed effects and z! b are the random effect with b ~ N (0, B) and
g; ~ N (0, 02). The random eftects are used to account for the co-expressed genes in one individual cell
trajectory. The model terms 1)() or n(z) + z” b will be estimated using the penalized (unweighted) least

squares method through the minimization of:

1 & 1
- S (9 —n(t;) —2Tb)* + ~b'Sb + A (n) (3.12)
=1
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where J(n) is used to quantify the smoothness of 7, and A is the smoothing parameter controlling the
trade-oft between the goodness-of-fitand the smoothness of 1) (Gu, 2013; Wahba, 1990). Consider the min-
imization of the least squares estimation (equation 3.12) for 7) in a d-dimensional space span {&1, ..., &, }.

Functions in the space can be expressed as:

d

n(x) =Y c&x) =€ (x)c (3.13)

i=1

Plugging equation 3.13 into equation 3.12, thus 7) can be estimated by minimizing:
(g — Rc — Zb)" (g — Rc — Zb) + b'Yb + nic’ Qc (3.14)

With the standard formulation of penalized least squares regression, the minimization of equation 3.12
is performed in a so-called reproducing kernel Hilbert space H C {n : J(n) < oo} in which J(n) is
a square seminorm, and the solution resides in the space Ny @ span { R, (x;,-),i = 1,...,n}, where
Ny ={n: J(n) = 0}isthe null space of J(n) and R (-, -) is the so-called reproducing kernel in H SN/.

The solution has an expression:

77(95) = Z du¢u(£) + Z 61RJ (xh .73) (3'15)

where {¢, }7"_, is a basis of NJ. It follows that R = (S, Q), where S is nx m with the (i, v)th entry
¢y (;) and Q is n x n with the (i, j) thentry Ry (x;, ;) . In the smoothing spline model, the estimation
of  is highly related to the choosing of the smoothing parameter . We choose the smoothing parameter
A by Generalized Cross-Validation (GCV) (Gu, 2013; Wahba, 1990). Since there are d gene expression
patterns over ¢ time points for each of the individual cell trajectory, the smoothing spline model estimates

one expression patterns for individual cells and smooth the expression patterns.
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3.4.3 Dynamic gene networks

We consider the connection of two genes to be dynamic and the relationship may smoothly change. Sup-
pose we want to study the dynamic relationship of the /th gene and sth gene, where 1 < [, s < p, [ # s.
Denote X i<l> (t) and X7 (t) as the [th gene and sth gene’s expression values of individual cell trajectories
i,and i = 1,--- ,n. By taking Ith gene as the response and sth gene as the covariate, we consider the

functional concurrent linear model,

X0(t) = B O)X (1) + ey (3.16)

ls
& >s are i.i.d. random errors

where 3% (t) models the dynamic linear relationship between two genes, £/
with mean zero and constant variance. We estimate 3 (¢) by minimizing the following penalized least

squares functional,

n

K 2
%K > (X0 (te) = B9 (t) X (1)) + AT (M) (3.17)

i=1 k=1

where J is a quadratic functional denoting the roughness penalty on 3. Throughout this paper, we
consider J () = [,.(8™)?dt. We assume that the unknown function 3% is smooth and resides in a
reproducing kernel Hilbert Space H. A > 0 is the smoothing parameter balancing the trade-off between
the goodness-of-fit and penalties.

By decomposing the space H as H = Ho @ Hi, where Hy = {5 : J(B) = 0} is the null space of
J(3), and H; is the orthogonal complement of #; in H. With the representer theorem (Wahba, 1990),

the optimizer of 3.17 can be written as

Aé\l ! Z dev + Z Z Czk:Rl zk:a (3.18)
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where {1, }I""; is the basis function of the m-dimensional null space H, and R (-, -) is the reproducing
kernel of H1. d,, and c;;, are the coeflicients. By Plugging equation 3.18 to equation 3.17, we can yield
the estimation of ¢ = (¢1, -+, Cix, ** ,Cnl, > )L and d = (dy, -+ ,dig, -+ ,dp1, -+ dui) T,

which follows,
c= (M- MS(STM ') sTM ) XU X!
X (3.19)
d=(S"M'S) "M 'Xx

where X = diag((X®7,- -+, X©T)) withthevector X7 = (X (ts1), - - -, X* (t:ix))T, X =

n K3

(X7 XOTNT with the vector X = (X (ti1), - -+, XV (tix )T, S = (ST, - -+ ,8T)T with

the (k, v)th entry of the K x m matrix S; equals to 1, (t;1) X" (tir), M = X®QX® + nA\land Q
is the n /X' x nK block matrix with the (7, j)th block is the K x K matrix with the (k, u)th entry equals

to Ry (tik, tju). Thus, the estimation of 5% (¢) can be written as
pbs (t) =y d+¢"c (3.20)

wheret) = (Y1(t), -+, (1)) and& = (Ri(tin, 1), -+ Ra(tag, t), - Ra(tar, 1), -, Ra(tue, 1)
Note that %% (¢) models the dynamic linear relationship between Ith gene and sth gene, and 3% (¢g) =
0 means the correlation between gene [ and gene s to be o at the time point ¢y. Naturally, for the time
point ty, we need a threshold (%) to decide whether make a connection between these two genes by
checking whether | 3%% (t5)| > (o). We then derive the 100(1 — a)% confidence band of 3% () to

decide the connection threshold. We adapt the Bayes model in (Gu, 2013) and get the posterior variance

of 39 (t) satisfies

1

Var [349(t) | X, X0] = na—[; (31 (t,1) + 97 (STM'S) " op — 20p"d — ch§> (3.21)

where
ce— (M- M'S(S"M'S) T STM ) X g
. (3.22)
de = (S"™™M'S) " STM X ¢
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Using equation (3.21), we can estimate the posterior variance of 3% (¢y) and write as 7 (¢,). Thus,
by setting the significance level at o, we make a connection for gene [ and gene s at time point £ if
1% (t0)] > zaj2y®® (to) and [0 ()| > 227" (to), where 2a s is the 1 — a/2 quantile for

standard normal distribution.

3.5 Individual cell trajectories in different pathways

In the mouse cell reprogramming dataset, we constructed individual cell trajectories for gene sets in six

different pathways. Those trajectories patterns were compared with Waddington-OT method.

2 pluripotency Pathway b Cell Cycle Pathway € Trophoblast Pathway

074 124

@® Estimated Expression of Cells

Expression
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® Estimated Expression of Cells
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Figure 3.9: Individual cell trajectories constructed by CellST for all pathways estimated for the mouse reprogram-
ming dataset
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CHAPTER 4

NOVEL ANALYSIS PIPELINES WITH
APPLICATIONS IN BIOINFORMATICS,
HuMmMaN DyNaMIic Bigc DATA AND

BioroGgicAarL BEHAVIORS DATASET

4.1 Introduction in locomotor behavior and human dynamic

With the rapid development of science and technology, large and complex data have been generated in
many science areas especially with biological science and human health care. In this chapter, I propose
a series of novel analysis pipelines that focus to elucidate the complex large scale data generated from
wearable device that measures human dynamic as well as modern biological dataset including locomotor

behavior data and Next-Generation Sequencing (NGS) dataset.

Locomotor behavior data The locomotor behavior data of zebrafish is of high-throughput, time-
related and involves both experimental and biological variables. Its systematic studies have provided new

insights into neurobiology, pharmacology, and toxicology. However, the complexity of these locomotor
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data has created challenges in data analysis, which may potentially limit the advancement of neurobehavi-
oral studies. To address the challenges brought by high-throughput behavior data, we have established a
coherent statistical analysis framework for analyzing such data. In this section, I compared the time-related
behavior profiles of zebrafish in several commonly-used scenarios. This study addressed the normalization
need by establishing an approach based on linear-regression modeling. The model was established using a
dataset of visual-motor response (VMR) obtained from several strains of wild-type (WT) zebrafish col-
lected at multiple stages of development. This normalization approach explicitly modeled the effect of
some systematic variations on VMR, such as the light emitted by the machine and biological replicates.
This method also normalizes the activity profiles of different conditions to a common baseline. This
approach is versatile, as it can incorporate different normalization needs as separate factors. In this section,
I performed the Hotelling’s T-squared test and the High-Dimensional Hypothesis test for zebrafish drug

screening.

Human dynamic data The human dynamic trajectories data collected through wearable devices con-
tain continuously precise GPS and physical activities. Such data can be used to study the dynamic patterns
of human behavior (Barabasi, 2005). Employees working full-time in Georgia state were recruited for the
study. Participants were asked to wear GPS devices and Physical Activity Monitors at the same time for up
to two weeks to capture geolocation data aligned with their physical activities. GPS data were sampled at
30-seconds epochs and merged with the accelerometer data using the Personal Activity and Location Meas-
urement System with the default settings. Data contain steps, longitude, latitude, elevation change, and
activity intensity on each 30s time segment (Gay et al., 2018; Gay et al., 2017). Candidates were separated
into the office worker group and non-ofhice worker group based on their job functions.

The goal is to learn the dynamic patterns in the two groups of candidates. The best way to represent
human dynamic patterns is to build trajectory networks for candidates (Sun et al., 2019). The nodes are
candidate’s frequent visiting places such as home, workplaces, favorite grocery stores, or restaurants. The
nodes also contain information about the candidate’s visiting time and physical activities in the nodes.

One candidate can be represented by one network graph. We propose a two-layer graph convolutional
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network (GCN) framework for graph classification on the data and achieve > 85% on the testing accuracy
(Kipt & Welling, 2016; Schlichtkrull et al., 2018; Ying et al., 2018).

To train and learn the graph neural network in such a large-scale human dynamic network efficiently,
we first batch multiple graphs together to form a mini-batch in each training epoch. A batch of graphs can
be viewed as a large graph that has many disjointed connected components. Secondly, we implement and
deploy the proposed GNN model on a decentralized computing platform (G. Zhang et al., 2019; Zhao
etal., 2019; Zhu et al., 2019). To optimize the representation of a target node in a graph, we only need to
look up the representations of its direct neighbors. In this situation, the human dynamic network G has
to be formed as adjacency lists (i.e., each record contains one target node and all of its neighbors together)
first. Then the whole set of adjacency lists is divided into several parts and stored in the memory of several
machines. Hence, the neighbor lookup procedure for a certain node will only happen in one machine,
which contributes to shorten the communication time between different machines and make the training

procedure efficient

Arabidopsis root microbiota metagenomics study. Plants are naturally associated with root micro-
biota, which are microbial communities influential in hosting fitness. Thus, it is important to understand
how plants control root microbiota. Epigenetic factors regulate the readouts of genetic information and
consequently many essential biological processes. However, it has been elusive whether RNA-directed
DNA methylation (RdDM) affects root microbiota assembly. In this paper(kaushalzo2xdicer), I ana-
lyzed the metagenomics data and investigate root microbiota of Arabidopsis mutants defective in the
canonical RADM pathway, including dcl234 that harbors a triple mutation in the Dicer-like proteins
DCL3, DCL2, and DCL4, which produce small RNAs for RADM. I performed gene analysis using shot-
gun sequencing of the root microbiome. The results demonstrate an important role of the DCL proteins
in influencing root microbiota through integrated regulation of plant defense, cell wall compositions, and
root exudates. Moreover, the canonical RADM is dispensable for Arabidopsis root microbiota. These
findings establish a connection between root microbiota and plant epigenetic factors and highlight the

complexity of plant regulation of root microbiota.
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Monterey Bay marine metagenomics study. Monterrey Bay is part of the California Current ecosystem.
Our collaborator from Marine Sciences Dept at UGA collected a total of 83 microbial samples over two
months from Monterey Bay. Simultaneously, various environmental features were recorded, including
temperature, salinity, oxygen, nutrients, and several other physicochemical and biological parameters. To
perform metagenomics analysis, contigs were assembled using reads in all samples together and binned
by our lab’s analysis tool (MetaGen). I discovered 416 metagenomic bins with their relative abundances
across the 83 samples. To assign each contig bin into an individual genome, I predicted genes and other
marker information. Then I created a multiple sequence alignment based on the identified maker genes
to determine the most likely genomes and classify the contig bins into those genomes. Each binned
metagenome-assembled genome is considered a species. I successfully assigned 241 contigs bins into known
genomes in bacteria and archaea from the database (GTDB). Among those identified genomes, I observed
the dynamic relative abundance of Rbodobacteraceae, which were proposed to be associated with white
syndrome disease in coral. Moreover, I observed bacteria from the family of Flavobacteriaceae, which were
recorded to be associated with rainbow trout fry syndrome or bacterial cold-water disease in marine life.
The rest of this chapter is organized as the following: Section 2 illustrates a project that propose a
new normalization method for zebrafish behavior dataset. Section 3 proposed a new classification analysis
using graph-neural network and smoothing spline models. Section 4 shows some exploratory bioinform-
atics analysis pipeline based on long reads sequencing technology which are called the third generation

sequencing.
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4.2 Multivariate analysis on large-scale behavioural data collected

from zebrafish

4.2.1 Zebrafish behavioural data

Neuroscience research has been revolutionized by experimental approaches that can collect behavioural
data simultaneously from multiple individual animals, including worms (Swierczek et al., 2011), fruit flies
(Branson et al., 2009), rodents (Alexandrov et al., 2015) and zebrafish (Bruni et al., 2014). When these
animals are also perturbed by genetical or pharmacological means, their resulting behavioural data would
reveal the underlying neural circuitry that drives the behaviour (Bruni et al., 2014; Rihel et al., 2010), or
reveal new drugs for treating neurological diseases (Alexandrov et al., 2015; Bruni et al., 2014; Ganzen etal.,
2017). However, these behavioural data are complex in structure and pose many challenges to data analysis.
These challenges must be resolved by appropriate statistical approaches to extract accurate information
from the behavioural data.

To illustrate the data complexity and analytical challenges, we will outline a popular high-throughput
approach for analysing zebrafish behaviour, the visual motor response (VMR). This is a locomotor re-
sponse displayed by zebrafish larvae upon drastic light onset (Light-On) or offset (Light-Off) (Emran
etal.,, 2007; Emran et al., 2008; Ganzen et al., 2017; L. Zhang et al., 2012). In a typical VMR experiment,
zebrafish larvae are arranged in a 96-well plate and stimulated by a controlled light source in a lightproof
chamber. These larvae can have different genotype or are exposed to different chemical treatments. Their
resulting swimming activities are recorded and summarized as number of detected pixels moved in success-
ive frames in the video, or as absolute displacement (Liu et al., 2015). These larvae are usually subjected to
multiple trials of Light-On and Light-Off over the course of a long period of time (i.e. technical repeats).
The experiment is often repeated using independent samples (i.c. biological repeats). The activity of larvae
is then extracted from the video, which in turn results in a huge matrix of activity values of many larvae

over time.
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This experimental design poses challenges to data analysis by traditional statistical approaches includ-
ing t-test and ANOVA (Scott et al., 2016) because they cannot not handle time-series data (i.e. data with
time-dependency). Consequently, the VMR data have been analysed by advance approaches including
repeated-measured ANOVA (de Esch et al., 2012; Fernandes et al., 2012; Kopp et al., 2018; Vignet et al.,
2013) that can handle samples that are repeatedly measured and correlated in time. Our group has also
established Hotelling’s T-squared test (Liu et al., 2015), multivariate analysis of variance (MANOVA) (Liu
et al., 2015), and generalized linear mixed model (GLMM) (Liu et al., 2017) for VMR data analysis. These
approaches take into consideration of unique features of VMR data, such as time dependency among
the VMR of individual animals and joint property of all VMR profiles. They also incorporate potential
sources of batch effect in the analysis, and allow for proper comparisons between difterent sample groups.

These analyses, however, do not address another intrinsic issue of VMR data: these data are collected
from individual larvae subjected to systematic variations that require normalization. For example, under a
particular intensity setting of stimulating light, the larvae in different wells of the 96-well plate may receive
slightly different light intensities from the machine. This issue is created by the physical constraint of light
generation. Inside the machine, the stimulating light is generated by arrayed LEDs. Since they generate
light as point source, they will not evenly illuminate all wells even with a diffuser. When the larvae in
the plate are exposed to slightly different light intensities, their resulting VMR may be slightly different.
Another example of systematic variation is biological replication. When an experiment is repeated, the
biological samples may subject to unwanted variations, including day-day variation in the quality of
the embryos, even when they are collected from the same parents. These systematic variations must be
corrected by normalization, an approach to adjust values measured on different scales to the same scale
for meaningful comparisons between different conditions. In this study, we present a normalization
approach for VMR data based on linear-regression modeling. This model-based normalization handles
different types of systematic biases separately or together, which allows users to choose specific variations

to normalize in their studies. This approach complements the aforementioned statistical analyses for
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VMR data. Together, they establish an essential framework for analysing high-throughput behavioural

data with a similar structure.

4.2.2 Statistical and machine learning analysis

Experimental data The VMR data analysed in this paper were previously collected (Liu et al., 2015)
and were downloaded from the Harvard Dataverse http://dx.doi.org/10.7910/DVN/HTXXKW. The
dataset comprises activities collected from three wild-type (WT) zebrafish strains: AB, TL and TLAB.
For each strain, the VMR data were collected daily from 3 days post-fertilization (dpf) to 9 dpf, using a
standard experimental scheme (see S1 Fig) (Emran et al,, 2007; Emran et al., 2008; Gao et al., 2014; Gao
et al.,, 2016; Liu et al., 2015; L. Zhang et al., 2016). In this scheme, the larvae were arrayed in a 96-well
plate. The plate was placed in a Zebrabox system (ViewPoint Life Sciences, Lyon, France) and received
light stimulus from a light-controlling unit positioned under the plate. The light intensity of each well
was measured by an ILT'9s0 spectrometer (International Light Technologies, Peabody, MA). During an
experiment, the plate was first dark-adapted for 3.5 hours (hrs). It was then subjected to three consecutive
periods of light onset (Light-On) and light offset (Light-Off). Each of those periods lasted for 30 minutes
(mins). Several variables that might affect larval activities were controlled (Liu et al., 2015). For instance, all
experiments were conducted at the same time of the day with the same type of 96-well plate. Each strain
was also individually analysed on separate plates. The research protocol was reviewed and approved by

the Purdue Animal Care and Use Committee (PACUC). The approved protocol number is 1201000592.

Statistical analysis The larval activity was summarized as Burst Duration, the fraction of frames in
each second of the video data that a larva moved(Liu et al., 2015). The larvae were first registered by the
recoding software in the video frame as grey pixels. These pixels were compared between different frames.
A larva was declared moving in a frame if their registered pixels moved more than a preset threshold. The
activity for each larva (i.e. Burst Duration) was reported as the fraction of moving frames in each second.

The normalization in this study was done by linear-regression model. We will first define the group and
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explanatory variables in the model, and then describe the general framework of the model. Group and
explanatory variables: Group variables were used to indicate different normalization conditions in the
model, so that normalization can be conducted for each condition separately or for all conditions together.
The group variables used in the normalization model include biological variations—Strains: AB, TL and
TLAB; and Stage: 3—9 dpf. The group variables also include technical repeats—three consecutive periods
of light onset (Light-On) and light offset (Light-Off).

The main explanatory variables are: (1) light intensity: measured from each well of the 96-well plate,
and (2) biological replicates: two biological replicates were conducted for each experiment. Linear-regression

model: The linear-regression model has the following general form:

yij = x,;8; + € (4.1)

where y;; denotes the observed activity of the ith zebrafish larva in group j fori = 1,...,n;; x;;
denotes a column vector of explanatory variables for the corresponding larva; 3; represents a column
vector containing the parameters of the linear-regression model for the group j, and ¢;; is the error term.
The group j is coded to analyze corresponding specific subset of the data. For example, when j = strain-
AB & Light-On, the model used the observations from the AB strain during the Light-On period for
normalization. Our model also assumed a simple linear relationship between the response and predictors.
The statistical model was analysed using R software. The analysis computing scripts can be found at the
GitHub repository https://github.com/zhanzmr/Normalization_Zebrafish.

We used principal component analysis (PCA) and t-distributed stochastic neighbor embedding (t-
SNE) to evaluate the results of the data normalization, as described below. Principal Component Analysis
(PCA) (Pearson, 1901) is a statistical multivariate analysis tool for dimensionality reduction and data
visualisation. PCA takes the possibly correlated multivariate data matrix as input, uses an orthogonal
transformation to produce a set of linearly independent output called principal components (PCs). This
transformation projects the high-dimensional data in to a low-dimensional space composed of PCs. PCA

defines a new orthogonal coordinate system that best describes the intrinsic variability of the data. The
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variability contains the statistical information of the data set that we need to retain during the normal-
ization procedure. Usually, the high-dimensional data can be visualised by the plotting the first two or
three PCs, which usually capture much of the total variability of the data. In the PCA plot, the shape and
relative locations of the data points represent the variability of the original multivariate data, and should
not substantially change in a good normalization procedure.

In this study, we used PCA to analyse the multivariate VMR data before and after the integrated
normalization. The data consist of the time-series activity profiles of individual larva from different stages
from 2 seconds before light onset to 3 seconds after light onset. The multivariate VMR data (X) were
orthogonally transformed by eigendecomposition, which aims to find an orthonormal matrix P where
Y = PX such that is diagonalized. The principal components of X are the rows of P, or equivalently the
eigenvectors of XXT. The PCA results were plotted in a 2D-PCA plot using the first two PCs. Each
sample point on the plot represented the activity time profile of one individual larva and was also col-
oured according to its corresponding developmental stage. The PCA analysis was implemented using R
software.

T-distributed stochastic neighbor embedding (t-SNE) is a dimensionality reduction and visualisation
tool designed to aid the analysis of multivariate data (Van der Maaten & Hinton, 2008). It uses stochastic
neighbor embedding, a nonlinear transformation, to reduce the dimension of the data. This method
visualises the high-dimensional data by giving each sample point a location in a two-dimensional map,
which can potentially reveal underlying relationship between data points as clusters.

We used the same data as in the PCA analysis for t-SNE analysis with parameter perplexity equals
to 30. The data consist of the time-series activity profiles of individual larva from different stages from
2 seconds before light onset to 3 seconds after light onset. The main algorithm of t-SNE consists of the
following steps: First, we constructed the probability distribution of pair-wise similarity between any pair
of samples to define the neighbors for each sample. Similar samples had a higher probability to be picked,
while dissimilar points had a lower probability to be picked. Second, in the low-dimensional map of

t-SNE, we defined a similar probability distribution for the low-dimensional points similar to each other.
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Finally, we iteratively improved the low-dimensional representation to minimize the Kullback—Leibler
divergence between the two distributions so that they looked as closely alike as possible. The results were
then plotted on 2D t-SNE map with each point representing one individual larva and coloured according
to its corresponding developmental stage. The t-SNE analysis was implemented using R software with

the R package “Rtsne”.

4.2.3 Analysis results

In this study, we used the linear-regression model to conduct normalization of VMR data. We will first
outline the approach for normalization of three different needs, and then illustrate how to integrate several

normalizations needs together in an integrated analysis.

Example 1: Normalization of larval activities obtained from individual wells of a 96-well plate.
In the VMR experiment, zebrafish larvae were arrayed individually in different wells of the 96-well plate.
They were then subjected light stimulation emitted by the light-controlling unit with LED arrays. Since
these LEDs were point light source, the larvae in different wells would receive slightly different light
intensities, even though the emitted light was scattered by a diffuser. To illustrate the light variation, we
measured the light intensities received in the wells of the 96-well plate when the light-intensity output of
the machine was set at 100% (Fig 4.1). The wells in the center received higher light intensity than those in
the corners. This difference in light intensities likely initiated the larvae to display a different level of VMR.
Since this difference was not caused by biological difference, it must be removed by proper normalization
for downstream analysis. To estimate the effect of light-intensity variation between different wells on

VMR, we fit a linear-regression model (1) as follows:

activity ij = ﬁOj + 5” light.intensity ij + €ij (4.2,)

where activity is the observed VMR, 7 denotes the ith observation (i.e. larva), j denotes the group

number (i.e. strain, stage, and technical repeats), and light.intensity is the value of predictor variable
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Figure 4.1: The heat map indicates the light intensity (in W/m2) received by each of the 96-well pate in the VMR
machine, when the light-intensity output was set at 100%. The higher light intensities are represented by yellow
colours, whereas the lower light intensities are represented by blue colours.

for light intensity. The parameters of the model are 5y; and 31;. The parameter [y is the intercept of
the regression line of the group 7, which represents the mean response E(activity); when light intensity
is zero. The parameter 3;; is the slope of the regression line, which indicates the light intensity effect
for the group j, i.e. the change in the mean activity E(activity); per unit increase in light intensity for
group j. The random error term for the ith observation and jth group is denoted as €;;, which is the
deviation of the observed activity from the (unobservable) mean activity. This model estimated the effect
of light-intensity variation between different wells in the 96-well plate on VMR for all different groups.
Then, we calculated the regression residual, the difference between the observed VMR (activity;j)
and the estimated activity caused by light-intensity variation across different wells (light-activity ;; ). This
residual represents the normalized activity of the ith larvae from jth group after removing the light-
intensity effect from different wells. This subtraction would occasionally introduce negative activity values,

which were corrected by adding an offset value fi,fec to keep all normalized activities positive: fioffser >
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min ( light-activity -aj ;;) | for all ¢,j. Together, these calculations would yield light-normalized-activity
(ie. activity ;;— light-activity ;; + s fset ), which could be used for downstream analysis.

In this example, we fit the linear-regression model ?? with the VMR data obtained from 6-dpf TL
larvae from -30 s to 30 s after light onset (i.e. Light-On Stimulus Trials (yellow bars) in Fig 4.7). This

group of data was denoted as j = 1 in the estimated model:
light-activity ,, = 1.907 x 107% — 1.998 x 10~* light.intensity ;1, (4.3)

where light-activity ;; is the estimated activity for ith observation and group 1, the estimates of the re-
gression coefficients are: ,5\01 = 1.907 x 1072 with standard errors s <ﬁ/\01> = 3.715 x 1074, 3\11 =
—1.998 x 10~* with standard errors s (ﬁ/\u> = 3.174 x 107°. Since the slope coefficient of the light
intensity, 3\11, was significantly different from zero (p-value = 3.12 x 10~'?), the variation of light intens-
ity across wells positively influenced larval VMR. The fitted model effectively normalized and removed
the effect of light-intensity variation on larval activities, which became more uniformly distributed across

the 96-well plate (Fig 2).

Example 2: Normalization of batch effect. Many VMR experiments require the analysis of more
than 96 larvae, exceeding the capacity of a 96-well plate that would be analysed in the same VMR machine
per run. Consequently, these larvae were analysed sequentially on different 96-well plates in the same
VMR machine, or in parallel in different VMR machines. These experimental schemes created batch

variations on larval activity, which can be normalized by the following linear-regression model:
activityl-j = BOj + ﬁk]]( batch k?) + €ij, k= 1, ce ,K (4.4)

where activity is the response, ¢ is the i¢th observation (i.e. larva), j is the group number (i.e. strain,
stage, and technical repeats), and I (batchk) is the indicator function such that I (batchk) = 1 when

the activity data come from batch k, otherwise I (batchk) = 0. We assume there are K levels of batch
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Figure 4.2: (a) Heatmaps showing average larval activities in each well of the 96-well plate before (left) and after
(right) normalizing the light-intensity variation across the plate. These larval activities were extracted from 6-dpf
TL larvae from 1 to 30s after light onset. (b) A boxplot of average larval activities before (red) and after (blue) light-
intensity normalization.

effect to be removed. The parameters of the model are y; and By, for k = 1,..., K, and €;; denotes
the random error. The parameter 3 is the grand mean, which represents the mean normalized activity,
E(activity)j, for all observations from group j; the parameter [3; is the batch effect for batch k, which
is the deviation from the grand mean due to the batch effect of batch % for the group j.

To illustrate our approach for normalizing batch effect, we analysed our VMR dataset that contained
two biological replicates conducted on different days in the same VMR machine. We used a subset of the
VMR data obtained from 6-dpf TL larvae from —30 s to 30 s after light change, where we denoted as
group j = 1. We modeled the two replicates as two batches: replicater and replicate2. They were treated

as separate explanatory variables that took two possible values: 1 and o . "1" indicated the activity data

belong to this replicate, whereas "o" indicated the activity data did not belong to this replicate. Therefore,
replicate 1+ repliactez = 1 for each pair of 7 and j. This subset of data was used to fit a model: batch-

activity ;; = 1.207x 1072—1.586x1073 replicate ;;+1.586 % 1073 replicate 2;1, where the batch-activity
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Figure 4.3: (a) Original data without any normalization. (b) Light-intensity normalization. (c) Batch-effect nor-
malization. (d) Baseline normalization. (e) Integrated normalization. In all plots, the activities of larvae at different
stages were plotted from 30 seconds before light onset to 30 seconds after light onset. The solid traces show the
mean activities (red trace: 3dpf, green trace: 6dpf, and blue trace: 9dpf), whereas the ribbons surrounding these
activity traces indicate the corresponding standard error of the pointwise mean activity. The offset value 11 offset
for (b) to (e) was 0.06.
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yi1 is the estimated activity for ith observation in group 1. The estimates of the regression coefhicients
are: Bor = 1.207 x 10~2 with standard errors s (/?01) — 2.885 x 1074 31, = —1.5865 x 1073 with
standard errors s <,§\11> = 4.090 x 10~*. Since we implemented the zero-sum constraint on 317 and
Ba1,ie. B11 + P21 = 0, we have B/\Ql = 1.586 x 1073. The slope coefficient of the light intensity ﬁ/\u was
significantly different from zero (p-value = 1.05 x 10~*), which indicates that the activities from two
replicates are significantly different.

Then, we calculated a regression residual to remove the batch effect from biological replicates. batch-
batch variation (batch-activity ;; ). This residual represents the normalized activity of the ith larvae from
jth group after removing the batch-batch effect. This subtraction would occasionally introduce negat-
ive activity values, which were again corrected by adding an offset value fiof 5+ to make all normalized
activities positive: fi,f fset =>| min( batch-activity i7) | forall4, j. These calculations would yield batch-
normalized-activity (ije. activity ij ;;— batch-activity ;; + fiof fiet), which could be used for downstream
analysis.

To illustrate the effect of batch normalization on the VMR profiles, we again plotted the same Light-
On dataset for TL strain (Fig 4.3¢c). Compared with the unnormalized data (Fig 4.3a), the batch-normalized
activities now share the same mean activity across time. In other words, if we summarize each curve in

Fig 4.3 into its corresponding mean value, they will have the same mean value after batch normalization.

Example 3: Normalization to a common baseline We previously designed a Hotelling’s T-squared
test (Liu et al., 2015) to compare VMR between two samples in a specific time frame. One of the most
important comparisons was the time frame after light change, as this could reveal the difference in light
sensation between groups. This statistical comparison allowed us to evaluate not only visual impairment
in fish mutants, but also drug improvement of their impaired vision (Ganzen et al., 2017; Liu et al., 2015).
However, the success of this comparison relied on an implicit assumption: the two samples displayed
comparable activities before light change. In reality, different samples often displayed varying baseline
activities (Fig 4.3a). This baseline variation must be normalized for an effective comparison of two samples

by the Hotelling’s T-squared test. The baseline can be the grand mean activity across all conditions from
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Figure 4.4: In this study, we proposed to use the average activity of last 30 seconds from the 3.5-hour adaptation
period (i.e. regions under red bar in S1 Fig) as baseline for normalization. The blue line indicates the mean activity
for each second, whereas the red line indicates the grand mean of all activities in the whole 30-second period. Since
the two lines are highly comparable, this suggests the grand mean of the activities is very stable and can be used for
baseline normalization.

a specific time period immediately before light change, for example the last 30 seconds from the 3.5-hour
adaptation period before the light change (i.e. regions under the first red bar in Fig 4.7), because the larvae
should be acclimatized and would be more stable after several hours of adaptation. In fact, the grand-mean
activity 30 seconds before the light change was 0.01024 across all strains and stages (Fig 4.4, red line). It
was around the average activities per individual second during the same 30-second period (Fig 4.4, blue
line), which were stable. Hence, the grand-mean activity could be used for baseline normalization.

The VMR of different groups were then normalized by adjusting the averaged activities of each group
to 0.01024. This was achieved by the following steps: First, we obtain a baseline normalization factor by

fitting a linear-regression model with only intercept term:

aCtiUityij = BBaselineNormFactorj + €ij (45)
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where activity ¢ is the ith observation in the jth group. The parameter of the model, 5pasetineNormFactor;»
can be estimated as B BaselineNormFactor; = V€ (darkActivity;) —0.01024, where ave(dark Activity;)
denotes the average activity from the 30-second time period before the light change for group j. Then, we
calculated a regression residual, the difference between the observed VMR (activity;j) and the baseline
normalization factor B BaselineNormFactor;- Since the calculation might yield negative values for activ-
ities, we again corrected that by adding an offset value /1 offset to make all baseline normalized activit-

ies positive: flofer =

for all j. Together, these calculations would yield

min <5BaselineNormFactorj )

baselineNormalized Activity)ij (z’.e activity;j — Bbaseline NormFactor; T Hog fset>. After this baseline
normalization, all groups will have the same group average, 0.01024 + 1 offset, as the baseline (Fig 4.3d).

These baseline-normalized activities could be used to perform the Hotelling’s T-squared test.

Integrated normalization of VMR data  In the previous sections, we demonstrated how to normalize
different variables of the VMR experiments by linear-regression models. In practice, these variables should
be normalized all at once. The resulting residuals from the model would be free from systematic variations
and can be used to reveal true biological difference between different samples. To illustrate the value of
our normalization approach, we will normalize all three variables outlined in the earlier examples using
the same Light-On VMR data of TL strain at 3, 6, and 9 dpf again. The integrated normalization had
three steps: First, it normalized light-intensity variations in the 96-well plate; Second, it used the residuals
from step 1 as the response variable to normalize the batch effect; Third, it used the residuals from step
2 to perform a baseline normalization. In this step, an offset value . offset = 0.06 was applied. The
result of integrated normalization is shown in Fig 4.3¢. The normalized data were then used for statistical
comparisons by the Hotelling’s T-squared test (Liu et al., 2015) (Fig 4.5). In this example, we analysed
three seconds around the light change to highlight the effect of integrated normalization.

Before integrated normalization (Fig 4.3a), the activity of 6-dpf larvae before light onset was signific-
antly different from that of the 3-dpf and 9-dpf larvae (Fig 4.5, p < 0.0001), whereas the activities of 3-dpf
and 9 dpf larvae were comparable (Fig 4.5, p = o.121). After light onset, the 3-dpf larvae did not display

much activities and was significantly different from the 6-dpf larvae and 9-dpf larvae (Fig 4.5, p < o.0001).
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Before integrated normalization

Comparison Test statistic (p-value)

Stage (dpf) Before light onset (-2-0 s) After light onset (1-3 s)
3vs. 6 115 (0.0000) 208 (0.000e+00)

3vs.9 5.83 (0.121) 535.7 (0.000e+00)

6vs.9 82.8 (0.0000) 13.6 (3.671e-3)

After integrated normalization

Comparison Test statistic (p-value)

Stage (dpf) Before light onset (-2-0 s) After light onset (1-3 s)
3vs. 6 13.2 (0.0132) 117.66 (0.000e+00)
3vs.9 0.188 (0.9795) 66.04 (8.071e-14)

6vs.9 11.4 (0.0152) 94.02 (0.000e+00)

Figure 4.5: The top table contains the test results before integrated normalization, whereas the bottom table
contains the test results after integrated normalization. The corresponding activity plots can be found in Fig 4.3a
and 4.3¢ respectively. In both tables, we presented the comparisons of VMR three seconds before light onset and
three seconds after light onset.

The 6-dpf and 9-dpf larvae, however, displayed a strong Light-On VMR in the first three seconds after
light onset that were relatively comparable to each other (Fig 4.3a; Fig 4.5, p < 3.671¢-3). The situation
was quite different after the integrated normalization (Fig 4.3¢). The normalization brought the activities
before light onset to a more comparable level and changed the shape of the activity profiles after light
onset. In particular, the peak activity of 6-dpf larvae was now substantially higher than that of the 9-dpf

larvae (Fig 4.5, p < 0.0001).

Evaluation of model-based normalization for VMR data Any effective normalization approach
should demonstrate two properties that would make the normalized data reveal the underlying inform-
ation better than the original data. First, the normalization approach should not change the intrinsic
variability of the data. Data variability is the extent to which sample points vary in a data distribution.
The change of data variability is an indicator of whether the normalized data have been distorted or not.
Our normalization procedure should maintain data variability since linear-regression modelling focus on
the mean of the data. Second, the normalization approach should help find a clear and concrete group-

ing pattern for data from different classifications. These two properties were integral components of
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Figure 4.6: In this study, we proposed to use the average activity of last 30 seconds from the 3.5-hour adaptation
period (i.e. regions under red bar in S1 Fig) as baseline for normalization. The blue line indicates the mean activity
for each second, whereas the red line indicates the grand mean of all activities in the whole 30-second period. Since
the two lines are highly comparable, this suggests the grand mean of the activities is very stable and can be used for

baseline normalization.
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our model-based normalization for VMR data, as illustrated by PCA (Fig 4.6 top) and t-SNE (Fig 4.6
bottom).

We visualised the VMR data before and after normalization by PCA. This method transforms the
multidimensional data into fewer orthogonal dimensions called principal components (PCs) that are
uncorrelated with each other. Each PC captures the largest possible variance compared to the next one.
In Fig 4.6 top, we plotted the first two PCs that captured more than 55% of the data variance. The plots
show that i) the normalized dataset has a similar triangular shape compared to the raw data; ii) the relative
location of the individual data points are similar; and iii) the variance explained by PCrand PC2 are similar
before and after normalization (Fig 4.6 top a: 35.64% and 21.74% vs. Fig sb: 35.42% and 22.42%). These
together suggest that the intrinsic variability of the data was maintained by our normalization method.

To reveal the clustering of larva from different stages, we further visualised the VMR dataset before and
after normalization by t-SNE. This method transforms the multidimensional dataset into low dimensional
space by converting the distances in multidimensional space between sample points into probabilities that
represent their similarities. In Fig 4.6 bottom, we plotted the 2D t-SNE map. Before normalization,
the data points from different developmental stages were either scattered randomly on the plot or were
aggregated together (Fig 4.6 bottom a). After normalization, data points from different developmental
stages were clearly clustered together and separated from other stages (Fig 4.6 bottom b). There were
some data points from different stages aggregated in the middle bottom of the figure, probably reflecting
the larvae involved displayed similar behavioural pattern, for example, moving little or not at all during
the experimental period. The t-SNE map in Fig 4.6 bottom b shows a clearer clustering of larvae from
the same stages that display similar behavioural patterns. This clear clustering of data from similar stages

indicate that our normalization approach can reveal patterns in the data closer to the biological nature.

4.2.4 Conclusion on zebrafish behavior data

High-throughput approaches for collecting behavioural data have revolutionized neuroscience research,

when the collected data are properly analysed. These data are often multi-dimensional, as they are con-
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tinually and repeatedly collected from multiple individuals under different kinds of perturbations. One
such experimental approach is called VMR. This assay collects swimming responses from many zebrafish
larvae arranged in 96-well plates over time, which make the data correlated in time and by location. If
the data are collected in very short time frame in seconds, some larvae may not move. The resulting data
will then contain many zero values, which creates a data-imbalance problem. These features of the VMR
data cannot be dealt with by traditional analyses including the t-test and AVONA. In previous studies,
we addressed the time-dependency issue by the Hotelling’s T-squared test (Liu et al., 2015), and the data-
imbalance problem and location-correlation issue by the GLMM (Liu et al., 2017). These new analyses
enable proper statistical analysis of VMR data for the first time. Nonetheless, these statistical analyses did
not address another fundamental issue of these high-throughput behavioural data: the experiments are
often subjected to systematic variations. If these variations are not accounted for, they would affect the
performance of the aforementioned statistical analyses. To address this analytical gap, we established an
approach to normalize the systematic errors by linear-regression modeling.

Our normalization approach modeled the relationship between larval activities (response) and uncon-
trolled systematic variations (explanatory predictors). The resulting regression residuals were then used
as the normalized activities. This approach was flexible because it could easily handle different types of
uncontrolled experimental conditions by adding separate terms in the normalization model. For example,
it handled continuous variables such as light intensity (Figs 4.2 and 4.3b) and baseline activities (Fig 4.3d),
and categorical variables such as biological replicates (Fig 4.3c) These variables can also be normalized
in one integrated model to remove the effect of multiple systematic errors at once (Fig 4.3¢). The linear-
regression model can also be adapted to different sample groups (genotypes strains, and/or stages), and
enabled normalization of selected subset of data.

By removing systematic biases, new patterns can be revealed from the normalized data. For example,
the integrated normalization (Fig 4.3¢) removed the difference in activities due to variation in light intensity
between difterent wells of the 96-well plate. This has changed the activity profile of the individual stages. In

addition, the normalization also brought the activities before light onset to a comparable level, essentially
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30 seconds time interval

- Light-Off - Before Light Change - Light-Off Stimulus Trial & Technical Repeat 1
Light-On - After Light Change Light-On Stimulus Trial Technical Repeat 2

Technical Repeat 3

Technical Repeat 1 Technical Repeat 2 Technical Repeat 3

Light-On Light-Off Light-On Light-Off Light-On Light-Off

L e, Je=

Dark Adaptation

Figure 4.7: Supplementary Figure VMR experimental scheme. This scheme was used to collect the dataset used
in this analysis. In the scheme, the larvae were first dark adapted for 3.5 hrs (long black bar on the left). Then, they
were subjected to three consecutive trials of light onset (grey bars) and light offset (short black bars). Each light-on
or light-oft session lasted for 30 mins. Three technical repeats were also performed in each biological replicate; two
biological replicates were performed for each condition. In this study, we extracted the data from 30 s before light
change (red bars; not to scale) to 30 s after light change (blue bars; not to scale) for statistical analyses. In some cases,
we further restricted the analysis to from 3 s before light change to 3 s after light change.

assuming that was the baseline activities for different groups of larvae. This assumption may not be
applicable to all cases, but it can be used to assess the extent of relative level of larval response upon
light onset. In our case, this normalization clearly shows that the 6-dpf TL larvae responded to light
simulation much stronger than the 9-dpf TL larvae, a conclusion that can only be drawn after appropriate
normalization. The new patterns revealed from the normalized data likely reflect the underlying biological
pattern clearer, as the model-based normalization did not alter the data structure and could cluster data
in the same categories better (Fig 4.6).

Our model-based normalization had several limitations. First, it only handled continuous responses of
larval movement. This limitation can be resolved by using generalized linear model to deal with categorical
response variable. Second, the linear-regression model mainly focuses on the linear relationship between

the response and the explanatory variables. This can be partly resolved by adding higher-order terms of
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explanatory variables. The model can also be generalized through nonparametric regression techniques,
in which no assumption is made on the relationship between response mean and predictors to any specific
class, including linear or quadratic class. This approach can be useful to model the effect of light intensity
as a function of visual sensitivity which operates over several log units. Third, it does not consider the
temporal dependency during the normalization. This can be resolved by adding time-series terms to the
linear-regression model or generalizing it to time-series regression model.

To conclude, our study has implemented the linear-regression model to normalize VMR data. The
normalized data can then be used in downstream analyses including the Hotelling’s T-squared test(Liu
et al., 2015) and the GLMM for statistical comparisons between sample groups. This model-based nor-
malization can be integrated into our framework for VMR data analysis in the following workflow: (1)
Normalization using linear-regression model; (2) Comparing the larval activities of different groups using
Hotelling’s T-squared test; (3) Using GLMM to model the relationship between responses and candidate
predictors; and (4) Combining the results from (2 & 3) to interpret larval activities. This framework
facilitates the dissection of the underlying circuitry that drives VMR, and in turn the identification of
true biological factors that affect the behaviour. We also expect our normalization and analysis framework
applies to other high-throughput behavioural data with a similar structure, and can unveil new insights

into neurobehaviour.

4.3 Graphneural network and non-parametric regression analysis

on human dynamics dataset

4.3.1 Introduction to human dynamic

Human dynamics aim to understand human behaviors using analytical models. It has received substantial
attention in the security and defense area not only for its potential in detecting human anomalies but also

for its capability in containing potential disastrous damages and mental horror in the human society. The
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recent development in wearable devices has revolutionized daily life and inaugurated a new era in human
dynamics study. Advocated by Barabasi who demonstrates that certain human behavior can be modeled
quantitatively using proxy tools (Barabasi, 2005). A large amount of human dynamics papers have been
published with a wide variety of proxies. Wearable device data is a major source of proxies that can be used
to understand spatial-temporal trends from which we can identify abnormal patterns in human dynamics.

The abnormal patterns can be used as an indicator for disasters.

4.3.2 Data collection

Data collected through the wearable devices contain continuously precise GPS and physical activities.
Such data can be used to study the dynamic patterns of human behavior. Employees working full-time at
city or county governments in the state of Georgia were recruited for the study. Participants were asked
to wear GPS devices and Physical Activity Monitors at the same time for up to two weeks to capture
geo-location data aligned with their physical activities. The devices are shown in Figure 4.8(a). GPS data
were sampled at 30-seconds epochs and merged with the accelerometer data using the Personal Activity
and Location Measurement System using the default settings. Data contain many segments and resting
notes, many steps per segment, longitude, and latitude, and activity intensity based on slope and eleva-
tion change per segment. The dataset has a total of 46 variables including spatial coordinate (Latitude,
Longitude), activities estimates, heart-rate, estimated type of trip, and light intensity. There was a total of
78 participants with both sufficient Physical Activity Monitors and GPS devices data available (Gay et al.,

2018; Gay et al., 2017). Figure 4.8(b) illustrates some trajectories of these wearable device data.

4.3.3 Graph classification using convolutional network (GCN)

Our goal is to learn the dynamic patterns in the two groups of candidates. The two groups are office based
workers group and non-office based works group. In this section, We split the dataset into training and
testing. The training dataset contains 44 candidates and the testing dataset contains 10 candidates. The

first step is to transform the candidate’s spatial trajectories into different networks. Then, we build a graph
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Table 4.1: Represent variables description

Variable Name | Description Type Value
dateTime Date and Time of day in 24 hour format String | yyyy-mm-dd hh:mm:ss
lat Latitude of participant’s location at this time Double Degrees .
-180.0, -180.0 if unknown
. L. s . .. Degrees
lon Longitude of participant’s location at this time Double 186.0, -180.0 if unknown
duration Duration of epoch (in seconds) Integer | 30
distance Distance traveled during the epoch (in meters) Integer | o-no max
speed Speed of travel during the epoch (in km/hour) Double | 0.0-9999.0
Pedestrian
. . . . 1 . . Bicycle
tripMode Estimated Mode of Transportation when moving within a trip | String Vehicle
Others

-1if unkown (no data)

. . . . -2 when marked as “non wearing”
vectorMag Vector magnitude during the interval as calculated by the device | Double &

0-9999
-1 - unknown (no data)

lux Value reported by the ambient light sensor Integer 0 - 130,000 (for ActiGraph devices)

® (b)

Travel Pecorder X

Actual size =
1 3/8” square

Figure 4.8: (a) The QStarz BT-1000XT Device. (b) Illustration of sample trajectories in Atlanta-Athens area in the personal
wearable device data. Different color indicate different person’s trajectories.
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neural network model to classify each group of candidates and evaluate the result based on the testing

dataset.
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Figure 4.9: The Density-based spatial clustering of applications with noise (DBSCAN) algorithms.

DBSCAN clustering on spatial points The best way to represent human dynamic patterns is to build
trajectory networks for candidates (Sun et al., 2019). The density-based spatial clustering of applications
with noise (DBSCAN) is a well-known data clustering algorithm that is commonly used in data mining
and machine learning (Figure 4.9). The density at the core point is defined as the number of points within
a circle of Radius Eps (€) from the core point. The dense region defined as the circle with radius € contains
at least a minimum number of points (MinPts) for each point in the cluster.

The main concept of the DBSCAN algorithm is to locate regions of high density that are separated
from one another by regions of low density. The clusters of each candidate indicate the frequently visiting
place such as home workplaces, favorite grocery stores, or restaurants during this period. We collect the
output clusters of each candidate and set it as the node in our trajectory networks. The nodes also contain
information about the candidate’s visiting time and physical activities in the nodes.

Figure 4.10 shows the output of spatial clusters for an office based worker and a non-office based

worker. Figure 4.10 a) is an example of office based worker geo-location trajectories. The worker travel
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Figure 4.10: Trajectories network for candidates: a) An example of office based worker geo-location trajectories.
The right figure enlarge the area in left figure where all clusters are gather together. b) An example of non-office
based candidate’s geo-location trajectories.

frequently from one cluster to another. Those places might indicate the worker’s home and workplace.
As aresult, one candidate can be represented by one network graph and some examples of the candidate’s

network are showing in Figure 4.11.

: A

Figure 4.m: Trajectories network for candidates: Examples of both office based and non-office based worker’s
trajectories network.

Graph classification using GCN  Graph Convolutional Network (GCN) is a very powerful neural network
architecture for machine learning on graphs. Graph classification (Kipf & Welling, 2016; Schlichtkrull

etal, 2018; Ying et al., 2018) is also an important problem with applications across many fields, such as
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bioinformatics, chemoinformatics, social network analysis, urban computing, and cybersecurity. Ap-
plying graph neural networks to this problem have been a popular approach recently (Duvenaud et al.,
2015). For this dataset, we propose a two-layer graph convolutional network (GCN) framework for graph
classification of all candidate’s trajectories network. The goal of this GCN model is to learn a function of

signals/features on different graphs. We take the following as inputs:

1. A feature description x; for every node ¢; summarized in a N X D feature matrix X (/N: number

of nodes, D: number of input features)

2. A representative description of the graph structures in matrix form; in the form of an adjacency
matrix A. Since we input many graphs together, we put graphs together to form a large diagonal

adjacency matrix, which we use here to indicate the graph structures.

The model will produce graph-level output Z (an N x F' feature matrix, where Fis the number of output
features per graph. This is different than node-level output where F is the number of output features per
node. We add a pooling operation before outputting the results. For each convolutional layer, it can be

written as a non-linear function:

HOD = 1 (HO, 4) (4:6)
with H(0) = X and H(L) = Z, L indicates the number of layers. We estimate the output feature matrix
HD using Layer-wise propagation rule:

F(HD A) = o (D—%Af)—%H“)W(”) (4.7)

with A=A+ 1T , where I is the identity matrix and D is the diagonal node degree matrix of A. In order
to train and learn the graph neural network for these human dynamic networks efficiently, we also need
to batch multiple graphs together to form a mini-batch in each training epoch. A batch of graphs can be

viewed as a large graph that has many disjointed connected components. Figure 4.13 shows an overview
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cross entropy averaged over minibatches
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Figure 4.12: The Loss of each epoch in the training process.

of the model. The two-layer graph convolutional network (GCN) framework is showing in figure 4.13
a), this framework goes through two identical graph convolutional layers with ReLu as the activation
function. Figure 4.13 b) shows the input is a batched list of graphs. Then the model goes through graph
convolutional layers. Before the final classification layer, we add a graph readout to average over all node
features for each graph in the batch. Then, the soft classification layer will output the results for each
trajectories graph, not for each node.

Our results perform pretty well as we achieve > 85% on the testing accuracy. Figure 4.12 shows the
measure of loss for each epoch in the model training process. The loss drops significantly in the first few

training epochs.

4.3.4 Analysis using smoothing spline ANOVA model

Differences between occupational worker and non-occupational workers

One common hypothesis on human behavior is that the average activity level during working hours for

occupational workers is higher than non-occupational workers. By analyzing the wearable data, we aim to
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Figure 4.13: a) Typical model for graph convelution netwotk model. b) The workflow of our GCN graph classific-
ation model.

quantify the difference. One challenge when dealing with the data is denoising. Because of the sensitivity
of the wearable devices, almost every movement during the experiment will be recorded, even a very slight
one. Such sensitivity results in a extremely noisy data. We can hardly extract any difference between the
occupational workers and non-occupational workers from the original data. Figure 4.14 shows the activity
levels of two participants during working hours, i.e. 9 AM - s PM on weekdays, one is occupational and
the other is non-occupational. Notice that the data is a time series, and there is a strong periodicity, thus

we first consider transforming the data onto a frequency domain.
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Figure 4.14: Activity levels of two workers during working hours (9 AM - 5 PM), the red line is for occupational worker and
the black one is for non-occupational worker.

Frequency domain A time-domain graph shows how a signal changes over time. Frequency-domain
graph shows how much of the signal lies within each given frequency band over a range of frequencies.
We use the following Fourier Transformation formula in order to transform activities onto the Frequency

Domain.

1
T

T, =

T
S wme Ty =0,1,...,T -1
t=1

3

where is is the activities estimates and t is the time in the time period we choose previously. After the

transformation, we can then denoise the data using certain smoothing method.

Fitting smoothing spline ANOVA models Smoothing spline ANOVA models are a versatile family

of smoothing methods that are suitable for both uni-variate and multivariate problems (Gu, 2013).
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Figure 4.15: a) here total 74 curves in this graph. The black curves represent the participants whose work is non-
office based. The red curves represent the participants whose work is office based. b) The two mean curves represent
two groups of candidates using SSANOVA model.

We estimate 7)() via penalized least squares:
1 . 2 ' " 2
LS (K02 A [ ()%
i=1 0

For each of the participant, The first step is to estimate the frequency spectrum of the participant’s physical
activities by using Fourier Transformation. Because the spectral density is an even function, so we only
needs to estimate the frequency from (o, o.5). After Fourier Transformation, a cubic spline model can
now be fitted to the log periodogram via gamma regression. We define X = (21, 2o, ..., xlm)T tobea
sequence contain ror numbers uniformly from o to o.5. Each X; represents each level of frequency from
o to 0.5. We predict estimates activities for each z; via the cubic spline model. Figure 4.15 (a) shows that
the distribution curves for each participant after predict classified by non-office and office based worker
in frequency spectrum.

We can clearly see the physical activities difference between office based and non-office based works.
Figure 4.15 (b) has only two curves represent two categories in all the participants. This graph shows that

if the frequency level is fixed, non-office workers always have higher activities than office based workers.
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Oppositely, if the activity is fixed, non-office workers tend to achieve this level more frequently than

office-based workers.
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