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Two perspectives of cell fate determination: Systems dynamics and
molecular mechanisms

Albert C Huang

Chair of the Supervisory Committee:

Cell fate determination, the process of transforming a unicellular embryonic cell into

lineage-restricted specific tissues of a multicellular organism, is fundamental to the

process of development. Following the division of a single zygote, how can seemingly

similar neighboring cells ultimately differentiate into disparate cell fates, and maintain

their differences? An understanding of this complex and intricate process is important

for stem cell-based therapies and treatment of cancer.

To provide the necessary conceptual background, we review two complementary

perspectives that aid our understanding of the differentiation process — a systems

dynamics level view and a molecular mechanism level view. We introduce the exper-

imental systems, the diverse types of data collected for this work, and computational

methods to integrate them to arrive at a coherent model.

From a systems dynamics perspective, cell fates can be thought of as attractors in

the high dimensional gene regulatory networks. With this view, we designed experi-

ments that identified a class of genes that are “divergent” in their expression during

the differentiation process. These genes are associated with neutrophil differentiation

and cell cycle progression. Further promoter-based transcription factor binding site

analyses reveal enrichment of factors functionally linked to cancer progression and

neutrophil differentiation, suggesting a systems dynamics view has the potential to

elucidate mechanistic level details.





From a molecular mechanistic perspective, we investigate how T-bet, a Th1 lin-

eage defining transcription factor, functionally regulates its target genes. We experi-

mentally determine genome-wide binding locations of T-bet and target genes that it

regulates. We find distinct genomic signal patterns for genes that are differentially

regulated compared to those that are not. We find that the chromatin-modifying

and N-terminal domains of the T-bet protein are necessary for the regulation of T-

bet targets. Further, T-bet targets are also differentially regulated in other T helper

subtypes.

Both perspectives offer unique insights into the differentiation process. Future di-

rection would include methods to combine both perspectives by modeling mechanistic

details while keeping track of the larger dynamic “emergent” attractor properties of

the network.
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Chapter 1

INTRODUCTION

Violently twitching and writhing its tail, the sperm burrows head first into an

awaiting egg, sparking a union that forms the zygote. Gradually, the zygote divides

into multiple cells, increases in size, repositions itself, and over time, gives rise to

diverse specialized tissue such as limbs, heart, neurons and red blood cells. Stunned.

I was breathless the first time I saw the classic Nova documentary The Miracle of Life

in grade school. Little did I know back then, the question of cell fate determination,

how seemingly similar neighboring cells ultimately gain their respective cell types,

would form the basis of much of my graduate school studies.

Something special must have happened at that magical moment when the sperm

and egg unite. For, on the one hand, a complex and intricate chain of developmental

processes requiring extraordinary coordination could unfold with great precision, yet,

on the other hand, they must be robust enough to be re-enacted countless times, and

conserved across all animals. One is left to wonder if there are general principles that

underlie this paradoxical phenomenon.

1.1 One genome, many cell fates. How does lineage determination oc-
cur?

In 1942, esteemed biologist Conrad Waddington presented the concept of canaliza-

tion, where he noted the discrete nature of cell types: “Animals are built up of sharply

defined different tissues and not of masses of material which shade off gradually into

one another ... it is difficult to persuade it to differentiate into something interme-

diate...” [1]. He depicted a cell fate determination process analogous to that of a
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ball rolling down an “epigenetic landscape” getting funneled into an existing valley

representing a cell fate.

However, the crucial question remains: as all the cells inherit the same genetic

material from the zygote, what are the critical differences between the skin cells, the

muscle cells, or the neurons, that enable each to obtain their respective cell fate?

How can seemingly similar neighboring cells ultimately differentiate into disparate

cell fates, and maintain their differences? In other words, how does lineage restriction

of cell fates occur?

This is the holy grail that developmental biologists have grappled with since the

inception of the field. So fundamental to our understanding of development, the

insights gained have the potential to profoundly impact the treatment of diseases.

Indeed, one of the most successful treatments of acute promyelocytic leukemia (APL),

a type of cancer that affects white blood cells, is a compound named all-trans retinoic

acid (ATRA) [2]. ATRA induces white blood cells to differentiate terminally thus

curbing uncontrolled cell proliferation. Similar approaches are also pursued for brain

cancer and breast cancer treatments.

Likewise, an understanding of the cell fate determination process harbors great

clinical relevance for stem-cell based therapies. These therapies capitalize on stem

cells’ ability to self-renew and differentiate. Transplantation of an individual’s own

stem cells to replace damaged tissues and generate functional cells offers hope for

the treatment of diverse diseases such as type 1 diabetes [3], Parkinson’s disease [4],

spinal cord injuries [5,6], and muscle impairments [7,8]. Understanding how seemingly

similar neighboring cells gain their respective cell fates therefore holds the key to more

effective clinical treatments.

1.2 Organization of the thesis

During my graduate studies, I undertook the study of cell fate determination from

two complementary perspectives: a systems dynamics view and a molecular mecha-
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nistic view. The experiments were conducted in two lineage branching points of the

hematopoietic systems, one in the neutrophil differentiation, and the other in the T

helper cell differentiation.

Chapter one and two contain the necessary background for this thesis. In chapter

one, I present the overarching question of cell fate determination and motivate its clin-

ical relevance. Brief introductions to systems dynamics and molecular mechanisms

are provided, as well as materials on neutrophil and T helper cell differentiation. In

chapter two, I introduce the various experimental and computational types of data I

generated or collected from genomic data repositories, and describe how to combine

them. Chapter three describes how a systems dynamics perspective can be utilized

to help design experiments to reveal mechanistic insights. Chapter four then takes

a molecular mechanistic perspective and presents how a lineage determining tran-

scription factor, T-bet, regulates its target genes. Finally, in chapter five, I conclude

with the utilities of both perspectives and suggest future efforts to unite the two

perspectives.

1.3 Understanding differentiation at the genome-wide level

Global genome-wide measurements are becoming ubiquitous. Advances in high through-

put measurement technologies such as cDNA microarray, high throughput sequencing,

mass spectrometry, and many others are now making global measurements routine.

This new deluge of data pushes the focus of understanding biological processes from

the single-gene level to the genome-wide level.

In this thesis, the larger problem of cell fate determination is approached from two

separate perspectives. The background for these two perspectives is introduced in this

section. Though genome-wide measurements are utilized for both perspectives, they

are distinct in their focus. In the systems dynamics perspective, the emphasis is on

the state of the networks and their ‘emergent’ patterns, taking networks as a whole

into consideration. The molecular mechanism perspective, on the other hand, focuses
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more on mapping out mechanistic details of individual molecular factors, attempting

to answer questions about the molecular machineries that produce distinct cell fates

by interrogating binding locations of transcription factors, interactions with other

transcription factors or epigenetic factors, the status of chromatin, and accessibility,

in essence — classical molecular biology pushed to the genome-wide scale.

1.3.1 A systems dynamics perspective

Much of the theoretical foundations of the systems dynamics perspective we undertake

was proposed by Stuart Kauffman in the 1960’s from his study of the behavior of

Boolean networks [9].

To see the dynamic changes of the system over time, a notion of state is required.

Let S(t) be the state of the network at time t. S(t) = [x1, x2, x3, ..., xn] represents

the expression level of a network of n genes, with xi the expression level of gene i.

Gene expression at a given time then is a point in the possible N-dimensional state

space. The state space represents the collection of all possible states of the network.

For illustration purposes, we will take a simple two-gene example (n = 2). The

expression of these two genes can be represented as a vector where S represents a

point in our 2-dimensional gene expression space.

S(i) = [x1, x2] (1.1)

where x1 and x2 are the gene expression levels for genes 1 and 2. State vector S

of value [10, 12] then means gene 1 has an expression level of 10 and gene 2 has an

expression level of 12. If expression values over time t are available, the state of the

network can be monitored and represented separately. For example, expressions of

the network for t=1, 2 and 3 can be represented as a series of three vectors

S(1) = [10, 12], S(2) = [10, 14], S(3) = [5, 10] (1.2)
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Since genes are part of a regulatory network, they can influence the expression of

each other, creating dynamic changes over time. The existence of these regulatory

influences prohibit parts of the state space from being occupied. For instance, using a

simplified binary discretization of On and Off, in our simple two-gene example, if gene

1 represses gene 2, and gene 2 represses gene 1, then expression levels of both genes 1

and 2 cannot both be On, thus making the parts of the state space that represent high

expression levels for both genes unavailable. This phenomenon is general to networks

of genes where n is much larger, since regulatory constraints must be satisfied.

Over time, the state of the gene regulatory network can ‘settle’ into a stable pat-

tern of expression called an attractor. In our simple example, two attractor states

exist, namely, [On,Off] and [Off, On]. Nearby unstable initial states that transition

into the attractor constitute the basin of attraction. Paths traced out by the gene reg-

ulatory network leading toward the attractor form state trajectories. In more complex

networks with up to a hundred thousand genes, Kauffman demonstrates that hun-

dreds of stable states, or attractors can arise naturally [10]. Further, he hypothesizes

that cell types (fates) are the attractors in high dimensional space, conforming to

Waddington’s notion of an epigenetic landscape. More recently, Sui Huang provided

experimental evidence supporting this hypothesis [11, 12].

In summary, the systems dynamics perspective is useful in that it provides an ex-

planation to the larger question of cell fate determination, that because of the topology

of the underlying gene regulatory network, attractors or cell fate automatically arise

as a natural consequence.

1.3.2 A molecular mechanism perspective

Whereas the emphasis of the systems dynamics perspective is on the global properties

of the network, the emphasis of the molecular mechanism perspective is on the details

of the molecular machinery that regulates tissue-specific gene expression.

From this perspective, tissue-specific gene expression is achieved through the ac-
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tions of lineage-determining transcription factors. Much like switches in a circuit,

transcription factors can turn ‘On’ and ‘Off’ the expression of genes. And as the

name ‘lineage-determining’ implies, these factors control the expression of genes spe-

cific to a lineage by activating genes inherent to a lineage and repressing genes for

alternative lineages. Frequently, this is accomplished by binding to the promoter

regions of the target genes, activating transcription by stabilizing the general tran-

scription machinery, or repressing transcription by blocking access to binding sites

from other competing transcription factors.

However, the genome is normally tucked away in highly organized hierarchical

structures with multiple layers of control to monitor access to the underlying se-

quences. In order to fold the two meter long DNA into a nucleus with a diameter of

10 micrometer, DNA is wrapped around histone octomers comprised of H2A, H2B,

H3, and H4 to form basic units of nucelosome, which can themselves be further packed

into more condensed structures. The state of the chromatin reveals much about the

process of gene regulation [13]. The DNA-histone complex, or chromatin, exhibits

states that are correlated with active or repressed states of transcription. For exam-

ple, covalent modification of N-terminal histone protein H3K4 with tri- methyl group

(H3K4me3) is associated with active transcription and modifications of H3K27 with

tri-methyl group (H3K27me3) is correlated with repression [14]. Special enzymes

are required to dynamically alter these histone marks: for the deposition of methyl

groups, the histone methyltransferases [15,16]; for removal, the demethylases [17].

For a lineage-determining transcription factor to regulate its target genes, it would

be beneficial to have the capacity to affect the local chromatin environment of the

targets. Interestingly, the above mentioned histone demethylase and methyltrans-

ferase do not recognize specific DNA sequences that localize them to target genes.

How do they know where to go? Recent experimental data suggests that lineage-

determining transcription factors can bring methyltransferases and demethylases to

their target genes and affect the local chromatin environment. Indeed, T-bet, a
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lineage-determining transcription factor for Th1 differentiation can physically inter-

act with demethylase Jmjd3 to remove the repressive H3K27me3 mark and recruit

methyltransferase, Set7/9 to put on the active H3K27me2 mark [18].

In addition to interactions with enzymes that affect chromatin states, lineage

determining transcription factors can also interact with other transcription factors

to collaborate and modify an existing gene expression pattern. For example, T-bet

recruits Bcl6, the lineage determining transcription factor for follicular T cells, to

repress expression of Th1 target genes, Socs1, Socs3, and Tcf7 [19]. Further, T-bet

can interact with the transcription factor Runx3 to activate the expression of Th1

cytokine Ifng and silence Th2 cytokine Il4 [20, 21].

Recently, rapid improvement of high-throughput sequencing technology enabled

techniques such as chromatin immunoprecipitation (ChIP) and DNAse I hypersensi-

tivity to be applied on a genome-wide scale. Along with gene expression data such as

cDNA microarrays and RNA-Seq, we now have, potentially, a compendium of data

spanning from physical binding of interacting transcription factors, histone modifica-

tions, chromatin accessibility, to functional consequences of mRNA expression levels.

Computational methods to decipher relationships between these diverse types of data

has the potential to reveal important biological insights.

1.4 Hematopoiesis as a tractable model system

Hematopoiesis, the developmental process that generates diverse blood cells such as

T cells, B cells, neutrophils, and macrophages, offers an experimental system for

the study of cell fate determination [22]. Compared to cells lodged in solid tissues,

hematopoietic cells are discrete entities that are isolated with relative ease from blood

and tissues. Many hematopoietic cells are available as in vitro cell cultured systems,

making experimentation on them more efficient.

In this section we provide the background on two hematopoiesis transition branches,

namely, the neutrophil differentiation process and the T helper cell differentiation
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process. Studies of neutrophil differentiation are conducted from a systems dynamics

perspective, using the HL60 cell line, while studies of T helper cell differentiation

are conducted with a molecular mechanism perspective from primary mouse CD4+ T

cells, or T-helper cells.

1.4.1 Neutrophil differentiation

Neutrophils play a fundamental role in the fight against microbial pathogens. As the

most abundant member of the white blood cells, they circulate around the body sens-

ing and tracking chemical signals originating from microbes, then engulf and kill the

microbes with the bacterialcidal granules that they carry. They release inflammation

signals that instruct other immune cells to converge at the site of infection. Neu-

trophils are an integral part of the innate immune pathogen recognition system [23].

The neutrophil differentiation process is accompanied by a series of hallmark mor-

phological changes. Progenitors known as myeloblasts exhibit a characteristically

enlarged nuclei. They develop azurophilic granules containing myeloperoxide elastase

as they become promyelocytes. A decrease of the nucleus size with a concave shape

and the appearance of additional lactoferrin granules signal the transition into mye-

locytes and metamyelocytes. As the nucleus further decreases in size and becomes

multi-lobular, neutrophils mature into segmented or polymorphonuclear granulocyte

with gelatinase granules [23].

Our study of neutrophil differentiation relies on the HL60 cell culture, a human

promyelocytic leukemic cell line isolated by Collins et al. from a female patient with

acute promyelocytic leukemia [24]. Addition of chemicals such as All Trans-Retinoic

Acid (ATRA) induces HL60 cells to terminally differentiate into neutrophils from

promyelocytes. In chapter three of this thesis, we present our results of utilizing

the concept that cell types are attractors in high dimensional space to help design

experiments that reveal mechanistic details of neutrophil differentiation.
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1.4.2 Th1 cell differentiation

CD4+ T cells, otherwise known as T helper cells, are integral to the adaptive immune

response. They interact with various immune cells to help coordinate a coherent

response to pathogens. T helper cells activate macrophages to make them more

phagocytic, facilitate the production of antibodies with B cells, and enhance the

cytotoxic capabilities of CD8 T cells. Depending on the cytokine environment and

the stimulation signals they received, naive CD4+ T cells can differentiate into diverse

subsets including Th1, Th2, Th17, inducible T-regulatory (iTreg), and follicular T

cells (TFH) [25, 26].

Each subset of the T helpers cells is tasked with defined functional roles. Th1

cells are essential for the clearance of intracellular pathogens; Th2 are important for

the removal of extracellular parasites; Th17 cells are necessary for the elimination

of extracellular bacteria and fungi; regulatory T cells are indispensable to establish

immune tolerance; follicular T cells are requisite for the activation of B cells.

To fulfill their diverse functional roles, T helper cells secret cytokines to signal

and coordinate immune responses: Th1 cells secret interferon-γ (IFNγ); Th2 cells,

IL-4, IL-5, IL-9, IL-13, and IL-25; Th17 cells, IL-17a, IL-17f, and IL-22; iTreg cells,

IL-10, IL-35, and TGFβ; and Follicular T cells, IL-17 and IL-21. In chapter four, we

focus on how T-bet, the lineage-determining transcription factor for Th1, regulates

its target genes to affect the Th1 gene expression pattern [27].
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Chapter 2

INTEGRATING EXPERIMENTATION AND
COMPUTATION

In chapter one, our emphasis is on the question of cell fate determination and

providing conceptual background materials from systems dynamics and molecular

mechanisms perspectives. In chapter two, we shift our focus towards the experi-

mental contexts, the computational data sets, and integration methods (how we put

experiments and data together).

2.1 Types of data utilized in this thesis

In this section, we introduce a series of diverse data types utilized in this thesis.

Within the description of each data type, we aim to address the following three

questions: 1)What is the data? 2)How is it generated? 3)Why is it needed?

2.1.1 Flow Cytometry

Flow cytometry is a way to measure physical and chemical characteristics of single cells

from a population. Suspended in liquid, cells are lined up single file through the flow

cytometer, giving electronic detectors diverse readings including forward scattering,

side scattering, and fluorescence. When antibodies are conjugated with fluorescent

molecules, the flow cytometer detects microscopic events targeted by the antibodies.

In the context of our studies, we use flow cytometry to detect the presence of CD11b,

a well-established cell differentiation marker for neutrophils. Thus, by looking at the

CD11b expression, we can determine the stage of differentiation for a population of

cells.



11

2.1.2 DNA Microarray

DNA microarray technology enables genome-wide survey of mRNA gene expression.

With sequenced genomes and gene-finding algorithms, the mRNA parts lists become

available for gene-specific probe designs. Large arrays of probes representing genes

are lined up on solid surfaces and hybridized to cDNA conjugated to fluorescent

molecules from biological samples. Based on fluorescent intensities of the hybridized

spots, quantitative expression of individual genes can be determined.

As a general tool for gene expression, DNA microarrays are frequently utilized

downstream of experimental perturbations to measure their functional effects. In our

work, we used them in three experimental contexts:

1) Time point gene expression: We collect samples of RNA for a population of cells

over time. Comparisons for individual genes over time reveal rich dynamic responses

to the cell fate determination process. In our context, we collect gene expression

measurements over the course of neutrophil and Th1 differentiation. These data sets

help us identify genes that are differentially expressed during these processes.

2) Cell type gene expression: Gene expression of subsets of T helper cells — Th1,

Th2, Th17, iTreg, and nTreg — are available in the Gene Expression Omnibus (GEO)

data repository. We collect expression of these cell types to identify groups of genes

that are preferentially regulated for a given cell type.

3) Retroviral transduction: Retroviral transduction is a way to use retroviruses to

introduce foreign DNA into cells, and study the effects of this over-expression. In our

experiments, we use retroviruses to express wild type and mutant T-bet proteins in

CD4+ T-bet−/− CD4 to study the effects of T-bet proteins.

High-throughput sequencing
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Following a Moore’s Law-like trajectory of technological advancement, high-throughput

sequencing technologies now produce gigabases of highly accurate sequences in a few

days. With the help of reference genomes and computational methods, these se-

quences are stitched back and aggregated to generate genome-wide views. Not sur-

prisingly, a number of traditional molecular biology techniques have been adapted

to exploit this new capability. Classic assays such as chromatin immunoprecipitation

(ChIP) and DNase I hypersensitivity are extended to high-throughput settings. These

two data types are incorporated in our analyses.

2.1.3 ChIP-Seq

ChIP is an experimental technique that identifies interactions between protein and

DNA. Cross-linked to proteins by formaldehyde, genomic DNA sequences are soni-

cated and pulled down by antibodies targeting specific proteins. Traditionally de-

tected by user-designed primer sets with polymerase chain reactions (PCR), these

sequences are now detected by high-throughput sequencing, allowing investigators to

survey interactions between their protein of interest and the whole genome.

1) Histone methylation: As mentioned in the previous chapter, histone methyla-

tion marks such as H3K4me3 and H3K27me3 are associated with active and repressive

transcriptional states, respectively. These methylation marks reveal the epigenetic

status of the genome and provide additional clues to transcriptional regulation. In

our study, we investigate the relationship between various histone methylation marks

and gene expression to identify genomic signals correlated with functional regulation

by the transcription factor T-bet.

2) Transcription factor: Transcription factors can bind to promoter region of

genes, recruit general transcriptional machineries to commence transcription. Thus,

a knowledge of the transcription factor binding locations offers important cues to the

genes regulated by the transcription factor of interest. In our experiment, we identify

the locations of T-bet bindings to find genes regulated by T-bet. Furthermore, we
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examine close-by transcription factor binding sites which mark likely candidates of

co-regulation.

2.1.4 DNAse I hypersensitivity

DNase I hypersensitivity is a technique to determine regions of the genome that are

open and accessible. DNases are enzymes that digest unprotected, nucleosome-free

DNA sequences — regions that are frequently associated with regulatory elements.

When coupled with high-throughput sequencing, this assay has the potential to reveal

functional regulatory elements on a genome-wide scale. In our analysis of Th1 dif-

ferentiation process, DNase I hypersensitivity data for Th1 and Th2 are downloaded

from the ENCODE project to investigate relationships between regions of accessible

chromatin and transcriptional regulation.

2.1.5 PhastCons score

The PhastCons sequence conservation score is a measure that sheds light on regions

of the genome that are functionally important [28]. Evolution is a powerful force

to preserve what works and discard what does not. Presumably regions conserved

across species serve notable functions. Available from the UCSC genome repository,

phastCons reports the multiple sequence alignment scores resulting from aligning 29

other vertebrate species to mouse. In our study, we examine the relationship between

regions of high sequence conservation scores and transcriptional regulation.

2.2 Integrating approaches in this thesis

In addition to the differences in emphasis mentioned in the previous chapter between

the systems dynamics and molecular mechanism perspectives, we present, in the next

two sections, two approaches of how we integrate experimentation and computation.

The two approaches are contrasting — while we take a “theory drives experimental

setup” stance for the systems dynamics perspective; a “data drives computational
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model building” approach is taken for the molecular mechanism perspective.

2.2.1 Use of theory to inform experimental setup

In our study of neutrophil differentiation (systems dynamics perspective), we take

for granted the concept of cell types as attractors in high dimensional space, knowing

that experimental evidence also supports this view. With theory in mind, we designed

experiments to exploit this knowledge.

Specifically, we designed experiments to place two populations of pre-differentiated

neutrophil cells on separate but comparable trajectories toward neutrophil differenti-

ation. With the addition of all-trans retinoic acid (ATRA), HL60 promyelocytic cells

proceed toward the neutrophil attractor. ATRA, in terms of attractor theory, can

be thought of as a perturbation that places the HL60 gene expression in the parts

of the state space that flows naturally toward the neutrophil attractor. By varying

dosage and duration of the ATRA treatment, we place treated HL60 cells in two dis-

tinct paths toward neutrophil differentiation. When ATRA-treatment is removed, one

dosage/duration treatment combination continues toward neutrophil differentiation,

while another treatment combination reverts back to the promyelocytic attractor.

Differential gene expression analysis of these two trajectories reveals a class of genes

that are involved with the process of cancer development and neutrophil differentia-

tion, hinting at the utility of a systems dynamics perspective to yield molecular level

details.

2.2.2 Use of statistical machine learning techniques to discover patterns in data

In our study of Th1 differentiation (molecular mechanism perspective) we focus on

the details of the molecular machinery that governs differentiation to answer the

question of how a lineage-determining transcription factor regulates its target genes.

In support of that, we collect diverse data sets from ChIP-Seq and DNA microarray

experiments.
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Our goal is to construct a statistical model that reflects the relationships and

dependencies between variables within the data sets, thus allowing us to identify

important attributes that signal Th1 transcriptional regulation and provide possible

mechanistic level insights. This goal fits well with the framework of “supervised

learning” problems, where training examples with input attributes and class labels

are provided to the learning algorithm to obtain a classifier. An examination of the

classifier accentuates the structural patterns within the data sets. In this process, the

model produced by the machine learning algorithm binds the computation and the

experimentation together.

The learning algorithm we utilize for this problem is called random forest [29].

Invented by Breiman and Cutler, it is an ensemble method that makes predictions

based on voting by a collection of decision trees by “majority” rule. The random

forest algorithm is highly efficient and works well with a large number of variables.

Its key advantages include an estimate of the “important” variables for classification,

and an internal unbiased estimate of the generalization error through a bootstrapping

process.
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Chapter 3

CELL FATE AS AN ATTRACTOR IN HIGH
DIMENSIONAL SPACE

3.1 Abstract

The process of cellular differentiation is governed by complex dynamical biomolecular

networks consisting of a multitude of genes and their products acting in concert to

determine a particular cell fate. Thus, a systems level view is necessary for under-

standing how a cell coordinates this process and for developing effective therapeutic

strategies to treat diseases, such as cancer, in which differentiation plays a significant

role. Theoretical considerations and recent experimental evidence support the view

that cell fates are high dimensional attractor states of the underlying molecular net-

works. The temporal behavior of the network states progressing toward different cell

fate attractors has the potential to elucidate the underlying molecular mechanisms

governing differentiation.

Using the HL60 multipotent promyelocytic leukemia cell line, we performed ex-

periments that ultimately led to two different cell fate attractors by two treatments

of varying dosage and duration of the differentiation agent all-trans-retinoic acid

(ATRA). The dosage and duration combinations of the two treatments were cho-

sen by means of flow cytometric measurements of CD11b, a well-known early differ-

entiation marker, such that they generated two intermediate populations that were

poised at the apparently same stage of differentiation. However, the population of one

treatment proceeded toward the terminally differentiated neutrophil attractor while

that of the other treatment reverted back toward the undifferentiated promyelocytic

attractor. We monitored the gene expression changes in the two populations after

their respective treatments over a period of five days and identified a set of genes
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that diverged in their expression, a subset of which promotes neutrophil differentia-

tion while the other represses cell cycle progression. By employing promoter based

transcription factor binding site analysis, we found enrichment in the set of divergent

genes, of transcription factors functionally linked to tumor progression, cell cycle, and

development.

Since many of the transcription factors identified by this approach are also known

to be implicated in hematopoietic differentiation and leukemia, this study points to the

utility of incorporating a dynamical systems level view into a computational analysis

framework for elucidating transcriptional mechanisms regulating differentiation.

3.2 Introduction

The process of cellular differentiation is central to our understanding of the nature

of multicellular living systems, their stability in a changing environment, and how

such systems fail in diseases, such as cancer [30, 31]. This developmental process of

individual cells in a multicellular organism committing to their specialized phenotypic

characteristics is temporally coordinated by a complex dynamical system comprised

of large numbers of interacting genes and their products [32–34]. Not surprisingly,

dynamical systems theory has been used to study cell differentiation [35–37].

Despite its tremendous importance, there is very little accumulated knowledge of

the process of differentiation from a systems perspective and of the role of molecular

programs involved in this process. Even for an agent that causes differentiation to

a common recognizable state, we do not know whether the cells, as manifestations

of the underlying dynamic bio-molecular systems, always follow common or different

molecular paths (or system state trajectories). In the latter case, we also do not know

which of those paths is the most stable and least reversible.

Since a cell’s phenotype and behavior are largely determined by the activities of

the genes and proteins constituting a genetic network, it follows that the rules of

interactions between these elements translate directly into rules of cellular behavior.
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That is, the enormous state space of a genetic network (i.e., the space of all possible

configurations activities of the constituent elements) becomes reduced into a relatively

small number of trajectories and steady states (attractors) of the dynamical system.

Kauffman postulated that these attractor states in model networks correspond to

the cell types in multicellular organisms [9, 10], and the process of differentiation

corresponds to a trajectory (in the state space) leading into one of the attractors.

The cellular fate is thus determined by the attractor in which the genetic network

eventually ends up; this can, to a large extent, be controlled by appropriate external

stimuli that place the system into different initial states. It is important to note that

many trajectories ensuing from such different initial states can flow to a common

attractor and thus constitute its basin of attraction.

Consider that small molecule chemicals, such as dimethyl sulfoxide (DMSO) and

a host of others can induce cell differentiation in a variety of cell systems along with

concomitant cellular properties [38–42]. This rather amazing fact implies the pre-

existence of cellular fates that need only be selected by means of external stimuli

rather than created by specific molecular events. This ‘selection’ of cell fates occurs

by means of the inherent nature of the dynamical system to flow to an attractor when

placed in some initial transient state and thus, differentiation is a process of selecting

a particular attractor in a genetic regulatory network. This view has been supported

experimentally by Huang et al. using genome-wide mRNA expression profiling [11]

as well as by means of analyzing cell fates in response to generalized physical stimuli,

such as cell distortion [43]. For a more extended discussion on this topic, see [10].

The homeostatic stability of a differentiated cell is a consequence of the under-

lying stability of the attractor – ‘nearby’ states, which may occur as a consequence

of natural environmental variation, simply flow back to the attractor. It is known

that normal cells have a balanced state of proliferation and differentiation, resulting

in homeostatic stability [44, 45]. A block of normal differentiation and abnormal re-

versal of differentiation (sometimes called de-differentiation) [46] are believed to be
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some of the hallmarks of cancer [47]. Accordingly, therapeutic strategies have been

designed to facilitate cancer cells to reenter the differentiation program, often termed

differentiation therapy [48,49].

The success of such therapeutic strategies depends on our ability to systemati-

cally determine appropriate molecular ‘lever points’, the perturbations of which place

the biomolecular system into states that are poised to differentiate. Indeed, such a

strategy corresponds to placing the system in a state by means of a stimulus, such as

a therapeutic agent, and allowing the system to naturally flow toward an attractor

that corresponds to the desired cellular endpoint [50–52]. To identify such targets

for intervention, it is necessary to characterize the underlying molecular mechanisms,

such as transcriptional regulatory networks, governing the process of differentiation.

Systems biology approaches, which are predicated on global measurements and data

integration, are now beginning to reveal transcriptional machinery underlying complex

biological processes [53–56]. The rationale behind our study was to explore whether

the aforementioned systems-level view of cell fates as attractors and differentiation

as a route toward an attractor, when coupled with computational systems biology

approaches, is informative for elucidating the transcriptional regulatory mechanisms

governing differentiation.

To this end, we have selected a well-established differentiation model, human

promyelocytic leukemia cells (HL60) originally isolated by Dr. Steven Collins from

a 37-year-old female acute promyelocytic leukemia (APL) patient [24]. The HL60

is a multi-potent cell line that can be stimulated to differentiate using a variety of

chemical agents, including DMSO [57], all-trans-retinoic acid (ATRA) [58], 1,25α-

dihydroxyvitamin D3 [59], 12-O-tetradecanoylphorbol 13-acetate (TPA) [60], and

granulocyte macrophage colony-stimulating factor (GM-CSF) [61]. With the addi-

tion of ATRA, the HL60 cells differentiate into neutrophils, while displaying the early

differentiation marker, CD11b, which begins to be expressed within one day of treat-

ment [62]. Although there are others, CD11b is an early differentiation marker, which
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allows one to capture the initial stage of the process. The CD11b+ differentiated

HL60 cells can be stained with fluorescent-labeled anti-CD11b antibody and easily

recognized by commonly used flow-cytometry methods and isolated by flow-sorting

for further culturing and experimentation, as we have done here. The HL60 system

was also used by Huang et al. [11] to demonstrate the correspondence between cell

fates and high-dimensional attractor states of the underlying genetic network.

One could reason as follows. If we could place the HL60 into a state from which the

system would dynamically flow towards the “neutrophil” attractor, as demonstrated

by Huang et al., then the genes that show altered behavior along the time-course

trajectory relative to unstimulated controls could be hypothesized to be implicated

in the neutrophil differentiation process. This, of course, may be the case, though

the interpretation is confounded by the possibility that the genes exhibiting altered

behavior are responsive to the particular mechanisms activated by the stimulus used,

such as ATRA. Indeed, Huang et al. also confronted this conceptual difficulty when

they compared trajectories from ATRA-treated and DMSO-treated HL60 cells, find-

ing that certain genes may behave differently simply as a result of different stimuli

activating different biological pathways, while many other genes dynamically con-

verge towards a common attractor, despite the system flowing from distinct starting

states corresponding to ATRA and DMSO treatments [11]. To identify genes that

are not stimulus dependent, but are involved in the process of neutrophil differenti-

ation, one could then use only one treatment, but in a way that allows one to alter

cellular fate, namely, terminal differentiation into neutrophils or reversion back to the

undifferentiated state.

The HL60 was shown to exhibit such behavior in two separate studies both demon-

strating that this differentiation process contains at least two steps in which a precom-

mitment stage precedes the decision to differentiate. Yen et al. observed that with

continuous exposure of ATRA at a high concentration, the HL60 proceeds through

differentiation, but upon removal of the stimulus, the HL60 falls back to the undif-
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ferentiated state [63]. By analogy, such a precommitment stage corresponds to a

gradually sloping plateau between a valley and a mountain such that a ball sitting

on this plateau would roll down into the “undifferentiated” valley in the absence of

additional energy necessary to make it over the “terminally differentiated” moun-

tain. More recently, Chang et al. reported a population of “primed,” undifferentiated

CD11b- cells upon exposure to a low dose DMSO [64]. Though these cells are neg-

ative with respect to the CD11b marker, thus considered to be “undifferentiated,”

upon encountering a second dose of DMSO stimulation, they exhibited an increased

rate of differentiation, suggesting that the first low dose DMSO had placed them in

a “primed” intermediate differentiated state.

We thus decided to determine two different treatments, both with ATRA, but

with different concentrations and incubation times such that the two cell populations

corresponding to these treatments would be poised at the same stage of differentiation

(precommitment), but so that one population follows through to the terminally dif-

ferentiated neutrophil attractor, while the other reverts back by dynamically flowing

towards the undifferentiated state. The genes that would exhibit different behavior

between these two trajectories would then be potentially implicated in the differenti-

ation process.

To identify two such precommitment states, we used the percentage of CD11b+

cells at the end of a particular treatment as a measure of the stage of differentiation.

We performed 80 ATRA treatments consisting of 8 doses (0.0005µM to 1 µM) and

10 durations (4 to 13 days) in triplicate and measured percentages of CD11b+ cells,

relative to an isotype antibody control, using FACS analysis. Consider loci in the

two-dimensional dose × duration stimulus space, where all points on a particular

locus correspond to a constant fraction of CD11b+ cells. Thus, two cell populations

on the same locus can be said to be at the same “stage” of differentiation at least as

it pertains to CD11b. We chose two such populations, one with a higher dose and

a shorter duration and the other with a lower dose and a longer duration, such that
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the cells treated with the higher dose proceeded with differentiation into neutrophils

while the cells treated with the lower dose reverted back to the undifferentiated state,

despite both populations exhibiting the same percentage of CD11b+ cells at the end

of their respective treatments. The cells were live-sorted, cultured in fresh media, and

profiled every 24 hours with microarrays for five days in triplicate. This additional

Fluorescence Activated Cell Sorting (FACS) step mitigates the confounding effects of

cellular heterogeneity due to subpopulations that do not initiate the differentiation

program (i.e. CD11b- cells). In this manner, the gene expression programs of the

two cell populations, one differentiating and one reverting, could be analyzed using

computational approaches.

We defined a criterion to identify genes whose behavior over time exhibits a di-

vergence between the two treatments. It is these genes that are hypothesized to be

involved in the differentiation process. We analyzed the promoters of these genes and

found that they are overrepresented with known transcription factors functionally

linked to myeloid differentiation, cell cycle, and development. This study points to

the utility of incorporating a systems-level view of global dynamics, as distinguished

from the dynamics or kinetic behavior of the individual elements of a system, into

a computational analysis framework that can be used for studying transcriptional

regulatory mechanisms governing a complex biological process such as differentiation.

3.3 Results

3.3.1 Two comparable dosage/duration treatment combinations lead to different macro-

scopic cell fate attractors

Our first goal was to determine two dosage/duration stimulation conditions that yield

comparable stages of differentiated HL60 cells, with one condition ultimately leading

to neutrophil differentiation and the other reverting back to the undifferentiated state.

In other words, we sought to identify two perturbations that place the ATRA-treated

cells in two different basins of attraction or initial states leading to two different
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attractors — the promyelocyte attractor and the neutrophil attractor. This infor-

mation allows us to culture large quantities of the HL60 cells under these conditions

and isolate mRNA for time course experiments to examine the set of genes differen-

tially expressed between these treatments that could explain the differences in their

eventual cell fates.
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Figure 3.1: Contour plot of percent CD11b+ cells after ATRA. The x-axis represents

the duration of ATRA treatment (Days). The y-axis represents the dosage of ATRA treatment (µM). An increase in

dosage or duration leads to an increase in CD11b+ cells.

To achieve this goal, we set up a two-factor dosage and duration experiment with

eight and ten levels respectively, ranging from 0.0005µM to 1 µM with 4 to 13 days

of treatment. We used a well-established early marker for neutrophil differentiation,

CD11b, as our surrogate for ‘differentiated’ and ‘undifferentiated’ state [62]. We

measured the CD11b expression for each experimental condition and calculated the

percentage of HL60 cells that are CD11b+ by comparing to the untreated samples.
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Under this construction, the percentage of CD11b+ cells becomes a proxy for the

developmental stage of neutrophil differentiation on a population level. The result

of this dosage and duration experiment is summarized and displayed in a contour

plot (Figure 3.1), showing a general trend — as the dosage or duration of ATRA

treatment increases, the percentage of CD11b+ cells also increases. The treatment

combinations, 0.5µM/11 Days produced the highest percentage of CD11b+ cells at

82.7%. As expected, this result conforms with our general intuition regarding ATRA

treatment, that an increase in the dosage or the duration of treatments results in an

increase in the percentage of differentiated CD11b+ cells. See Additional File 1 for

the percentages of CD11b expression of the various treatments.

From the contour plot, we identified two treatments that both gave rise to 54 per-

cent of CD11b positive cells, namely, 1µM/5 Days and 0.05µM/7 Days. These two

treatment combinations were picked because they produced similar levels of positive

CD11b expression, yet one treatment is of higher dosage with shorter duration, while

the other is of lower dosage with longer duration. We grew the HL60 cells under

those conditions and isolated the CD11b+ population of these cells by FACS and

re-cultured these cells in fresh, ATRA-free RPMI-1640 media. We collected the re-

cultured cells and isolated the mRNA for whole-genome expression analysis each day

for five days. At the end of this period, we also collected cells from both treatments

for Wright-Giemsa staining, a histological method that could be used to determine

hematopoietic cell types based on cell morphology. The 0.05µM/7 Days treatment

resembles that of the untreated HL60 cells, with clear visible nucleoli and large nu-

clear to cytoplasm ratios, suggesting a reversal of cell fate back to the undifferentiated

HL60 state; whereas the 1µM/5 Days treatment shows morphology resembling that of

differentiated neutrophils, with characteristic decreased nuclear to cytoplasmic ratio,

and convolution and segmentation of the nuclei, suggesting a completion of cell fate

toward the differentiated neutrophil attractor. Our observation is in accordance with

the notion of a “precommitment” state previously described [64–66], whereupon the
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removal of the stimulating agent, the HL60 can revert back to the undifferentiated

state. Taken together, we have established a system where we identified two pertur-

bations that place the HL60 cells in different basins of attraction, leading to different

eventual macroscopic cell fates.
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Figure 3.2: Average mRNA Gene Expression of the Differentially Expressed
Genes. The left panel shows the divergent genes. The right panel shows the non-divergent genes. The upper panel

represents the genes that are up-regulated in both 1µM/5 Day and 0.05µM/7 Days treatments relative to untreated.

The lower panel represents the genes that are down-regulated in both 1µM/5 Day and 0.05µM/7 Days treatments

relative to untreated.
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3.3.2 A subset of the genes leading to different cell fate attractors exhibit a divergent

expression pattern

To understand how the macroscopic cell fates that we observed could have arisen

from these two perturbation conditions, we analyzed the gene expression profiles of

the treated HL60 cells. We reasoned that we had placed the treated HL60 cells in their

perspective basins of attraction when we re-cultured the sorted CD11b+ cells from

these two treatments in ATRA-free media. Hence, the gene expression trajectories

reflected the natural consequences of placing the HL60 cells in these specific parts

of the genomic expression space. Therefore, when we looked at the gene expression

profiles of differentially expressed genes between the two trajectories, the pattern we

observed could potentially explain the observed macroscopic cell fate.

Interestingly, while the majority of the differentially expressed genes (relative to

untreated controls) exhibit a flat and unchanging average gene expression profile un-

der both (1µM/5 Days) and (0.05µM/7 Days) treatment conditions, there is a small

subset of the genes (154, using our criterion) that exhibit a divergent gene expres-

sion profile. That is, after the high dosage/short duration treatment (1µM/5 Days),

their expression levels deviate further and further away from their levels under the

untreated ATRA condition, whereas their expression levels after the low dosage/long

duration treatment (0.05µM/7 Days) converge toward the gene expression levels of

those under untreated ATRA condition (Figure 3.2).

These divergent genes can be separated further into two distinct classes, the

up-regulated, and the down-regulated genes. The up-regulated (respectively, down-

regulated) genes are the ones that have elevated (respectively, repressed) expression

under both high dosage/short duration and low dosage/long duration treatments rel-

ative to their expression under the untreated ATRA condition. In both cases, this

display of differential expression behavior reflects the macroscopic cell fate observed,

namely that the HL60 cells from the high dosage/short duration treatment continue

toward differentiation whereas cells subjected to low dosage/long duration treatment
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revert back toward the undifferentiated state. We hypothesized that these divergent

genes participate in the selection of a particular attractor from a set of pre-existing

ones. See Additional File 2 for a list of the divergent genes as well as magnitude of

divergence.

3.3.3 Divergent genes promote cellular differentiation and repress cell cycle progres-

sion

After we identified the set of divergent genes and their unique gene expression pat-

terns, we set out to investigate their known biological functions, with the goal of elu-

cidating how these genes coordinate the transition of the HL60 cells from the promye-

locyte attractor into the neutrophil attractor. In particular, cellular differentiation

processes frequently entail an up-regulation of genes involved in specialization while

simultaneously down-regulating genes related to proliferation and cell cycle [44,45].

Indeed, a number of the up-regulated divergent genes are involved in the acti-

vation and specialization of neutrophils. At the top of the up-regulated divergence

gene list is ankyrin repeat and SOCS box-containing 2 (ASB2), which is known to

be a retinoic acid-response gene and a binding target of the promyelocytic leukemia

retinoic acid receptor-alpha (RARα) oncogenic protein [67]. When ASB2 is expressed

in leukemia cells, it inhibits growth and furthers myelocytic commitment, precisely

as seen in the HL60 cell differentiation model system. Inherent to the process of

neutrophil activation are genes promoting the homing and migration of neutrophils

to the sites of inflammation. Examples of these genes among this list are orosomu-

coid 1 (ORM1), interleukin 8 receptor beta (IL8Rβ), and vanin2 (VNN2). ORM1

is highly expressed during acute inflammation and has been suggested as a signaling

molecule that binds to L-selectin on the neutrophil cell surface to allow neutrophils

to enter secondary lymphoid tissues via the high endothelial venules [68]. IL8Rβ,

also known as CXCR2, is a receptor of interleukin 8 (IL8) and facilitates neutrophil

migration to the site of inflammation [69]. Recently, its ligand was identified to be
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the cytokine, macrophage migration inhibitory factor (MIF) [70]. Finally, expressed

mainly on human neutrophils [71] and anchored on the cell surface by glycosylphos-

phatidylinositol (GPI), VNN2 physically associated with β2 integrin (CD11b), the

neutrophil differentiation marker for our study [72].

Besides neutrophil activation, response to inflammation is another process in which

several of the up-regulated divergent genes including leukocyte immunoglobulin-like

receptor subfamily B member 3 (LILRB3) and NOD9 (NLR X1) participate. Ex-

pressed LILRB3 protein binds to the MHC class I molecules on antigen-presenting

cells to control inflammatory responses and cytotoxicity by transducing a negative sig-

nal that inhibits immune response and limits autoreactivity [70]. NOD9 is a member

of the NLR family known to recognize microbial molecules that activate inflamma-

tory caspases, causing cleavage and activation of inflammatory cytokines [73]. Col-

lectively, these up-regulated divergent genes promote requisite activities of activated

neutrophils.

The list of down-regulated divergent genes, on the other hand, contains many genes

necessary for the progression of cell cycle. We found members of the well-known cyclin

and cell division cycle (CDC) gene families [74] including cyclin d2 (CCND2), cyclin

E1 (CCNE1), cell division cycle 2 (CDC2), cell division cycle 7 (CDC7), CDC28

protein kinase regulatory subunit 1B (CKS1B), and cell division cycle associated 5

(CDCA5). CCND2 forms a complex with cyclin dependent kinase 4 (CDK4) [75] and

regulates cell cycle G0/G1 to S transition [76]. Similarly, CCNE1 is necessary for the

progression of G1 to S transition. It interacts with cyclin dependent kinase 2 (Cdk2)

to phosphorylate the target genes nuclear protein ataxia-telangiectasia locus (NPAT)

and nucleophosmin, critical components of cell proliferation and DNA replication,

respectively [77]. CDC2 encodes a Ser/Thr kinase and is the catalytic subunit of M-

phase promoting factor (MPF), critical for G1/S and G2/M transitions [78]. CDC7

encodes a kinase that is essential for DNA replication as well as the transition between

G1/S phase [79]. CKS1B binds to cyclin A for targeted degradation and passage
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through the spindle checkpoint [80]. CDCA5, also known as sororin, controls the

separation of sister chromatids during mitosis by stabilizing centromeric cohesin [81].

In addition to the cyclin and CDC gene families, other genes integral to cell cycle

progression were also found. TTK protein kinase (TTK) is a cell cycle-regulated

kinase with maximal activity during M phase, localizing to kinetochores [82]. It is

required for centrosome duplication and normal progression of mitosis [83]. Kinesin

family member 20A (KIF20A) accumulates in mitotic cells where it localizes to the

midzone of the spindle during anaphase, and to the cleavage furrow and midbody

during telophase, essential for cytokinesis to proceed [84]. Interestingly, KIF20A is a

target of polo like kinase 1 (PLK1), a protein that we also identified as a divergent

gene. Together, they are necessary for proper spindle assembly and function during

anaphase and telophase of the cell cycle [85]. Jointly, the down-regulated divergent

genes suppress the HL60 cells from progressing through the cell cycle.

To complement our literature-search approach to understanding the functions of

these up and down-regulated divergent genes, we examined them separately in the

context of Gene Ontology (GO) [86] enrichment analysis using GoMiner [87]. The

154 divergent genes include 48 up-regulated and 106 down-regulated divergent genes

out of a total of 30729 unique genes on the Agilent array. However, at the relative

conservative p-value and FDR level of 0.05 and due to a relatively small number

of up-regulated divergent genes, we are only able to detect statistical significance of

enrichment for the down-regulated divergent genes. The GO enriched results for the

down-regulated divergent genes are listed in Table 3.1.

3.3.4 Transcription factor binding site enrichment in promoters of divergent genes

We suspected that there may be common regulatory mechanisms that control the

expression of both up and down-regulated divergent genes to select for the neutrophil

cell fate attractor and to efficiently activate the necessary biological processes. One

common mechanism of controlling gene expression is through the regulatory actions of
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transcription factors; therefore, we set out to search for enriched transcription factor

binding sites (TFBS) in the promoter regions of both the up and down-regulated

divergent genes simultaneously. We used a background model composed of upstream

2kb promoter sequences of all known genes and compared them to the upstream

promoter sequences of the divergent genes by calculating the log likelihood ratio

score to find the putative binding sites. Table 3.2 contains the sorted top 15 enriched

transcription factor binding sites.

Functionally, these enriched TFBSs can be broken down into rough categories of

tumor progression, cell cycle, development, or general transcription, which are pro-

cesses actively engaged by the HL60 neutrophil differentiation model system. Let

us consider the striking roles played by the transcription factors in tumor progres-

sion. We find TFBSs for C/EBPα, HLF, TAL1, HOXA4, MEIS1A, RAR-RXR, and

FOXO4, all of which , when disregulated, have been shown to lead to leukemia.

C/EBPα is crucial for the process of granulopoiesis, and its aberrant expression in

acute myeloid leukemia is well-studied [88–91]. Conditional expression of C/EBPα

leads to neutrophil differentiation while dominant-negative expressions of C/EBPα

are found in AML patients [88]. HLF, together with E2A, forms a chimeric E2A-

HLF transcription factor protein due to a translocation mutation t(17;19)(q21;p13)

which occurs in a subset of acute lymphoblastic leukemias [92–94]. TAL1 is essen-

tial for early stage embryonic hematopoiesis; erythroid differentiation is associated

with increased TAL1 expression, while myeloid differentiation is associated with de-

creassed TAL1 expression [95]. A TAL1 translocation mutation t(1;14)(p32;q11) is

observed in 3% of patients with T cell acute lymphoblastic leukemia [96]. HOX genes

are an important transcription factor family for hematopoiesis, the different family

members of which are required to specify particular stages of hematopoietic develop-

ment [97]. Further, HoxA4 promoter hypermethylation has recently been linked to

mutational status in chronic lymphocytic leukemia [98]. AML/Runx1 is also linked

to hematopoiesis and leukemic tumor progression [99]. It is the DNA binding el-
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ement of the core binding factor (CBF) transcription complex and is required for

hematopoiesis as shown in knock-out mouse studies [100]. Mutations of RUNX1 have

been identified in familial platelet disorder (FPD) along with a congenital predispo-

sition to the development of acute myeloid leukemia (AML) [101]. MEIS1, another

protein with enriched TFBS, cooperates with both HOXB3 and HOXA9 to induce

the transcription factor AML [102, 103] by down-regulating its expression through

promoter hypermethylation in a subset of AMLs [104]. The RAR-RXR heterodimer

TFBS is also enriched in the promoter regions of our divergent genes. Since the HL60

neutrophil differentiation is induced through the actions of retinoid acid, it is reason-

able that we observed an enrichment of retinoid acid receptor binding sites. Though

it is well-established that the chimeric fusion protein from RAR-PML translocation

mutation, t(15;17), is frequently associated with acute promyelocytic leukemia [105],

methylation analysis of the RARα promoter further cements its involvement [106].

Finally, FOXO4 has also been linked with acute leukemias. A translocation mutation

t(X;11)(q13;q23), which fuses it with the gene MLL, was observed and cloned [107].

In summary, the list of enriched TFBSs recapitulates many important regulators of

hematopoiesis, which are intimately tied to leukemia pathology, illustrating the po-

tential utility of such systems-level experimental designs.

3.4 Discussion

In this study, we perturbed the HL60 cells into the basins of attraction of two distinct

cell fate attractors using two different ATRA dosage/duration treatments such that

both cell populations are poised at the same stage of differentiation. By tracking

the gene expression changes en route to these cell fates, we found a subset of the

differentially expressed genes that exhibited a divergent gene expression pattern, hy-

pothesized to correspond to the observed macroscopic cell type phenotype. Literature

searches identified the possible functions of these divergent genes to be involved in

promoting neutrophil differentiation and repressing cell cycle progression. Analyses of
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the promoter sequences of the divergent genes further showed that they are enriched

with transcription factor binding sites known to be linked to hematopoiesis, tumori-

genesis, cell cycle, and development, suggesting the utility of systems level analysis

for deriving valuable molecular level insights.

It is worth noting that our study suffers from a number of inherent limitations.

With our attractor-based experimental setup, we could not detect early onset genes

that lead to the “precommitment” state. Since gene expression profiles are only

recorded after the two populations of the cells have achieved similar percentages of

CD11b expression, prior cellular events of interest that culminate in their perspec-

tive promyelocyte and neutrophil attractors would be missed. In addition, since our

study is based on a population of cells, inherent to all microarrays studies, only mea-

surements of the average cellular behavior are possible. Indeed, it is known that the

expression kinetics on a single cell level can exhibit an all-or-none switch like behavior,

unlike the seemingly gradual change of expression when measured as a population av-

erage [64]. Further, recent evidence now suggests that transcriptional noise inherent

to individual cells underlies clonal heterogeneity [129]. In light of this, an analysis on

the gene expression changes of individual cells flowing toward the promyelocyte and

neutrophil attractors would provide valuable insights.

Our study also suggests a number of natural extensions. For example, since tran-

scription factor binding sites frequently occur in clusters and exert their effects simul-

taneously, instead of looking for enrichment of individual transcription factors, one

can investigate enrichment of multiple transcription factors. Another possible exten-

sion is the incorporation of protein-protein interaction networks in order to identify

potential co-activators of the transcriptional complexes governing HL60 differentia-

tion. Further, one can search for common interaction partners to multiple enriched

transcription factors. Additionally, in our characterization of divergent genes, com-

parisons of gene expression were made on a daily basis. To mitigate the effects of

measurement noise and daily fluctuations, it is possible to model the entire time
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course gene expression profile for each gene by fitting a regression curve, promoting

a possibly more robust identification of divergent genes.

Our study also raises an important question — can the concept of cell fate be

sufficiently described by the use of one or few markers? Traditionally, cell fate has

been intimately tied to the expression of cell surface receptors. However, in our study,

two populations of ATRA-stimulated HL60 cells can both exhibit characteristic cell

fate markers, yet be destined to have distinct cell fates, namely a promyelocyte or a

neutrophil. This suggests two populations of cells may have the same “apparent” state

as measured by cell surface markers while differing in other state space dimensions,

ultimately leading them to disparate cell fates. Likewise, Chang et al. [64] also came

to similar conclusions in their observation that low-dose DMSO-treated CD11b- cells

are in a “primed” differentiated state as compared to DMSO-untreated CD11b- cells.

This study suggests that systems-level dynamics, such as the partitioning of the

state space into distinct basins of attraction, have the potential to convey information

about the molecular-level control of biological processes.

3.5 Methods

3.5.1 Cells and chemicals

Early passaged HL60 cells were generously provided by Dr. Steven Collins (Fred

Hutchinson Cancer Research Center). The cells were cultured in T/25 flasks with

RPMI-1640 media (Gibco) supplemented with 10% heat-inactivated fetal calf serum

(Sigma). Cells were grown in media containing All-Trans Retinoic Acid (Sigma) to

induce neutrophil differentiation [58]. ATRA was stored in -30 ◦C and dissolved in

95% ethanol to make stock solution.

3.5.2 Dosage and duration of ATRA treatments

A two-factor dosage and duration experiment was set up with eight and ten levels,

respectively. HL60 cells were subjected to the following dosages (µM): 1, 0.5, 0.1,
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0.05, 0.01, 0.005, 0.001, and 0.0005 in conjunction with the following durations (Days

of Treatment): 4, 5, 6, 7, 8, 9, 10, 11, 12, and 13. For example, one of the eighty

treatment combinations is 1µM/4 Days, in which, we treated the HL60 cells with 1µM

of ATRA for 4 Days and measured the CD11b expression of these treated cells by flow

cytometry. Each of the 80 dosage/duration combinations and CD11b measurements

were performed in triplicate.

3.5.3 Flow cytometry to detect surface CD11b expression

Surface CD11b is an early marker of neutrophil differentiation in HL60. Cells (106)

were harvested, washed twice with PBS buffer, and incubated on ice for an hour

with PE-conjugated CD11b antibody or its isotype control (Mouse IgG1κ) from BD

Pharmingen. Cells were then washed two more times with PBS buffer and fluores-

cence was measured by FACSCalibur using CellQuest software (BD Biosciences). The

CD11b expression levels were compared to the isotype control to correct for any non-

specific binding. Untreated HL60 cells stained with the isotype control were used as

background for undifferentiated cells.

3.5.4 Dosage and duration contour plot construction

One million cells were collected for each experiment. Percentages of CD11b+ expres-

sion were calculated by comparing ATRA treated HL60 samples to untreated samples.

Triplicate values of the percentage of differentiation were averaged and the result was

displayed as a contour plot (Figure 3.1). In constructing the dosage/duration contour

plot, one round of linear interpolation was performed to obtain a finer sampling of

the dosage/duration grid.

3.5.5 Wright-Giemsa stain to observe nuclear morphology

Treated and untreated cells (105) were harvested, washed once with PBS buffer, spun

down on microscope slides using Cytospin 2 (Shandon Inc.) and air-dried. Slides were
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then flooded with 2mL Modified Wright-Giemsa stain (Sigma-Aldridge) and soaked

for 1 minute. 2mL deionized water was added, the slides were soaked for 3 minutes,

rinsed with deionized water, and air dried.

3.5.6 Microarray experiment and analysis to measure changes in mRNA levels

Two treatment combinations that yielded similar levels of CD11b expression were

identified from the dosage and duration contour plot: 1) high dosage/short duration

(1µM ATRA/5 Days) and 2) low dosage/long duration (0.05µM ATRA/7 Days).

HL60 cells were cultured under these two conditions and fifteen million CD11b positive

cells were collected from each condition using the Cytopeia inFlux V-Gs high-speed

sorter. Sorted CD11b positive cells were then re-cultured in fresh ATRA-free RPMI

media. After six hours of allowing these cells to recover from the sorting process, one

million cells were collected. For the next five days, one million cells were collected

every twenty-four hours, culminating in a total of 5 time points —Day 0 (6 hours

post-sorting) to Day 4 (102 hours post sorting). For each time point, total RNA

from cell samples were isolated with Trizol and quantified using Thermo Scientific

NanoDrop 1000. RNA quantity for three technical replicates was collected for each

time point, except day0, day1, and day4 of the 1µM treatment, where unfortunately

the RNA quantity was only sufficient for two replicates, resulting in a total of 27

microarray experiments on Agilent human whole genome oligo arrays with 44k 60-

mer probes. ATRA-treated samples from each time point were labeled with the

Cy5 dye, while untreated HL60 cells were labeled with the Cy3 dye for comparison.

Each hybridized array was scanned with the Agilent dual laser-based scanner. Feature

Extraction software version 8.0 (Agilent Technologies) was used to output the relative

fluorescence intensity between the treated and untreated samples.

After the microarray experiments, the slides were scanned and the raw spot in-

tensity (gProcessedSignal and rProcessedSignal from the feature extraction software)

were used for subsequent data analysis in Matlab (The Mathworks, Inc). Of the 43931
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spots on the Agilent array, spots that were designated for quality control, spots that

were saturated, and spots that had signals too low to be detected were filtered out,

resulting in 41509 spots remaining. The log intensity values were normalized using

quantile normalization [130]. Replicate array intensity values were averaged to ob-

tain the mean fluorescence intensity. Differentially expressed genes were picked using

SAM [131] (Two class Paired). After this filtering step, 14949 differentially expressed

genes remained. We compared the expression of 1µM ATRA/5 Days treatment with

0.05µM ATRA/7 Days treatment to identify genes that showed a steady daily increase

of divergence in expression of 5% or larger, and designated these as divergent genes.

Of these genes, those with elevated (respectively, suppressed) expression under both

1µM ATRA/5 Days treatment and 0.05µM ATRA/7 Days treatment relative to the

untreated condition during the first three time points were deemed to be up-regulated

(respectively, down-regulated). Comparisons of expressions were done on a daily ba-

sis, yielding a total of 176 divergent probes, 48 up-regulated and 128 down-regulated.

A complete list of divergent gene probes is available in the supplementary section.

Gene probes are sorted based on log2 fold divergence of Day 4 expression between

1µM ATRA/5 Days treatment and 0.05µM ATRA/7 Days treatment. The 176 di-

vergent spots identified corresponded to 154 unique genes, 48 up-regulated genes and

106 down-regulated genes (some genes have multiple probes on the array).

3.5.7 Functional enrichment of divergent genes by Gene Ontology (GO)

Up-regulated divergent genes and down-regulated divergent genes were submitted

separately to GoMiner [87] for an analysis of enriched biological processes at the

p-value level of 0.05 and FDR of 0.05.

3.5.8 Searching for enriched transcription factor binding sites

Upstream 2kb promoter regions of the divergent genes were downloaded from EMBL

(NCBI36) using the BioMart interface [132]. Prepackaged upstream 2kb regions of all
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RefSeq genes were also downloaded using the UCSC genome browser (hg18) [133]. Af-

ter filtering out duplicated sequences and sequences containing ambiguous nucleotide

bases, 18827 sequences remained. 429 human TRANSFAC (Professional 9.4) matri-

ces [134] were used to calculate the log likelihood ratio scores of transcription factor

binding for the divergent genes as well as the RefSeq genes, as

L =
n∑
i=1

log(Pi(Ms|si))−
n∑
i=1

log(Pi(Mb|si)) (3.1)

where L is the log likelihood ratio score, Ms is the TRANSFAC matrix model, Mb

is the zeroth order Markov background model with frequencies of A:0.2583 C:0.2457

G:0.2425 T:0.2535, which were calculated by counting the occurrences of the nu-

cleotides in all promoter sequences. si is the ith nucleotide of the motif site under

consideration, and n is the length of the motif site.

Since binding sites tend to occur in clusters in higher eukaryotes [135], attention

was paid to find stretches of the DNA sequences (100bp) with large numbers of

putative binding sites. Hence, log likelihood ratio scores from all 429 TRANSFAC

matrices were summed at each nucleotide position for all RefSeq promoter sequences.

The top 1% of these 100bp highest scoring regions were picked as cut-off values to

represent regions with clusters of putative binding sites. This cut-off value was then

used to search for clusters of putative binding sites in the divergent genes, resulting in

262 of these clusters of binding sites being identified for the divergent genes. Expected

numbers of binding sites were calculated by counting the total number of binding sites

within the high-scoring regions divided by the total number of high-scoring regions

for each transcription factor. This calculation was repeated for each TRANSFAC

matrix. Enriched transcription factor binding sites were then ranked by the differences

between the expected values for the divergent gene set and the set of all RefSeq

promoters (Table 3.2).
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Chapter 4

A GENOME-WIDE ANALYSIS OF TRANSCRIPTIONAL
REGULATION BY T-BET

4.1 Introduction

CD4+ T cells play a paramount role in coordinating a coherent adaptive immune

response. Depending on their initial encounters, may they be with extracellular,

intracellular infectious pathogens, or with self antigens, the CD4+ T cells secrete

appropriate chemical signals to direct B cells, CD8+ T cells, macrophages, eosinophils,

and neutrophils to present an appropriate concerted response [25, 27, 136]. They

achieve this incredible feat by differentiating into a number of functionally distinct

T-helper lineages (Th1, Th2, Th17, regulatory T-cells, and follicular T-cells): In

response to intracellular pathogens, naive CD4+ T cells differentiate into Th1 cells

[137]; extracellular parasites induce Th2 differntiation [138]; extracellular bacteria and

fungi prompt Th17 differentiation [139]; regulatory T cells direct immune tolerance

[140]; and follicular T-cells facilitate B cell formation [141].

The focus of this study is on the Th1 differentiation process, as orchestrated by the

lineage-defining transcription factor, T-bet [142]. Its roles in the Th1 differentiation

process have been the subject of many classical studies, particularly its regulation

of the Th1 principle cytokine, Ifng [20, 142–144]. Nevertheless, advances in genomic

technologies have enabled investigators to probe this differentiation process at the

genome-wide level. A recent study identifies many T-bet targets by comparing the

ChIP-Chip binding locations between Th1 and Th2 cells [145]. What remain elusive,

however, are the mechanisms that T-bet utilize to regulate its target genes on a

genome-wide level.

We investigate this question by dissecting it into two parts: mechanisms that are
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extrinsic to the T-bet protein itself, and those that are intrinsic. Extrinsic to the

T-bet proteins are the local genomic contexts of T-bet target genes. A thorough

study of these local signals (histone methylation, transcription factor binding, DNase

I hypersensitivity, and sequence conservation) has the potential to reveal regulatory

insights of the target genes. Intrinsic to the T-bet protein itself are the transcrip-

tionally regulated activities associated with T-bet protein domains. Previous studies

have shown that the chromatin-modifying activity resides within the T-box binding

domain and the transactivating activities resides within the N and C terminal do-

mains. Though these domains are required for T-bet to regulate its target genes

such as Ifng and Cxcr3 [18, 146, 147], it is unclear if these same mechanisms are also

required to regulate other T-bet targets. Further, to study how T-bet targets are

regulated in other T helper subtypes, we expand our analyses of T-bet target gene

expression into Th2, Th17, iTreg, nTreg, and follicular T cells.

In this chapter, we address the key question of how T-bet functionally regulates

its target genes on a genome-wide level. We first identify a set of T-bet bound target

genes by comparing wild type and T-bet−/− CD4+ T cells with ChIP-Seq analysis.

We then examine differentially expressed genes between wild type and T-bet−/− by

gene expression microarrays. We compile and analyze a large number of genomic

data sets to hunt for signals that are indicative of the functional regulation of T-bet

targets. We study the regulation of T-bet targets by mutational analysis of T-bet

protein domains and their associated functional activities. And finally, we find that

T-bet target genes are also differentially regulated under other T helper lineages.

4.2 Results

4.2.1 T-bet binding is enriched within the promoter regions

To understand how a lineage-determining transcription factor such as T-bet estab-

lishes the genome-wide gene expression profile conferring the Th1 phenotype, we

sought to identify the direct targets that T-bet regulates. For this purpose, naive
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CD4+ T cells were isolated from wild type and T-bet−/− mice and grown under Th1-

skewing conditions for 6 days and harvested for ChIP-Seq analysis. A total of 9158

peaks were identified using MACS 1.4 (Model-based Analysis of ChIP-Seq) from two

separate experiments and mapped to 7786 genes [148]. In accordance with previous

convention [149], we divided the mouse genome into 4 regions: promoter (transcription

start site [TSS] to upstream 10kb), exonic, intronic, and intergenic regions. Defini-

tions of gene attributes including gene boundaries, transcript and UTR locations were

downloaded from Ensembl mouse genome based on the NCBIM37 build [150].

We calculated the proportions of T-bet peaks to center in the following four ge-

nomic regions: 26% within the promoter region, 6% exonic region, 45% intronic, and

23% intergenic (Figure 4.1A). This distribution is in sharp contrast to the mouse

genome itself where 2% of the genome are promoter regions, 0.2% exons, 37% in-

tronic, and 61% intergenic regions [149]. Similar to previous reported studies, we also

observed substantial enrichment of binding within the promoter region and exonic

regions of the mouse genome [149,151].

To identify the consensus binding motif for T-bet, we downloaded from the En-

sembl database, repeats-masked genomic sequences that are 50 base pairs away from

the T-bet summits. Within these sequences, we searched for de novo motif enrichment

using MEME [152]. These sequence motifs were then aligned to known transcription

factor binding matrices in TRANSFAC [153] using TOMTOM [154]. Not surprisingly,

the top enriched sequence motif (T-bet) closely resembled the binding matrices of

other T-box family members, including Tbx5, Tbx15, Tbx22, Tbx18, and Brachyury.

The core motif of GTGxxA is preserved in all the above listed members. In addi-

tion, we also observed enriched sequence motifs that were aligned to AML/Runx,

Ets, and Sp1 (Figure 4.1B). The AML/Runx family is critical for the CD4/CD8 lin-

eage choice [155,156], and recent studies have further shown that they are important

co-factors for the specification of Th2 cells [21], Th17 cells [157], and regulatory T

cells [158]. Similarly, Ets1 participates in T helper differentiation, and has been iden-
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Figure 4.1: Genomic Distribution of T-bet Binding Site and Enriched Con-
sensus Sequence Motifs. (A)ChIP-Seq analyses of T-bet binding sites from two independent experiments

were determined by MACS 1.4 (Model-based Analysis of ChIP-Seq) and mapped to the mouse genome based on loca-

tion: promoter (within 10kb upstream from the transcription start site), exon, intron, and intergenic regions. (B)Mouse

genomic sequences from the summit of T-bet ChIP-Seq peaks were analyzed for enriched consensus sequence motifs

by MEME. The sequence motifs were then aligned to TRANSFAC databases to uncover potential T-bet co-regulators

using TOMTOM.
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tified as a T-bet cofactor and negative regulator of Th17 lineage specification [159].

Though much less is known about Sp1’s role in T helper cell differentiation, it has

been shown to physically interact with T-bet as a member of T-bet/Gata-3 complex

that regulate Th1 gene expression [160]. Taken together, we identified T-bet bound

sites and found potential co-regulators by analyzing enriched sequence motifs of T-bet

bound sequences.

4.2.2 Combined gene expression and ChIP-Seq data uncovers direct T-bet targets

One of the key insights from previous reports is that many T-bet bound genes are

not functionally regulated by T-bet [161]; thus, we sought to identify the functional

T-bet targets among the T-bet bound genes. To this end, we collected wild type and

T-bet−/− CD4+ T cells grown under Th1 polarizing conditions and harvested RNA on

days 1, 2, 4, and 6 to track the gene expression changes over time. Differential gene

expression was determined using SAM (Significance Analysis of Microarrays) [162]

for paired studies comparing wild-type and T-bet−/− (FDR<0.03) on all days. We

observed 206 differentially expressed genes, and 7786 genes with T-bet binding (9158

binding sites). (Figure 4.2A)

We found two broad categories of genes that are bound by T-bet: functional

targets that are also regulated on the RNA level, and non-functional targets that

are not regulated. Interestingly, of the 7786 genes that are T-bet bound, only 117

of those are functional, suggesting that the majority of the observed T-bet binding

sites actually do not have functional gene expression changes. The abundance of

non-functional binding sites is in agreement with a number of published genome-

wide studies [149, 161, 163] and raises the intriguing question as to why there are

so many binding events, yet so few differentially expressed genes (a question that

we further examine in later sections). Of the 117 functional T-bet targets, 64 are

activated by T-bet and 53 repressed. Many of these functional T-bet targets are

known immune response genes including: Ifng, Cxcr3, Nkg7, Ifngr1, Prf1, Klrd1,
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Figure 4.2: Most T-bet bound genes are not functional. (A)Venn diagram shows

overlap between genes bound by T-bet and genes showing differential expression in wild type to T-bet−/− comparison.

(B)Examples of T-bet bound genes that show activation, repression, and no functional consequences. Differential gene

expression over time (left). Relative position of T-bet peaks to T-bet bound genes (right). Genes are directed from left

to right. Gene sizes are normalized for ease of viewing. Scales are indicated by the distances between the tick marks.

(C)Mouse genomic sequences from activated and repressed T-bet targets peaks analyzed by MEME identify enriched

consensus binding motif. Activated T-bet targets are enriched with canonical T-box binding motif. Repressed T-bet

targets are enriched with a weak T-box binding motif followed by a strong AML binding motif.
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Nod1, FasL, Id3, Tcf7, Irf7, Nrp1, Cd86, and Il21. Shown in Figure 4.2B are examples

of functional gene targets and non-functional gene targets with both their time point

gene expression profiles as well as locations of the T-bet binding relative to the position

of the genes.

To uncover potential sequence motif differences between activated and repressed

functional T-bet targets, we analyzed 50 bp genomic sequences surrounding the sum-

mits of activated and repressed T-bet binding peaks and searched for enriched de

novo sequence motif with MEME. Surprisingly, the canonical T-bet binding motif

was only detected in the activated T-bet targets, but not the repressed T-bet targets.

On the other hand, a weak T-bet binding motif followed immediately by a AML motif

was detected for the repressed targets, and not the activated targets (Figure 4.2C).

Our result corroborates with recent reports that link AML/Runx family proteins to

T helper cell differentiation. Djuretic et al. found T-bet and Runx3 physically in-

teract to bind collaboratively to activate expression of Ifng and silence expression

of Th2 cytokine, IL4 [20], enforcing Th1 differentiation. Similarly, Lazarevic et al.

found physical interactions between T-bet and Runx1(AML1) that reverses T-bet’s

inhibition of Th17 polarization [164]. Collectively, analysis of enriched sequence mo-

tifs between activated and repressed T-bet targets reveal key co-regulators of Th1

differentiation.

4.2.3 Stat4 binding site properties are most informative for predicting functional vs.

non-functional T-bet target genes

As mentioned in the previous section, given that T-bet binds to thousands of genes

across the genome, why is it that there are relatively few “functionally” regulated

genes? In this section, we search for mechanisms extrinsic to the T-bet protein by

analyzing the local genomic contexts of T-bet targets. We take a statistical ma-

chine learning approach to find distinguishing features that separate functional T-bet

targets and non-functional T-bet targets.



47

 

 

−2 2 4

Stat 4 Binding (CD4+ T cell) Th1
Stat 6 Binding (CD4+ T cell) Th2
Oct2 Binding (B cell)
PU.1 Binding (B cell)
PU.1 Binding (Macrophage)
CEBPa Binding (Macrophage)
CEBPb Binding (Macrophage)
UCSC 30−way Sequence Conservation
DNASE I Hypersensitivity (CD4+ T cell Human) Th1
DNASE I Hypersensitivity (CD4+ T cell Human) Th1 vs. Th2
H3K4me2 methylation (WT) Th1
H3K4me2 methylation (WT vs. T−bet KO ) Th1
H3K4me3 methylation (WT) Th1
H3K4me3 methylation (WT vs. Stat 4 KO) Th1
H3K4me3 methylation (WT vs. Stat 6 KO) Th2
H3K27me3 methylation (WT) Th1
H3K27me3 methylation (T−bet KO vs. WT) Th1
H3K27me3 methylation (WT vs. Stat 4 KO) Th1
H3K27me3 methylation (WT vs. Stat 6 KO) Th2
H3K27me3 methylation (WT vs. T−bet KO) Th1
H3K36me3 methylation (WT) Th1
H3K36me3 methylation (WT vs. Stat 4 KO) Th1
H3K36me3 methylation (WT vs. Stat 6 KO) Th2

6 80
(Importance Score)

Min. distance to a T-bet site
Total width of peaks (w.r.t. gene size)
Max. peak score
Number of peaks (w.r.t. gene size)
Number of T-bet sites within 500 bps

Figure 4.3: Genomic signals from Stat4 are the most “important” predictors
for a functional T-bet target gene. Different sources of genomic data such as transcription

factor binding sites, sequence conservation, DNAse hypersensitivity, and histone methylation were collected. Genomic

features were then extracted from these sources of data for the prediction of “functional” T-bet targets. A random

forest classifier was built to help identify patterns within these features. “Importance” scores from the random forest

classifier are displayed in heatmap representation. Importance scores provide a measure of significance for the different

features utilized for the classification task. The rows represent the different sources of genomic data. The columns

represent the extracted features. The colors represent the magnitudes of the importance score.
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We generated and collected a number of genome-wide data sets to capture the

local genomic contexts, including histone methylation, transcription factor binding,

DNase I hypersensitivity, and sequence conservation. From our previous study, we

found T-bet induces permissive H3K4me2 histone methylation marks and remove

repressive H3K27me3 marks [18]. Hence, we generated H3K4me2 and H3K27me3

ChIP-Seq data from wild type and T-bet−/− cells. Additionally, we downloaded

H3K4me3, H3K36me3, and H3K27me3 histone methylation data for Stat4 and Stat6

from Gene Expression Omnibus (GEO) [149]. These transcription factors are key sig-

naling molecules for Th1 and Th2 differentiation. H3K4me3 and H3K36me3 histone

methylation marks correlate with active transcription while H3K27me3 marks corre-

late with silenced transcription [14]. We also found sequence conservation (PhastCon

Multiz 30-way) [28] and Encode DNase I hypersensitivity data for Th1 and Th2 po-

larizing conditions [165] from the UCSC genome repository. Sequence conservation

data has the potential to highlight important genomic regions selected by evolution,

while DNase I hypersensitivity data reveals the open regions of the chromatin. How-

ever, the DNase I hypersensitivity data was collected in human; thus, we mapped the

data from human to mouse using the lift-over tool provided by the UCSC genome

repository. Finally, as negative controls, we also included ChIP-Seq data from PU.1,

Oct2, CEBPα, and CEBPβ [166]. These transcription factors are not known to play

important roles in T helper differentiation process, and were harvested from B cells

and macrophages; therefore, we do not expect to gain significant information from

them.

From the above listed types of data, we construct 23 genomic data sources(as

represented in Figure 4.3 rows). For each data source, we extract 5 features (as

represented in Figure 4.3 columns). The features are as followed: 1) Minimum

distance between the peaks of a gene and the closest T-bet site, 2) Total width of

the peaks (normalized to gene size), 3) Maximum score of the peaks, 4) Number of

total peaks (normalized to gene size), and 5) Maximum number of T-bet sites within
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a 500bp window. Our goal is to identify relationships between genomic features

and functional T-bet regulation by extracting structural patterns within the data

sets. In particular, we are interested in determining which genomic features are most

informative for predicting “functional” T-bet targets. The answer to this question

can potentially improve our understanding of the Th1 differentiation process.

The statistical machine learning approach we utilized is random forest [29]. It is

an ensemble method that builds a collection of decision trees and outputs a classi-

fication result by majority voting. It handles class imbalance by inversely weighing

misclassification cost to class sizes. Its key advantages include an output ranking

of the attributes based on their “importance” in determining a classification task.

Figure 4.3 is a heat map representation of the importance Z score from the random

forest classifier for the 23 sources of genomic data and 5 features that we collected.

The more important the attribute, the higher the score, the darker is the shade of the

color red on the map.

For genes that are bound by T-bet, Stat4 binding and H3K4me3 methylation

patterns are the two most distinguishing sources of data for determining whether or

not T-bet functionally regulate them. All but one of the features derived from Stat4

binding are very informative. Since Stat4 is known to be integral to the signaling of

Th1 differentiation [167,168], in retrospect, it is not surprising to find Stat4 binding to

be the most informative source of data. In particular, the distance to a T-bet binding

site seems to be the most important feature. This is encouraging because Stat4 is

required by T-bet to promote Th1 differentiation [169]. The other important source

of data, H3K4me3 methylation pattern, has two informative features: 1) total width

of peaks and 2) number of peaks. Since these two features tend to be correlated,

they both have high importance scores. Interestingly, using Stat4−/− methylation

as a background to identify Stat4-specific histone methylation peaks improves the

classification. This points to a model where Stat4 binding is the key determining

event for T-bet transcriptional regulation and Stat4-induced H3K4me3 methylation
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as a downstream effect.

There are also notable differences between transcription factor and histone methy-

lation data. Transcription factors operate on specific sequence motifs, whereas histone

methylation can affect large genomic areas. Unlike Stat4 peak data, the total size of

H3K4me3 methylation is more important than the distance to T-bet sites. Most likely,

as a transcription factor, Stat4 only binds DNA at specific sequences, whereas histone

methyl transferases can operate over a much longer range, hence, the distinguishing

features for the two data sources are different. There are fundamental differences

between histone methylation marks as well. The total width of methylation marks

is an important feature for H3K4me3, but not for H3K27me3 and H3K36me3. For a

functional T-bet target, it is more important to have K27 and K36 marks close to a

T-bet site, than to have long stretches of K4 methylation. Interestingly, the DNase I

hypersensitivity score also seem to be indicative of functional T-bet targets. Target

genes that are “really” open during Th1 differentiation process are likely to be a func-

tional T-bet target. As expected, not all the data types are important for predicting

functional T-bet targets. Genomic features derived from Oct2, PU.1, CEBPα, and

CEBPβ have low importance scores.

In general, functional T-bet targets have larger percentages of H3K4me3 methy-

lation on its gene body (3.29% vs. 1.17%). Their minimum T-bet to Stat4 binding

site distance is shorter (208 bps vs. 12915 bps). They have more Stat4 binding

sites (4.89 vs. 1.35). They have larger Stat4 peak widths (2.2% vs. 0.6%). They

have higher maximum Stat4 peak scores (543 vs. 137). Their minimum T-bet to

H3K36me3 peak distance is shorter (11176 bps vs. 19086 bps). And their minimum

T-bet to H3K27me3 peak distance is shorter (14457 bps vs. 25451 bps), but only

under Th2 condition, and not under Th1, suggesting that T-bet bound genes that

are repressed under Th2 condition tend to be functional Th1 T-bet targets. Taken

together, functional and non-functional T-bet target genes exhibit distinct genomic

signal profiles. Both Stat4 and H3K4me3 binding patterns provide important infor-
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mation on T-helper cell differentiation. In order for T-bet to regulate its target genes

Stat4 also need to be bound, suggesting a need for co-regulator(s) to be bound for

regulation to occur. Histone methylation data provides a glimpse of the epigenetic

environment correlating with functional regulation of T-bet targets.

4.2.4 Chromatin-modifying and N-terminal domain are necessary for T-bet to regu-

late its targets

In this section, we search for mechanisms intrinsic to the T-bet protein itself that

regulates functional T-bet targets. Our strategy is to mutate T-bet protein domains

to determine domains that are necessary for regulation. Wild type and T-bet mutant

constructs are over-expressed in T-bet−/− CD4+ T cells under Th1-skewing condi-

tions. The rationale is that wild type T-bet proteins would rescue the expression of

T-bet targets, while T-bet mutants would impede the expression of T-bet targets —

if these mutants have been mutated in such a way that they no longer contain the

functional activities necessary to regulate T-bet targets.

From our previous studies of prototypic targets such as Ifng and Cxcr3, we have

generated a series of T-bet mutants that can bind to T-bet targets, but are deficient

at regulating T-bet targets because key residue(s) have been mutated or an entire ter-

minal domain has been truncated [18, 146]. These constructs include: 1) Wild type

T-bet [T-bet 1-530], 2) C-terminal truncation mutant, missing transactivating poten-

tial [T-bet 1-330], 3) N-terminal truncation mutant, missing transactivating potential

[T-bet 120-530], 4) Chromatin-modifying mutant that abolishes its interactions with

demethylase Jmjd3 and methyltransferase Set7/9 [T-bet Y182S] (Figure 4.4A). These

four T-bet constructs were cloned into MSCV 2.2, a retroviral vector with a GFP tag

separated by an Internal Ribosome Entry Site (IRES).

Subsequently, these constructs were transfected into Phoenix packaging cell line

along with empty vector to generate retroviruses for over-expression studies. To en-

sure successful transductions, expressions of wild type and mutant T-bet proteins
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Figure 4.4: T-bet requires both the chromatin-modifying and the c-terminal
trans-activating activities to regulate its functional targets. CD4+ T-cells from

T-bet−/− were retrovirally transduced with T-bet mutants. (A)Schematic diagrams represent wild type and mutant
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gene expression comparisons between T-bet mutants and empty vector control. Activated T-bet targets (upper) and

repressed targets (lower) are shown.
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were verified by Western blots and only GFP+ cells were collected for our gene ex-

pression analyses. In addition, we also checked the protein expression of Ifng by flow

cytometry to ensure proper expression of T-bet target. Figure 4.4B shows the ef-

fects of transducing these various constructs into T-bet−/− CD4+ T cells. NKG-7,

an activated T-bet target, is minimally expressed when transduced with an empty

vector, whereas over-expression of wild type T-bet activates NKG-7 expression. Both

the C-terminal and chromatin-modifying mutants were unable to rescue the expres-

sion of NKG-7, while the N-terminal truncation mutant restored partial expression of

NKG-7. Similarly, wild type T-bet also repressed the expression of T-bet targets. As

before, both the C-terminal and chromatin-modifying mutants were unable to rescue

the activity of the wild type T-bet, while the N-terminal truncation mutant contains

partial rescue activity.

However, it is unclear if the requirement for chromatin-modifying and C-terminal

transactivating potential persists for other functional T-bet targets as well; hence,

gene expression microarray studies were performed. Figure 4.4C is a heat map show-

ing the differential gene expression of the various constructs in comparison to empty

vector. The rows represent activated or repressed functional T-bet targets with magni-

tudes larger than two fold. The columns represent the differential gene expressions of

the various T-bet constructs. As an example, going across the columns, the gene Hopx

shows activation by wild type T-bet, minimal activation by chromatin-modifying T-

bet mutant and C-terminal truncation mutant, and partial activation by N-terminal

truncation mutants as indicated by the colors red, green, and orange. The general

trend is that the chromatin-modifying activity and the C-terminal transactivating ac-

tivity are necessary for T-bet to regulate its target genes, whereas the requirement for

the N-terminal domain is target dependent. This is the case for both activated and

repressed functional T-bet targets. Taken together, T-bet’s regulation of its targets

requires both chromatin-modifying activity and C-terminal transactivating activity.
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4.2.5 Functional T-bet targets are also differentially regulated in other T-helper sub-

types

Thus far, we defined a set of functional T-bet targets and studied how they are

regulated under Th1 skewing condition. Not surprisingly, T-bet targets are regulated

under Th1 conditions. However, it is unclear if T-bet targets are also regulated under

other T helper conditions. To answer this question, we extracted the expression of

T-bet targets under Th1, Th2, Th17, iTreg, and nTreg conditions [149]. Shown in

Figure 4.5A upper left panel, are the differential expression of functional T-bet targets

under various T helper conditions compared to naive T cells. As a negative control,

we also randomly sampled an equal number of genes from the same DNA microarrays

(Figure 4.5A upper central panel). In addition, we performed a randomization test

by repeatedly sampling sets of genes to estimate the statistical significance of our

observation (Figure 4.5A upper right panel). Strikingly, functional T-bet targets are

also differentially regulated under other T helper conditions. To observe a randomly

selected set of genes that are as differentially expressed as the T-bet targets is an

extremely unlikely event (P-value < 2e-35). This highly suggests that functional T-

bet targets are not unique to Th1. In addition, even in cellular conditions such as

Th2 and Th17, where the expression of T-bet is repressed, T-bet target genes can still

be activated or repressed, suggesting the existence of potential alternative regulators

or combinatorial regulation.

To get a basis of comparison, we next analyzed the regulation of T-bet targets

under a set of B cell lineage conditions. We extracted the expression of functional T-

bet targets under naive B cells, plasma B cells, germinal center B cells, and memory

B cells conditions [170]. Shown in Figure 4.5B are the differential expressions of

functional T-bet targets compared to naive B cell (left panel), a sampling of genes

under various B cell lineage conditions (center panel), and associated randomization

test procedure (right panel). Significantly, the majority of functional T-bet targets

are not differentially regulated under B cell conditions, suggesting that in order for
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T-bet targets to be regulated to give rise to the Th1 gene expression profile, both the

cellular conditions, and the sets of targets genes involved are important. Interestingly,

we also observed a small block of functional T-bet targets that are repressed in plasma

B cell condition but not in germinal center B cells and memory B cells. We suspect

some T-bet targets are actively repressed in naive B cell to plasma B cell transition.

4.3 Discussion

Th1 differentiation is central to the clearance of intracellular pathogens. T-bet, as the

Th1 lineage-determining transcription factor, establishes the global gene expression

profile that ultimately leads to the Th1 phenotype. In this study, we focused on

the important question of how T-bet affects the necessary gene targets on a genome-

wide level to bring forth this transition. We uncovered a set of “functional” T-bet

targets by combining binding location and gene expression analyses. For T-bet to

regulate these gene targets, it requires chromatin-modifying activity from the T-box

and trans-activation activity from the C-terminus. Gene targets that are regulated by

T-bet exhibit distinct genomic attributes distinct from those that are not. Specifically,

binding pattern information from Stat4 and H3K4me3 marks are most informative.

When extended beyond Th1 conditions, we found many of T-bet targets are regulated

under other T helper conditions as well.

We observed an abundance of T-bet binding events across the genome, yet a

relatively small percentage of T-bet bound genes are differentially expressed. This

raises the intriguing question about the differences between factor-bound genes with

functional consequences and those without. Stat4 binding events seem to be the

most important factor for predicting functional expression of T-bet targets. This

observation suggests a likely model where T-bet can bind to many locations in the

genome, but for many functional targets, unless the “right” co-regulator (Stat4) is

also present, transcription does not ensue. Similarly, we have previously reported

that T-bet binds to target genes in multiple cell types, including B cells, CD4 T-cells,



57

CD8 T-cell, and NK cells, yet only a subset of T-bet bound genes exhibit functional

consequences [161]. It is likely that even though T-bet bindings are detected in these

cell types, T-bet does not regulate these targets unless the right co-regulating partners

are also in place. This also potentially explains why we see differentially expressed

T-bet targets under the various T-helper conditions much more frequently than under

B cell cellular contexts. In a sense the cellular context could be thought of as the

presence of a collection of T-bet co-regulators. Thus, it makes sense that under the

various T helper cellular conditions, T-bet targets are more regulated than under B

cell contexts, because under the B cell contexts, necessary co-regulators of T-bet are

not present.

Our study paints a complex picture of regulations involving combinatorial control

of transcription factors and proper setting of epigenetic states. The T-bet protein can

bind to many locations in the mouse genome, where it modifies the local chromatin

environment and transactivates the expression of target genes [18]. However, this

regulation requires the presence of appropriate co-regulators. Subsequently, local

genomic attributes of target genes are altered. T-bet target gene expression can be

further modulated depending on the co-regulator(s). When T-bet is not present, other

lineage-determining transcriptions likely also participate in regulating the expression

of functional T-bet targets. Subsets of T-bet targets are similarly regulated under

certain T helper conditions, giving rise to the complex combinatorial regulation of its

target genes.

In this study, we combined binding and gene expression data types to define a set

of functional T-bet targets. This approach can readily be applied to the study of other

T helper lineages. If similar studies were performed for additional T helper lineages

using Gata3, Foxp3, RORγt, and Bcl6, shared functional target genes between T

helper lineages can be identified, and potential co-regulators teased out. Ultimately,

a network-level understanding of transcriptional regulations that underlie T-helper

cell differentiation would emerge. Further, this level of understanding is necessary to
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modulate CD4+ T cell responses that are specific to infectious pathogens, allergenic

agents, and immunogenic self antigens. In summary, T helper cell differentiation is a

complex process, and T-bet is but a member of this interacting web of co-regulating

players that direct the expression of T helper cell targets.

4.4 Methods

4.4.1 Mice, T-cell Isolation, and Culture

CD4+ T cells were isolated as previously described [161]. Briefly, spleen and lymph

nodes were harvested from C57BL/6 wild type and T-bet−/− mice. Mouse CD4+

T Cell Isolation Kit by RD Systems were used for the purification and verified by

flow cytometry with over 95% purity. CD4+ T Cells were activated with plate-

bound αCD3(5 ug/mL) and αCD28(10 ug/mL) in the presence of α-IL4(10ug/mL)

overnight in IMDM supplemented with 10% fetal bovine serum, 100IU/mL penicillin,

0.1 mg/mL streptomycin, and 2mM β-mercaptoethanol. They were then cultured

under Th1 conditions with IL-2(10ng/mL) and IL-12(10ng/mL) for 3 days and ex-

panded for another 3 days in fresh media under the same Th1 cytokine condition

without αCD3 and αCD28 activation. All mouse studies were performed with the

approval and by IACUC guide lines.

4.4.2 RNA Isolation and qRT-PCR

During the Th1 polarization process, CD4+ T cells were harvested. Duplicates of bio-

logical samples from separate mice were collected on days 1, 2, 4, and quadruplicates

on day 6. RNA was extracted by following the Qiagen RNA purification protocol

(RNA Easy Mini Kit). For quantification, First Strand Superscript II Synthesis Sys-

tem (Invitrogen) was used to produce cDNA template. 2X qPCR Sybr Green mix

(Thermo Scientific) with gene-specific primers (Table S1) amplified the templates.

Actin level of each sample was used for normalization for final quantification
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4.4.3 Microarray Analysis

Gene expression was first checked by traditional RT-PCR. 300 ng of total RNA were

labeled. Fragmentation and labeling qualities of the cDNA were verified with Agilent

Bioanalyzer prior to hybridization onto the GeneChIP Mouse Exon 1.0 ST Arrays.

Gene expression values were extracted and normalized using justRMA algorithm avail-

able in R (Bioconductor package) and Log2-transformed. Gene expression profiling

was performed in biological triplicates.

4.4.4 Chromatin Immunoprecipitation

Wild type and T-bet−/− CD4+ T cells were harvested 6 days post T-cell isolation.

The ChIP protocol is as previously described [146, 161] with the exception of using

Protein A coupled magnetic beads instead of the Pansorbin cells for pre-clearing and

immunoprecipitation. Briefly, cells were cross-linked in 1% formaldehyde and the

nuclei were isolated, sonicated, and then pre-cleared with Protein A (Dyna beads).

Sonicated chromatins were incubated with specific and control antibodies overnight at

4◦ C. Chromatins were then immunoprecipitated, washed, and eluded. Cross-linking

reversal was done at 65◦ C for 4 hours. The DNA was purified by proteinase K di-

gestion followed by phenol/chloroform extraction and DNA precipitation. Antibodies

for T-bet(Santa Cruz), H3K4me2(Millipore), and H3K4me3(Millipore) were used for

the precipitation of chromatin.

4.4.5 High-Throughput Sequencing

DNA library preparation was performed by following the Illumina protocol. DNA

fragment ends were repaired and ligated to illumina adaptors. The fragments were

selected (300-350 bps) amplified, and sequenced on Illumina Genmoe Analyzer II.

Eland pipeline was used to output sequence reads of 36 bps. Only uniquely mapped

reads to mouse genome (mm9) were kept for further analysis downstream. Peak-

calling was determined by MACS (Modeled-based Analysis for ChIP-Seq) at a P-value
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cutoff of 10−5..

4.4.6 Retroviral Transduction

Full length and mutant T-bet expression constructs were described previously [18,

146]. T-bet 1-530 (Full length), T-bet 1-331 (C-terminal truncation), T-bet 120-

530(N-terminal truncation), and T-bet Y182S (domain 1 demethylase and methyl

transferase mutant) were sub-cloned into the MSCV 2.2 expression vector. The

MSCV2.2 vector was a gift from Dan Stetson containing GFP separated by an in-

ternal ribosomal entry site (IRES ). To generate the virus, T-bet MSCV constructs

were transfected into phoenix Eco packaging cell using calcium phosphate following

protocols from G. Nolan. Viral soup was collected 36 hours post transfection and

applied to Day 1 CD 4+ T-bet−/− cells and centrifuged in the presence of polybrene

(5 mg/mL) at room temperature for 90 minutes under Th1 culturing condition. Viral

soup was replaced with fresh Th1 culturing media on Day 2. Cells were expanded for

3 days and harvested on Day 6. GFP+ cells were sorted for gene expression analysis

by qRT-PCR and microarray.

4.4.7 Transient Transfection

EL4 cells were cultured in RPMI supplemented with 10% fetal bovine serum, 100IU/mL

penicillin, 0.1 mg/mL streptomycin. Transfections were performed using the AMAXA

nucleofection system following manufacturer’s protocol. 4 million cells were used for

each transfection with program O-17 and solution V. Cells were harvested 18-22 hours

post transfection.

4.4.8 Data Collection and Pre-processing

In addition to the T-bet, H3K4me2, and H3K27me3 ChIP-Seq datasets we gener-

ated a number of genome-wide datasets were collected and extracted as features for

our classifier that distinguishes between functional and non-functional T-bet targets.
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From GEO, we downloaded STAT4 and STAT6 binding sites, H3K4me3, H3K27me3,

and H3K36me3 histone methylation sites (GSE22104) and 2) CEBPα, CEBPβ, Oct2,

and PU.1 binding sites (GSE21512). From UCSC genome repository, we downloaded:

3) Th1 and Th2 DNase I hypersensitivity sites (UW DNase I HS) and 4) Sequence

Conservation (Multiz 30-way PhastCon scores). A total of 23 sources of data are

collected. When the short sequence reads are available, peaks were determined by

MACS at P-value threshold of 10−5.. Otherwise, we used the peaks provided by the

investigators of the studies, after we visually verified the quality of their peak-calling

outputs. For each of the 23 types of peak data sources, 5 features were extracted: A)

Minimum distance to the closest T-bet site, B) Total width of the peaks (normalized

to gene size), C) Maximum score of the peaks, D) Number of total peaks (normalized

to gene size), and E) Maximum number of T-bet sites within a 500bp window. A

total of 115 (23 x 5) features were constructed for predicting if a bound T-bet target

gene is functional or non-functional.

4.4.9 Classifier Construction and Prediction

We constructed a Random Forest [29] classifier to help identify the structural patterns

that distinguish between functional and non-functional T-bet targets. Functional tar-

gets are bound by T-bet and have differential gene expression between WT and T-bet

KO, whereas non-functional targets are bound by T-bet but have a differential gene

expression of less than 1.2 fold. Differential gene expression is determined by Signif-

icance Analysis of Microarrays (SAM) FDR < 0.03 [162]. To handle the imbalance

of training examples between the functional targets and the non-functional targets,

the classes were weighted inversely proportional to their class sizes. 30 variables were

split at each node. 500 trees were grown in the forest for training and testing.
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4.4.10 Motif Enrichment Analysis

To find de novo enriched motifs that are in close proximity to T-bet binding sites,

we downloaded sequences that are 100 bps from the summit of the T-bet peaks from

Ensembl [150] with repeats masked. T-bet peaks with the highest enrichment scores

as reported by MACS were scanned by MEME [152]. Enriched motifs were submit-

ted to TOMTOM [154] to identify the transcription factor associated with the en-

riched motifs. Sequences associated with up-regulated and down-regulated peaks were

also analyzed by MEME and mapped back to transcription factor using TOMTOM.

To identify potential discriminative transcription factor binding partners, 100 bp se-

quences in close proximity to T-bet peak summits of up-regulated and down-regulated

T-bet targets were scanned with transcription factor matrices in TRANSFAC [153]

using FIMO from MEME suite at p-value cutoff of 10−5.
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Chapter 5

CONCLUSION

Graduate training has been a journey, and I am fortunate to have had the rare op-

portunity to study a research question from two distinct perspectives: Most students

get only one view. This endeavor stretches my thinking and forces me to question

what is true, while reconciling differences between the perspectives. The question of

cell fate determination — how seemingly similar neighboring cells ultimately differ-

entiate into disparate cell fates, and maintain their differences — presents a fertile

ground to explore diverse subjects such as developments of neutrophils and T helper

cells; designing and conducting experiments; and constructing and interpreting com-

putational models.

In chapter one, the question of cell fate determination is presented from both

systems dynamics and molecular mechanism perspectives. Brief introductory mate-

rial on neutrophil and T helper cell differentiation is provided. In chapter two, the

discussion is shifted to experimental data types and ways of tying experimentation

and computation together. Chapter three contains our study of neutrophil differen-

tiation from a systems dynamics perspective. Chapter four includes a study of Th1

differentiation from a molecular mechanism angle.

For our systems dynamics study, the novelty is in designing experiments that

exploit the key point that cell fates are attractors in high dimensional space — use

theory to inform experimental design. This allows us to hone in on a class of genes

that exhibit “divergent” gene expression profiles and are associated with neutrophil

differentiation and cancer, elucidating molecular level details.

Though not directly addressed in our study, the systems dynamics perspective

is grounded on a conceptually rich formal framework rooted in dynamical systems
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theory [171–173]. Not only is this framework powerful for studying development, it has

been applied to comprehend a network’s emerging properties such as criticality [174],

robustness [175], noise [12], heterogeneity of cell types [176], cancer [177,178] and stem

cell behaviors [179]. Indeed, it is rare to find a unifying perspective that encompasses

all these phenomena.

Coming from a molecular mechanism perspective, we focus on details of the molec-

ular machinery that underlies differentiation. We begin by defining a set of genes that

are functionally regulated by T-bet. Then, to hunt for extrinsic mechanisms regu-

lating T-bet targets, we collect a number of data sets and use statistical machine

learning techniques to find important features that signal Th1 differentiation; for in-

trinsic mechanism, we over-express mutant T-bet proteins and study these mutants’

abilities to regulate T-bet targets. In the end, we found T-bet target genes to be

regulated under other T helper conditions as well.

With the advancement of genome-wide technologies and the releases of consortium

data such as those from ENCODE [165], high-throughput data has become more ac-

cessible and the usage of machine learning techniques to analyze biological data more

popular. Data sets that include histone methylation, transcription factor binding,

DNase-Seq, DNA methylation, RNA-Seq, and gene annotation make the problem of

heterogeneous data integration a very active area of research, as investigators grapple

to put all the information together to gain biological knowledge. And over time, the

“molecular maps” that detail regulatory relationships between genes should improve.

Both perspectives offer valuable insights into the process of cell fate determination.

Naturally, one is left to wonder if the two perspectives can be merged or combined.

One exciting future direction could be a coupling between the two approaches. First,

take advantage of the molecular mechanism approach: interrogate patterns within the

abundant genomic data to construct detailed models of regulation (gene regulatory

networks). Second, use these molecular maps as the basis for a systems dynamics

approach to construct simulation models to track state changes of the systems. For
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example, one might combine transcription factor binding data with time point gene

expression data to construct a model of a gene regulatory network for a module of

genes. The model can then be used to find attractor states for the system. Further,

one can take additional steps to identify “lever” node(s) that could perturb the system

to jump from one attractor state to another as possible intervention measures so as

to alter the cellular state.
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