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Abstract

Gaining a mechanistic understanding of cellular state transitions is a fundamental
objective of biology. Of interest are the factors that coordinate cell state transitions, the
type of regulatory interactions between them, and how both can be impacted to modify
the state transition. A powerful tool for modeling gene interactions that underlie cellular
state transitions are transcriptional regulatory networks. Some of the key advantages of
modeling cellular state transitions with transcriptional networks is their ability to be
combined with mathematical modeling to simulate the network, allowing for a dynamical
understanding of how the network controls the state transition, as well as the
experimental tractability of testing transcriptional regulation. However, accurate
networks are difficult to obtain and currently no gold standard networks exist for
mammalian biology, and currently there is a need to develop methods to improve

network inference and modeling.

The work presented in this thesis consists of novel computational methods for modeling
gene regulatory interactions. Chapter 1 consists of an introduction to the work presented
herein, Chapter 2 provides details about the methods used for the work contained in the
thesis, and in Chapter 3, work is presented that shows how classical systems biology
methods can be used to gain information (i.e. which transcriptional regulatory
interactions govern specific cellular state distributions or how the behavior of these
interactions change in networks of different sizes and types) for genomics approaches.
We present the first comprehensive dynamical evaluation of all nonredundant four-node

circuits and use this to develop a method that can identify circuits, motifs, and motif
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coupling responsible for any dynamical feature that can be described with a score, which
is a quantitative measure of how well circuits are capable of achieving a specific
dynamical feature. We demonstrate how this method can be used to understand the
interactions governing theoretical representations of commonly observed types of gene
expression state distributions, different classes of simulated gene expression state
distributions, and human glutamatergic neuron differentiation. This approach is then
extended to identify the regulatory interactions that underlie fundamental properties of
transcriptional networks, such as the ability to generate multiple states and the ability to

respond to signals.

In Chapter 4, a method for the inference and dynamical modeling of transcriptional
regulatory networks is presented. This method uses both literature and data driven
approaches to identify transcription factors that are active, the activity of those
transcription factors, and the transcriptional regulatory network governing those
important transcription factors, explicitly for the purpose of dynamical modeling. We
show how to simulate the resulting network to gain a mechanistic understanding for the

regulatory interactions responsible for TGF- 3 driven EMT and macrophage activation.

The methods in this thesis help to address key issues in both the fields of Systems
Biology and Genomics by showing how aspects of each can be combined to learn
important information about gene regulatory interactions. We identify specific regulatory
interactions governing multiple different classes of state distributions and human

glutamatergic neuron differentiation. We also identify regulatory interactions that allow
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for key dynamical aspects that allow regulatory interactions to function and evaluate how
the behavior of those interactions change in networks of different sizes and types.
Additionally, we identify key TFs and regulatory networks governing both EMT and
macrophage activation. The information gained through the combination of these two
fields is vital for accurately characterizing the factors involved in cell state transitions,
understanding how these factors interact, and predicting the outcome of changes to these

interactions.
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1. Introduction

1.1 Cell states and cell state transitions

Cell states are defined by their cellular ability to achieve a specific function and a
transition between cell states necessarily involves a change in the cell function'. The
transitions involve a large number of molecular and phenotypic changes including:
activity of important regulatory elements (promoters and enhancers), RNAs that are
expressed, modifications of proteins, shape of the cell, levels of cell motility, and reliance
on contacts with other cells>. There are also a number of epigenic changes that occur
during cellular state transitions including changes in the accessibility of chromatin at both
genes and regulatory regions, DNA methylation, histone modifications, and re-
organization of the three-dimensional chromatin landscape®>. These transitions play
pivotal roles in normal development and disease progression, with notable examples
observed during embryonic development?, tissue maintenance®, and cancer®. In
embryonic development, pluripotent stem cells transition through many different cell
states before arriving at terminally differentiated cell types’. In homeostasis and repair,
different sets of epidermal stem cells are either continuously differentiating to ensure
tissue renewal in the absence of injury, or are activated upon injury to provide cells for
regeneration and tissue repair®. In cancer, a well-studied process, Epithelial to
Mesenchymal Transition (EMT), occurs that mimics normal development and wound
healing®. EMT involves a state transition from an epithelial cell phenotype to

mesenchymal phenotype, with mesenchymal states implicated in invasion and



metastasis®®. Cell states were traditionally identified based on observable features, such
as morphology and location 3. However, more recently, the classification of cell states
has shifted towards molecular characteristics, with gene expression patterns being one of

the primary means of characterizing cellular states'?.

The initial characterization of cell states through gene expression primarily relied on the
expression of a few marker genes that were highly correlated with specific functional
states'. However, high throughput methods have emerged that enable cell type
identification based on genome-wide expression patterns to discern distinct cell types.
Cell type and cell state are terms that are often used interchangeably, however cell types
are generally a more broad term that refers to the biological classification of the type of
cell (i.e. neuron, epithelial cell, macrophage, etc.) while cell state refers to the functional
status of the cell. Different cell types each occupy different cellular states, but the same
cell types can occupy different cell states depending on what it is currently doing. One
particularly powerful method that has been developed is single-cell RNA-seq, which
profiles the RNA in individual cells, and is great for capturing rare cell states. One
downside of single-cell RNA-seq is that genes that are only expressed in a small number
of cells, or with a very low overall expression, are often filtered out’. This filtering
process results in only a small fraction of the genome being quantified. An older method,
bulk RNA-seq is still commonly employed to capture genome wide expression patterns.
Since bulk RNA-seq represents total transcripts of a cell population, it is not able to
provide the same level of information as single-cell RNA-seq when it comes to

heterogeneity or the presence of rare cell populations since it relies on population



averaging of transcripts!®. Despite the differences in techniques, the classification of cell
type of both methods are similar, with genome-wide patterns of cells states in question

typically being compared to reference populations of known cell types.

Although gene expression capture methods are the predominate way of classifying
cellular states, there are some limits to their ability to provide a functional readout of the
cell. mRNA is only an intermediate molecule, between DNA and proteins, that often does
not have catalytic functions by itself. Despite expression levels being used as a proxy for
protein levels, there are several regulatory events that occur after expression and before
the protein achieves its function that show mRNA is not the best readout for the function
of the cell'"!2, These regulatory events include: RNA splicing influenced by splicing
elements, RNA silencing by miRNA or siRNA, RNA export, mRNA stability in the
cytoplasm influenced by elements in the 3’ UTR, translational control, post translational
modifications required for fully functional proteins (eg. phosphorylation, glycosylation),
and folding of the peptide into the correct functional confirmation with the help of
chaperones. The fully functional proteins are then potentially subjected to degradation,
must be transported to the location where they achieve their function, and finally often
have to associated with other factors to achieve their goal. All these steps can be
regulated and cause a lack of correlation between RNA and protein levels!'®. However,
due to the difficulty of profiling the full protein compliment of the cell, coupled with the
abundance of publicly available gene expression data and ease of generating new gene

expression data, gene expression is still widely used as a functional readout of the cell.



Classical studies of cell state transitions have led to the idea of discrete cell states with
commitment points for cell fates, where a specific point occurs in a transition and the cell
becomes irreversibly committed without the ability to transition back'4. However, more
recent studies have supported the idea of continuous cell states, with a distinction

between two states arising from statistical cut-offs!>-17,

Cell state transitions are controlled by the coordinated interaction of many intrinsic
and/or extrinsic factors'®2° but it is often unknown exactly how these factors cooperate to
achieve cell state transitions. Currently, it is believed that the expression of a few key
transcription factors give rise to the maintenance of cellular states and that a change in
their expression levels is required to initiate and facilitate cell state transitions?!-*2, The
alteration of the core transcription factors leading to cell state transitions is determined by
a set of intrinsic regulatory logic between TFs, and this regulatory logic may or may not
be influenced by the environment the cell is in; some cells are able to maintain the
specific interactions that define their cell type despite environmental conditions, while
others will transition to a new cell state in response to different environmental cues!'.
However, identifying the specific factors that are responsible for maintenance of cell
identity or driving transitions, as well as the regulatory logic between them, is a difficult
problem and is an area of research garnering a great deal of attention. Furthermore, it is
not certain if cellular state transitions are controlled by core TF networks or by larger sets
of interactions and testing the hypothesis that core TF networks drive cellular state
transitions is also a difficult problem. Characterizing the TFs responsible directly

responsible for cell state transitions, identifying the regulatory interactions that allow



them to achieve their functions, and predicting the response that direct perturbations have

on cellular identity are all key questions in the study of cell state transitions.

1.2 Transcriptional Regulatory Networks

Networks serve as powerful tools for visualizing and modeling the regulatory interactions
that govern cell states and their transitions. Transcriptional regulatory networks (TRNs)
specifically depict the transcriptional regulatory interactions within a cell. In TRNSs,
nodes represent transcription factors, while edges symbolize the regulatory relationships
between them. These edges can be activating or inhibiting, signifying the nature of the

regulatory interaction®®.

Figure 1.1 Example of a gene regulatory network?*. Nodes are TFs and edges show
activating interactions if arrows and inhibitory interactions if bars.

Various methods exist to infer networks?, and once inferred, they serve as blueprints of

molecular interactions, enabling the derivation of biological hypotheses?®. For instance,



the identification of a novel transcription factor in the regulation of a specific state
transition can be inferred from the network, leading to new insights and hypotheses?3-2°.
Additionally, inferred networks can be simulated through mathematical modeling,
allowing for the exploration of network perturbations and providing a mechanistic
understanding of how changes in the expression of specific genes contribute to the

overall functioning of the network?’.

1.3 Top-down and bottom up approaches

When inferring TRNs, there are two general approaches: bottom-up and top-down?%%.
Bottom-up methods are considered more classical and do not rely on high-throughput
sequencing technologies. Instead, they derive their interactions from extensive literature
searches. This approach ensures the inclusion of known key regulators in the network,
with edges often determined experimentally, thus providing high-confidence and direct
interactions. Bottom-up approaches typically employ mathematical modeling to simulate
the network, which involves defining equations or rules to represent the regulatory
interactions of the network that are then solved to see how the expression of each gene in
the system changes over time. A major step in the development of models is the
ascertainment of correct parameter values, which are often done with literature searches,
optimization algorithms, or empirical measurement from experiments. An important final
step in the develop of a biologically relevant model is validation, which requires the
comparison of the simulated behavior of the network to known behaviors of the

biological system under study, ensuring that the inferred network captures the essential



dynamics of the biological system?®2°, Mathematical modeling of transcriptional
networks can then provide detailed understanding of how the interactions in a network
lead to the emergence of distinct cellular states defined by specific mRNA levels
behaviors and enables the formulation of new testable hypotheses facilitating a deeper

mechanistic understanding of cell state transitions?223-2628,

In contrast, top-down approaches utilize bioinformatic algorithms and whole-genome
data, such as transcriptomic data, to directly infer networks. Network topologies are
typically constructed by identifying statistical dependencies between genes, such as
correlation, mutual information, or regression. The main advantage of top-down
approaches lies in their context-specific nature. By leveraging the experimental
conditions and biological setting at hand, top-down approaches ensure that the identified
interactions directly reflect the given context. Additionally, these approaches have the
potential to uncover novel factors and non-canonical interactions involved in the control

of cell state transitions®2°.

Despite the numerous advantages offered by both top-down and bottom-up approaches,
several challenges persist in accurately inferring TRNs , and currently, there are no
established gold standard TRNs for mammals. In the case of bottom-up approaches,
constructing a network based on curated literature information can introduce issues. The
literature sources often cover diverse biological contexts and experimental conditions,

which can lead to conflicting or incorrect interactions. Additionally, the curation process



itself can be laborious and time-consuming, particularly when dealing with large

networks and vast amounts of available information.

On the other hand, top-down approaches encounter a distinct set of challenges. The
statistical dependencies used in these approaches do not necessarily represent direct
interactions and are susceptible to false positives for interactions between genes?>3%3!,
Moreover, well-known regulators can be overlooked by current top-down methods.
Furthermore, these approaches often neglect the evaluation of network dynamics,

resulting in network topologies that fit statistical relationships but fail to capture the

essential dynamics of the biological system.

Currently there is a critical need to develop new methods for modeling gene regulatory
networks/circuits that combine top-down genome-wide approaches with bottom-up
systems biology methodologies. By combining these disparate approaches to network
modeling, it will be possible to generate context specific networks while also ensuring the
networks behave as expected. Only through the combination of the two approaches will it

be possible to infer accurate and personalized networks.

1.4 Top-down approaches

1.4.1 RNA-seq processing

mRNA plays a crucial role as an intermediate between DNA and proteins, and is

generally used to represent a cell's functional status due to the abundance of publicly



available information as well as the ease in obtaining new information. Therefore,
information regarding the abundance of different mRNA transcripts is essential for
inferring TRNs. Currently, three types of gene expression information are commonly

used for this purpose: microarray, bulk RNA-seq, and single-cell RNA-seq.

Microarray data, although an older technique, consists of an array of probes with known
sequence. These probes are complimentary to genes of interest. Experimentally derived
transcripts, labeled with a fluorophore, are then hybridized with the probes. The location
of each probe is known and the resulting signal intensity is used to measure gene

expression levels*2. However, microarray technology is not frequently used anymore.

Bulk RNA-seq and single-cell RNA-seq are more modern and high-throughput
techniques that enable profiling of the entire transcriptome, offering comprehensive
information and the potential to identify novel transcripts. Bulk RNA-seq involves
averaging gene expression across a population of cells, which may obscure cellular
heterogeneity. On the other hand, single-cell RNA-seq captures the expression profile of
individual cells, allowing for the identification of distinct cell types within a sample.
However, single-cell RNA-seq has limitations such as extensive dropouts (missing data)
and heteroskedasticity (uneven variation). Despite these challenges, single-cell RNA-seq
is particularly suitable for inferring cell state transitions because it can capture multiple

states within the same sample!®.



Typical processing pipelines for both bulk and single-cell RNA-seq data include quality
control to filter out low-quality reads, mapping of transcripts to a genome or
transcriptome, quantification of mapped reads for each feature, normalization of the

resulting counts matrix, and differential gene expression analysis*.

Normalization is an important intermediary step in RNA-seq processing, and the choice
for normalization can have large impacts on downstream analysis results. Normalization
is required for accurate comparison of gene expression between samples and

is the process of scaling raw counts to account for factors that can such as sequencing
depth, gene length, and RNA composition. For Bulk RNA-seq, five methods for
normalization are commonly used: 1) Counts Per Million (counts per million) which
scales reads based on total number of reads, accounting for sequencing depth. CPM is
good for gene count comparisons between replicates but not for within sample
comparisons or DE analysis. 2) Transcripts per kilobase million (TPM) scales reads by
length of transcript per million reads mapped, accounting for sequencing depth and gene
length. TPM is good for comparison of genes within or between samples, but not for DE
analysis. 3) Reads/Fragments per kilobase of exon per million reads/fragments mapped
(RPKM/FPKM) which scales in a similar way and accounts for the same factors as TPM
and is good for comparing genes within a sample but not for between samples or DE
analysis. Normalization by RPKM/FPKM results in different numbers of normalized
counts for each sample and therefore should not be used for comparison. 4) Median of
ratios, developed and used by DeSeq?2, which scales counts by the median ratio of counts

relative to the geometric mean per gene and accounts for sequencing depth and RNA
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composition. Median of ratios is good for comparison of genes between samples and for
DE analysis but not for within sample comparisons. 5) trimmed mean of M values
(TMM), designed and used by EdgeR, which scales on a weighted trimmed mean of the
log expression ratios between samples and accounts for sequencing depth and RNA
composition. TMM is good for comparison between samples and for DE analysis but not

for comparisons within a sample34,

There are three commonly used methods for the analysis of bulk RNA-seq data,
DEseq2%, edgeR*’, and limma®. The input to all three of these methods are a counts
matrix and the output is a list of genes that are significantly differentially expressed
between samples. Deseq2 first normalizes its data via a scaling factor that is estimated as
described above, estimates dispersion for each gene, shrinks the dispersion of genes that
are below average or slightly above, fits the counts of genes to a negative binomial
model, and identifies statistically significant fold changes via the Wald or maximum
likelihood tests*®. EdgeR normalizes counts using the trimmed mean of M values. Edge R
models counts assuming a negative binomial distribution, using an empirical bayes
procedure to shrink dispersion, and identifies DE genes an exact test analogous to
Fisher’s Exact test but for over dispersed data®’. Normalization for Limma is often
performed using EdgeR’s TMM, uses empirical bayes statistics to moderate standard
errors but does not estimate gene wise dispersion. Limma fits a linear model to the data,
without a negative binomial assumption, to identify DE genes using a modified t-

statistic3®.
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Seurat®® is a commonly used single-cell RNA-seq analysis toolkit. Seurat takes multiple
single-cell RNA-seq datasets as an input, and as a first step, uses canonical correlation
analysis to learn a gene correlation structure for each dataset, called a CCA bias vector.
The bias vector is then aligned between datasets using non-linear dynamic time warping
to create a shared low dimensional space for projection. After the datasets are projected
into a shared space, clustering is performed to identify different cell populations which
can then be analyzed to identify population differences between conditions, such as cell

type proportion shifts and specific transcriptional responses.

1.4.2 Bioinformatic methods for inference of gene regulatory networks

Bioinformatic methods of regulatory network modeling often use gene expression data to
construct networks from statistical dependences between genes*. These methods take
high-throughput gene expression data as an input and output a network as described in
section 1.2. Such methods usually stop once the network is identified and do not model
dynamics of the network. Multiple evaluations of network inference methods have been
performed, including the DREAM4*! in silico network inference challenge, the
DREAMS5*? network inference challenge, and BEELINE?, among others®*3!43, When
evaluated, these types of methods often have shortcoming that include failing to infer
multiple regulatory inputs of genes and an abundance of false positive edges that
represent indirect interactions. Below, some of the top performing methods are

described.
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GENIE3* is a highly effective network inference tool that has demonstrated outstanding
performance in the DREAM4 and DREAMS5 network inference challenges*. It has also
proven to be one of the top performers and most stable inference methods in other recent
benchmarking studies of network inference tools?®. The key principle behind GENIE3 is
the use of random forest models to identify the most predictive genes for the expression
of each target gene in a given gene expression matrix. The models assign weights to
transcription factors (TFs), with higher weights indicating stronger TF-target regulatory
interactions. By employing random forest models, GENIE3 can capture non-linear
interactions from gene expression data. The output of GENIE3 is a table that provides

information on genes, their potential regulators, and the corresponding weights.

Random forest models are a form of supervised machine learning that consist of an
ensemble of decision trees*. Random forest algorithms can be used for both regression
and classification problems and work by combining the results of multiple decision trees
to increase the overall performance of the model. The random forest algorithm randomly
selects observations and features to build its decision trees and then averages the results
to make predictions. The main advantages of random forest models are their ability to be
used for both regression and classification and the ability to view the relative importance
the models assign to the input features. For GENIE3, gene expression serves as the input
and each gene’s expression profile is treated as a feature. The goal of GENIE3 is to
predict the expression of each gene based on the expression of all other genes in the
dataset. GENIE3 creates multiple decision trees for each gene using the expression of all

other genes. The feature importance calculated by GENIE3 show how much each gene
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contributes to the expression of each target gene. Features with higher importance are

considered more influential and used to build GRNs.

Another highly performing network inference tool is GRNBoost24, which has excelled
in the DREAM5* challenge and BEELINE?®. GRNBoost2 builds upon the architecture
of GENIE3 but utilizes gradient-boosting machines (GBM) to infer regulatory
interactions. It employs shallow regression trees (trees with a depth of 1) that are
combined to create a more robust tree. This approach differs from GENIE3, as GENIE3
employs bagging to enhance model performance. Bagging is a machine learning
technique that improves model prediction by training multiple instances of a single base
learning algorithm using different subset of the training data and then combining their

predictions to make a final prediction®’.

SCENIC* is a comprehensive workflow that incorporates either GENIE3 and
GRNBoost2, along with RcisTarget and AUCell, to infer regulons of TF-target
interactions specifically for single-cell data. The SCENIC workflow involves three main
steps: 1) construction of a co-expression matrix using either GENIE3 or GRNBoost, with
a defined threshold to identify putative regulatory interactions above the threshold.
Although co-expression can introduce false positives due to co-regulation and indirect
interactions, SCENIC overcomes this limitation by 2) identifying direct interactions
through cis-regulatory sequence analysis using RcisTarget. RcisTarget identifies enriched
TF-binding motifs and candidate TFs for a given gene list. Modules, identified in step 1,

are retained only if they show significant enrichment of the correct upstream regulator,
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and edges are removed if the target genes do not contain regulatory motifs for the
upstream TF, ensuring the presence of only direct interactions. The retained pruned
modules are referred to as regulons. 3) The activity of regulons is then scored using
AUCell, which calculates the activity score for the entire regulon, ensuring robustness

against dropouts*s,

Despite these methods being top performers in benchmarking studies, further
improvements are still needed. Multiple reports have shown that these network inference
methods typically have a high level of false positives, low intersections with interactions
inferred from ChIP-seq data, and do not generate reproducible results*>-%4°, One major
shortcoming of these methods is that they focus purely on identifying topologies that
describe statistical dependencies between genes and do not take into account the
dynamical behavior of the networks they generate (i.e. state distribution), leading to
networks that are unable to recapitulate the behavior of the biological processes they are

trying to model.

1.5 Bottom up methods

1.5.1 Boolean, Bayesian. and ODE network modeling approaches

Various approaches have been employed for modeling gene regulatory networks,
including Boolean, Bayesian, and ODE methods, each offering distinct advantages and
limitations. Boolean networks are represented as signed and directed graphs and are

parameterized with logical functions. In Boolean modeling, gene activation is binary,
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either 1 (active) or O (inactive). TFs in a Boolean network exert regulatory influence on
target genes through logical functions, and the network is simulated using update
schemes that reflect the logic of interactions. Simulations can then be analyzed to identify
attractor states, which represent different cellular states, transitions between attractor
states, and to understand how perturbations to the network can alter the resulting states.
The key advantages of Boolean modeling are its requirement for a relatively small

number of parameters and the ability to incorporate logic rules>.

Bayesian modeling consists of two components: 1) a directed acyclic graph (DAG) where
nodes represent random variables and directed edges depict stochastic dependencies, and
2) conditional probability distributions assigned to each variable that describe the
interactions specified by the edges. The absence of an edge between two nodes implies
that they are independent given the values of any intermediate nodes, which is known as
the Markov condition. Bayesian models offer the advantage of providing probability
distributions as output, which can be more informative than a single value. However,
Bayesian modeling has limitations, including the fact that the DAG structure may not
reflect biologically relevant TRNs, and it often requires substantial computational

resources’!.

Ordinary Differential Equation (ODE) based methods are used to model dynamical
systems of genes, often with a different equation for each gene. Each ODE describes the
change in the expression of that gene over time and contains numerous parameters that

describe different aspects of the system, such as rates for production and degradation,
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thresholds for activation or inhibition, and the magnitude of influence a regulator has on

its target>?

. Dynamical modeling with ODEs has led to the idea of different types of
steady states for biological systems including oscillatory steady states, stable steady states
and unstable steady states. Oscillatory steady states in biology are stable states that have
reoccurring patterns which do not converge and instead exhibit periodic oscillation
around an equilibrium. A common example of an oscillatory steady state is the cell cycle.
Stable steady states are states in which slight perturbations cause a return to the systems
original state, also known as attractor states. An unstable steady state is a state in which
slight perturbations results in the system moving far away from the original state until
another steady state is reached. Terminally differentiated cells are an example of stable
steady states while bifurcation points that occur during the differentiation process are
thought of as unstable steady states>*. ODEs key benefits are their ability to give detailed
and biologically relevant descriptions of a system. The drawback of ODEs however, are

that they require many difficult to obtain parameters in order to achieve biological

relevancy and that they do not scale well>>3.

While the approaches described in this section consider the dynamical behavior of
networks, they are typically applied to smaller circuits derived from literature
interactions. The literature interactions often come from multiple genetic backgrounds
and experimental conditions. Because of how the networks they model are constructed,
they do not consider context specific interactions and are unable to implicate novel TFs in

driving cellular state transitions.

1.5.2 Gene Regulatory Circuit Motifs
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Network motifs refer to recurring small circuit topologies observed within larger gene
regulatory networks>*. These motifs have been found to play distinct roles in creating and
maintaining circuit states, driving state transitions, and processing signals, as
demonstrated through synthetic biology>®, computational systems biology modeling®6-7,
and experimental studies®. Traditionally, gene circuit motifs were identified by
examining the topology of large biological networks, such as those from E. coli and S.
cerevisiae, to detect the presence of smaller circuit motifs®*3%¢0, Motifs are considered
significant when they are overrepresented in biological networks compared to randomly

generated networks>4.

Recent research has focused on identifying functionally relevant circuit motifs that can

produce specific dynamical behaviors>6->7:61:62

. This involves using mathematical
modeling to design circuits and then analyzing them for enriched motifs. For example,
Ye et al.”” identified three-node circuits capable of generating stepwise transitions
between four states with limited reversibility, shedding light on the regulatory
interactions controlling T-lymphocyte development. Schaerli et al.%! investigated circuits

capable of stripe formation and identified incoherent feed-forward loops and a two-node

motif involving activation and inhibition as critical motifs for this process.

Through the identification of network motifs we can identify the important types of
interactions that define the overall functions of networks. Once circuit motifs are
identified, the motifs can then be used to inform the construction of larger networks.

Currently, new methods need to be developed for the inference of circuit motifs. Most
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circuit motif methods have one of two issues: 1) the method will first identify motifs that
are over-represented in networks for a specific biological context and then try to assign a
function to the motifs; 2) methods don’t robustly explore the dynamical behaviors of the
motifs to which they are assigning a function. Instead, methods need to be developed that
directly infer motifs capable of producing a specific function and are able to evaluate the

dynamic capabilities of the motif under many different conditions.

1.6 Combined top-down and bottom-up methods

Combining top-down and bottom-up approaches in network modeling can provide a more
comprehensive understanding of gene regulatory networks, incorporating both known
interactions and data-driven inference. Here are a few examples that demonstrate the

integration of these methodologies:

In the study by Dunn et al.% , the authors aimed to identify the core network controlling
pluripotency in mouse embryonic stem cells (mESCs). They started with well-known
transcription factors implicated in pluripotency based on literature knowledge and
measured gene expression changes in different culture conditions. Using correlation
analysis, they inferred potential interactions. To refine their network, they employed a
Boolean network modeling approach and constrained the interactions to models that
could reproduce known behaviors of the system. The resulting models were then used to
predict the response to new experimental perturbations, with iterative refinements to fit

the data. In 2019%, they extended their approach to identify a network controlling both
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the maintenance and induction of pluripotency by updating their network with new RNA-
seq datasets and following the same framework of defining constraints for observed
behaviors and iteratively refining their models based on experimental perturbations. The

final model achieved a predictive accuracy of 77.4% for new experimental tests.

Moignard et al.%> developed a computational method for building a network for
hematopoietic development, using a bottom-up approach based on experimental data.
They focused on hematopoietic marker genes known from literature and quantified the
expression of 33 transcription factors involved in hematopoiesis. Their method, called
single-cell network synthesis (SCNS) toolkit, directly derived Boolean rules from the
experimental data without prior knowledge of the network structure. SCNS discretized
the expression of each transcription factor in single-cell expression profiles and created a
transition graph representing developmental expression state changes. Edges were
assigned directions based on experimentally observed cell state transitions. SCNS then
determined Boolean update functions for each gene consistent with the observed
expression changes, resulting in a core network of 20 transcription factors. The validity
of the network edges was assessed by comparing them to ChIP-seq data, and the
agreement of simulated network perturbations with experimental perturbations was

evaluated.

In Sha et al®. they infer communication between cells and gene regulatory networks that

control EMT. They apply a trajectory analysis and identify multiple intermediate EMT

stages with hybrid features. From their analysis they are also able to identify different
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types of EMT in response to different triggers, with TGFB1 induced EMT being
synchronous and EMT induced by epidermal growth factor and tumor necrosis factor
being asynchronous. Furthermore they also implicate the intermediate cell states as

playing a dominant role in key EMT signaling pathways, such as TGF-f

These examples demonstrate how combining top-down knowledge and bottom-up data-
driven approaches can enhance network modeling by incorporating both known
interactions and context-specific inference. By iteratively refining the models and
evaluating them against experimental data, these approaches can provide deeper insights

into gene regulatory networks and enable the generation of new predictions.

1.7 Our Approach

By combining top-down and bottom-up approaches in multiple novel methods for
computational modeling of gene regulatory networks, I have addressed the current issues
for TRN inference, which consist of 1) genome-wide approaches failing to ensure their
networks can behave as expected and 2) systems biology methods unable to infer context
specific interactions. A combined top-down and bottom-up approach allows leveraging of
the positives of both while mitigating the negatives. The following work consists of novel
methods to infer important network motifs, small circuits, or TRNs directly from
experimental data, with topologies that are optimized to ensure dynamical features of the
biological setting are able to be recapitulated. These methods will aid in the

understanding of cell state transition mechanisms by improving the ways in which

21



networks are inferred, optimized, and evaluated. The application of our methods will help
to ensure inferred networks are both context specific and are able to recapitulate the

dynamics of the biological setting.

The work contained herein consists of three finished projects, organized into two
chapters, and a discussion of an unfinished project that address other longstanding issues
within the field. Chapter 3 discusses novel methods for modeling small circuits to gain
important insights for bioinformatically derived TRNs. In this chapter, traditional systems
biology approaches are learn important regulatory information for genomics. A novel
method to identify topological motifs is presented. This method identifies biologically
relevant motifs through a comparison of experimental data to simulated small circuits.
This method is then applied to glutamatergic neuron differentiation and identifies
important interactions between known transcription factors that control the cell state
transition. This method is then extended in another publication to identify motifs and
network types that underlie general aspects of biological networks, such as their ability to
respond to extrinsic signals and create multiple states. In chapter 4, a novel method for
the construction TRNs, based off the inferred activity of well-known TFs is presented.
This method is then applied to model both EMT and macrophage activation, with ODE
based simulations identifying transcription factors that control the cell-state transitions. In
the discussion, a framework utilizing both novel and existing computational methods is
presented. This method aims to develop a network inference pipeline for networks

capable of producing multiple states, and with its topology optimized to ensure the
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dynamical behavior of the inferred network matches the biological setting from which it

1s derived.

Together, the research presented here shows how traditional systems biology methods
can be used to gain information for and be combined with current bioinformatic
techniques to develop novel methods for modeling gene regulatory networks. This work
moves the field forward by going beyond simply analyzing the topology of small circuits
and TRNS to evaluating their dynamics to gain information on gene-gene connections.
Methods that ensure inferred interactions and networks can achieve the specific behaviors
of the biological system they were inferred for is an essential step forward in network

modeling.
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2 Materials and Methods

2.1 RACIPE

RACIPE®’ is an ODE based mathematical modeling method to simulate the steady-state
gene expression of a gene regulatory circuit. Considering a gene j that is transcriptionally
regulated by one or multiple regulators i, we can describe the gene expression levels of

gene j by:

Gj
[li 1%

dx;/dt = [1: H® (x, X350, 45, Aij) - kjxg (1)
where G; is the transcription rate of gene j, x; or x; is the current expression level of gene

i or j, and k; is the degradation rate of gene j. H S is the shifted hill function that describes

how regulators impact the expression of their target and is defined as:

Xi nij
Hs(xi,xijo,nij,lij) :ALJ+(1_ALJ)/(1+< ) ) (2)

Xijo
Xijo, Nij and A;; are the threshold level, the Hill coefficient of regulation, and the
maximum fold change for the regulatory link from i to j. 4;; is denoted as A™;; for an
excitatory interaction and takes a value larger than 1. In this case, HS ranges from (1,
A*;;). In the case of an inhibitory interaction, 4;; is denoted as A~ ;; and takes a value

smaller than one. In this case, HS ranges from (17;;, 1).

ijr

With these equations RACIPE randomly samples kinetic parameters from uniform
distributions, i.e., G; from (1, 100), k; from (0.1, 1), n;; (integer) from (1, 6), and A*;;

from (1, 100), for each parameter. For an inhibitory interaction, A™;; is sampled from a
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uniform distribution of (1,100) and its inverse value is taken. x;;o, is randomly chosen
from (0.02M, 1.98M). The half-functional rule allows estimation of the median Hill

threshold M. Once parameters have been generated, RACIPE simulates the ODEs for the

whole network with initial conditions randomly sampled from a logarithmic distribution
whose maximum is %, and minimum is % (%;Z)

The major advantage to ODE based methods, like RACIPE, are that they offer a detailed
view of the system they are simulating, outputting continuous dynamics for each node in
the network. However, they also require a large number of parameters that are often hard
to obtain. RACIPE is able to overcome this general disadvantage in ODE modeling with
its consensus approach where many different models are generated for a given topology
and the parameters for each model are sampled from biologically relevant ranges. This
approach allows the robust exploration of TRN dynamics without requiring many hard to

obtain parameters.

2.2 Methods for Modeling Small Circuits for Genomics
2.2.1 Generation of all 4-node circuits

To systematically evaluate the dynamical behavior of circuit motifs, we generated all
non-redundant four-node gene circuits according to the following rules. First, we
obtained all possible four-node circuits, where any two genes can be connected by either

an activating interaction, an inhibiting interaction, or no interaction, and any gene can
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have either a self-activating interaction, a self-inhibiting interaction, or no autoregulation.
Here, only a maximum of one regulatory interaction was considered from one gene to
another; because of the directionality of gene regulation, a maximum of two regulatory
interactions is possible between two genes (i.e., from the first one to the second, and vice
versa). This first step leads to a total of 43,046,721 circuits. Second, circuits containing
floating, signal or target nodes were identified and excluded, as the circuits are equivalent
to those with less number of nodes. Here, a floating node is defined as a node with no
interaction, neither incoming nor outgoing with another node in the circuit; a signal node
is defined as a node with only outgoing interactions with other nodes; a target node is
defined as a node with only incoming interactions with other nodes. These definitions
hold regardless of the occurrence of autoregulation. This filtering step allows us to
perform the analysis on smaller circuits without affecting the outcomes of state
distribution. However, it also excludes circuits motifs known to process signaling inputs,
such as bi-fan and diamond motifs. Third, for each of the remaining circuits, we
constructed an adjacency matrix, with 0 representing no interaction, 1 representing
activation, and 2 representing inhibition. We then computed the trace, determinant, and
eigenvalues of the adjacency matrix. The purpose to compute eigenvalues of the
adjacency matrix is to detect redundant gene circuits due to label swapping. We
considered two circuits redundant when these values are identical. We kept one circuit
from all redundant circuits, which eventually leads to a total of 60,212 non-redundant
four-node gene circuits for further analysis. Nonredundant four-node circuits have been

analyzed in previous work>®, however the sign of the interactions (i.e., activation and
y ,
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inhibition) and autoregulation were not explicitly studied, leading to a much smaller

number of circuits.

2.2.2 Triangular and linear scores

We developed a method to characterize the simulated gene expression data of all non-
redundant 4-node circuits as either belonging to a triangular or linear distribution of three
states. We first performed k-means clustering (k = 3) to the simulated gene expression

data, and defined a score for triangular structure, Q,, as:

Q —minﬁ 3)
1= i,j SLS]

where D;; is the Euclidean distance between the centers of clusters i and j , and S; is the

average Euclidean distance of each point in the cluster i to the cluster center. @, takes the
minimum of the ratio term in Equation (3) over all three pairs of clusters, i.e., 1-2, 2-3,
and 3-1 for i and j. Intuitively, each ratio term measures how separate two clusters are.
When the lowest of the three ratios is still high (thus high Q,), all three clusters should be

well separated.

We ranked all non-redundant four-node gene circuits with Q, , so that we can identify
circuits whose gene expression distribution most (or worst) resemble to a triangular

structure.

Next, we defined a second score for linear structure, Q,, as:
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Q; = g},iI?”Djk(Sj + S5 = Dyi(S; + S;) — Due(Si + S| @

where Q, takes the minimum of the new term over any order of the three clusters i, j, and
k,ie., 123,231, 312 (note that the term in @, is unchanged when swapping the order of j
and k). The three clusters were obtained by the above-described k-means clustering.
When the three clusters are co-linear, one of these Euclidean distances should be close to
zero. The S; terms are included here to minimize the spread of the clusters. We also
ranked all non-redundant four-node gene circuits with Q, , so that we can identify circuits

gene expression distribution most (or worst) resemble to a linear structure.

2.2.3 Circuit Motif enrichment

After ranking all non-redundant four-node gene circuits with both Q; and Q,, we
explored how two-node circuit motifs are enriched in these four-node circuits from top or
bottom of either ranking. To do so, we enumerated the occurrence of any two-node
circuit motif in all non-redundant four-node circuits. Here, for each circuit, the total
number of motifs to countis C? = 16. We defined an enrichment score for each circuit

motif as

%1 -H (Qa Quo)
Ea =108 % =00 Quor )

) (5)
where a = 1 or 2 for the two scores, H™(x,xo,n) := 1/(1 + (xi)”) is the inhibitory Hill
0

function, Q,, is the Hill threshold, selected as the Q, value of the four-node circuit with

the 600" ranking by Q,. n is the Hill coefficient, selected as 20 to allow a sharp transition
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of the factor H~ from 1 to 0 for Q, near Q . H™ is essentially a weighting factor: when
n becomes very large, the Equation (5) becomes the log fold change of the occurrence of
the circuit motif between the top 600 circuits and the rest of the circuits; a relatively small
n, like 20, allows to consider the contributions of circuits with Q, slightly smaller than
Q40, to avoid the issue of zero counts. The summation from both the numerator and
denominator in Equation (5) is over all non-redundant four-node circuits (). See section

“Statistical tests for circuit motif enrichment” for details of the statistical analysis.

A similar approach was applied to identify enriched coupling interactions between two
two-node circuit motifs over all non-redundant four-node circuits. The coupled two
circuit motifs can be classified as overlapping, for those that share same node, and non-

overlapping, for those that do not share same node.

2.2.4 Grouping Scheme of two-node circuit motifs

We classified all 39 two-node circuit motifs into five groups and investigated how the
grouping of the two-node circuit motifs contribute to specific gene expression state
distributions (Figs 3.3 and 3.4) . The group designations were defined based on the
number and sign of interactions between the two nodes. Group 1 (in blue) contains
circuits with one activation between genes (motifs 1,2,3,4,5,6,7,8 and, 9). Group 2 (in
purple) contains circuits with one inhibition between genes (motifs 10, 11, 12, 13, 14, 15,
16, 17, and 18). Group 3 (in red) contains circuits with mutual activation (motifs 19, 20,
21, 23, 25, and 26). Group 4 (in green) contains circuits with mutual inhibition (motifs

22,24, 27,37, 38, and 39). Group 5 (in orange) contains circuits with both activation and
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inhibition between genes (motifs 28, 29, 30, 31, 32, 33, 34, 35, and 36). This grouping
scheme was annotated on the histograms of single-motif enrichment analysis and the

heatmaps for two-motif enrichment analysis.
2.2.5 Ks-distance metric

To quantify differences between RACIPE-simulated gene expression data of two four-

node gene circuits (denoted as a and b), we defined a new distance function d, as:

4 3 4
dap = ZD(xi,a'xi,b) +Z z D(x;aOxj 0, %, O%x;p) (6)
i=1

i=1 j=i+1
where x; , is the expression vector of gene i for circuit a, x; ,©x; 4 is the Hadamard
product (element-wise product) between the expression vector of gene i and that of gene
j for circuit a, D(x, y) denotes the Kolmogorov-Smirnov statistic®® between the

cumulative distribution of x and y.

Furthermore, as the order of the genes in the circuits are arbitrarily assigned, an
additional step was required to map the genes of the two circuits. To do so, we compute
all 24 d,;, where we used the default gene order for the first circuit and a permutation of
gene order for the second. The lowest d;, value was eventually selected as the final

distance.

2.2.6 Identifying circuits with similar state distributions
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Using the above-defined distance function, we constructed a matrix of pairwise distances
for all non-redundant four-node gene circuits. Starting from a circuit a, we can identify
other circuits b whose d;, are the among the lowest values — these circuits are supposed
to have similar state distributions. See section “Statistical tests for selecting top-ranked
circuits associated with a gene expression state distribution” for details of the statistical

analysis.

To identify clusters of four-node circuits with similar state distributions, we adopted a
subsampling approach to generate an association matrix for all the non-redundant four-
node gene circuits. We performed Louvain clustering (cluster louvain function in the
igraph R package ¢°) of a randomly-selected subset of 1,000 circuits for 100,000 repeats
using d,;, as the distance function. For every two-circuit pair, the corresponding element
of the association matrix was defined as the ratio of the occurrence of the two circuits
appeared in the same subset and the occurrence of the two circuits clustered together.
From the association matrix we applied the Louvain clustering method again, from which
we identified seven major circuit clusters with more than 500 members. For each major
circuit cluster, we defined the most representative circuits as those whose state
distributions have d; of 0.05 or lower to the center circuit (circuit with lowest average

KS distance to all other circuits in the community).

2.2.7 Modifying distance metric for single-cell
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The scRNA-seq data of human glutamatergic neuron differentiation was processed using
the Velocyto pipeline, as described in the original paper 7°. Velocyto is a tool used to
study RNA velocity and only the initial RNA-processing steps were used to reproduce
the data from the original paper. In brief, genes were initially filtered on the basis of 30
minimum counts and detected in over 20 cells. The top 2000 genes were then selected by
non-parametric fit of CV versus mean. Another filtering step was applied to keep cells
with more than 25 unspliced counts in at least 20 cells, leading to 1448 genes.
Normalization was performed by dividing the counts by the total number of molecules in

each cell and then multiplied by the median number of molecules across each cell.

We modified the KS test to allow for comparison of the state distributions with different
number of genes. Here, we performed the KS test to compare the first two principal
components of the experimental data with each two-gene combination in a four-node
circuits. The distance function between a gene circuit and the experimental data was
defined as the lowest distance between all the two node combinations of the synthetic
circuit and the experimental data. In this way, we compared the experimental data to all
the nonredundant four-node circuits, from which we identified the top ranked circuits for
motif enrichment analysis. See section “Statistical tests for selecting top-ranked circuits

associated with a gene expression state distribution” for details of the statistical analysis.

2.2.8 Statistical tests for motif enrichment

The significance of the enrichment was determined by a permutation test, similar to some

previous approaches 7!. A null distribution for each enrichment was created by shuffling
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the ranking indices of circuits for each score and applying the enrichment test. This step
was repeated 10,000 times and the original enrichment results were then compared to the
null distribution to estimate the p-value. Adjusted p-values were then calculated by the
BH method 72 for multiple hypothesis testing. The number of hypotheses is the total
number of two node motifs 39. No methods were used to determine if the data met

assumptions of the statistical approach.

2.2.9 Statistical tests for top-ranked circuit for gene expression state distributions

We estimated a p-value for the fit of the top ranked circuits to a gene expression state
distribution (derived from a set of single cell gene expression profiles from either
simulated or experimental data) by calculating the z-score (using base R) of the distance
of each four-node circuit to the experimental data. Here, we regarded the distribution of
the KS distances of all four-node circuits as the null distribution. A p-value < 0.05 is
reached when the z-score < -1.64. No methods were used to determine if the data met

assumptions of the statistical approach

2.2.10 Scores for Multiplicity and Flexibility

We developed scores to identify circuits that are both able to generate multiple states
(multiplicity) and circuits able to respond to signals in their environment (Flexibility).
For each gene circuit, we applied RACIPE to generate the steady-state gene expression

profiles of 10,000 mathematical models with randomly generated kinetic parameters. As

33



mentioned above, RACIPE-simulated gene expression profiles from a biological network
usually form robust clusters of gene expression patterns. However, the gene expression
profiles from random gene networks are usually less structured’®-’#. To reflect the ability
of biological GRNs in generating distinct cellular states, we defined a scoring function H,
namely multiplicity, by the negative differential entropy’” of the simulated gene

expression distributions of the 10,000 models:

H = (10g(p)) ~ 3 Xilog (syaza) ()

where p; is the local density of model i, (-) denotes average, N is the number of models,
and the summation is over all simulated models. Here, the local density p; is computed
by the k-nearest neighbors (knn) estimator’®, where R (k) is the Euclidean distance of
gene expression profiles between k-th nearest model and the center model, d is the

dimension of the gene expression space (d = 4 for any four-node gene circuit), and a

/2

constant scaling factor V = —; . The multiplicity defined in Equation (7) can be

2

interpreted by the mean log local density. The higher the overall local densities, the
higher the H values. Moreover, in the situation of high local density, more gene
expression clusters can be observed. This is consistent with our previous findings that the
local densities of the gene expression profiles simulated from a stem cell gene regulatory

circuit are overall larger than those from a random gene circuit’*.

We next defined the flexibility of a gene circuit, F, by the extent of changes in the gene
expression distributions of 10,000 RACIPE models between the unperturbed and

knockdown (KD) conditions. Here, a knockdown indicates the maximum expression of
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the knocked down gene has been restricted to 10% in all models. More specifically, the

flexibility F is defined as

F=3%¢ % eD®io p1j) (3),
where the summations are over all gene nodes j (from 1 to the dimension d) and all
principal components (PCs) [ (from 1 to d). Here, principal component analysis is
performed on the gene expression data of models from the unperturbed condition. e; is
the [-th eigenvalue, which we incorporated here to emphasize the changes along the
largest PCs. We quantified the differences in gene expression distributions by D, the KS
test’” of the probability distribution of the data along each PC between the unperturbed
condition (p; o for the [-th PC) and the perturbed condition, in which gene j is knocked

down (p; ;). Here, we subset 10% models with the lowest production rates of the KD

gene j to compute the distribution for the KD condition.

In addition, we also defined another scoring function for the combined multiplicity and
flexibility. Since the circuits’ multiplicity H and flexibility F have values in different

ranges, we chose to rank circuits with a new score G, defined by the product of H and F:
G=HF (9).
2.2.11 Generating networks of different types and sizes

In order to determine the emergent behavior of motifs when combined in networks of
different types and sizes, we programmatically generated three types of large GRNs —

random, scale-free, and sequential networks. To generate the random networks, we first
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built skeleton networks using standard network generation algorithms, and then each
node in a skeleton network is replaced with a gene circuit motif of choice. In detail, we
used the erdos.renyi.game function and the gnp or gnm method from igraph R package’®
to generate the skeleton networks with gaussian degree distribution and directed edges.
For the gnm version of the random networks (denoted as random verl), the total number
of edges was set to equal the total number of nodes. Therefore, these GRNs are sparsely
connected. For the gmp version of the random networks (denoted as random ver?2), the
probability of an edge occurring between nodes was set to 30%. Therefore, these GRNs
are densely connected. From a skeleton network, half of the edges were randomly
selected and designated as inhibitory edges, while the other half as excitatory edges.
Afterwards, each node in the skeleton network was replaced by a randomly selected two-
node circuit motif. Any source/target node from an edge in the skeleton network was

replaced with a randomly picked gene from the replaced two-node circuit motif.

To generate the scale-free networks, we followed a very similar procedure. In detail, we
used the sample pa function from igraph R package to generate the skeleton networks
with the power raw degree distribution and directed edges. Afterward, every node in the

skeleton networks was replaced with a randomly selected two-node circuit motif.

The sequential networks were constructed by connecting the desired number of two-node
circuit motifs one after another. First, an edge (either excitatory or inhibitory) was added
to connect a randomly picked gene from the first motif (source) to a randomly picked

gene from the second motif (target). Second, another edge (either excitatory or inhibitory)
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was added to connect the other gene from the second motif (source) to a randomly picked
gene from the third motif (target). We continued the procedure iteratively to connect all

motifs.

Altogether, we generated networks of four types (random verl, random ver2, scale-free,
and sequential), five different network sizes (10, 20, 30, 40, and 50 nodes), and with three
sets of circuit motifs as the building blocks. The first set of motifs contains the top three
enriched motifs by multiplicity; the second set contains the top three enriched motifs by
flexibility; and the third set contains all the above six motifs (see Results for details of the
motif enrichment analysis). Each kind of networks were generated randomly for ten

times; thus, we analyzed on a total of 600 large GRNs (4 X 5 X 3 X 10).

2.3 Methods for NetAct

2.3.1 Selecting enriched TFs

For a comparison between two experimental conditions, we obtained a ranked gene list
quantified by the absolute value of the test statistics (t statistics in microarray and Wald
test statistics in RNA-Seq) from differential expression (DE) analysis’, followed by gene
set enrichment analysis (GSEA)?® using our optimized TF-target gene set database
(details in Chapter 4). Here, for each TF, the corresponding gene set consists of all its
target genes. GSEA identifies important TFs whose targets are enriched in DE genes
between the two conditions. The significance test is achieved through 10,000

permutations of the gene list names and TFs are kept for further analysis when q value is
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below a certain threshold cutoff (0.05 by default). A C++ implementation of this version
of GSEA, specifically for gene name permutations, has been provided in NetAct for fast
computation. For multiple comparisons, a set of enriched TFs are first identified from

each pairwise comparison and then a union of the multiple sets of TFs is considered.

In the database benchmark test, for each database, we computed the sensitivity and
specificity values for different g-value cutoffs. The benchmark utilized data sets that
contained KDs of individual TFs. Here, for each cutoff value, we defined the sensitivity
as the proportion of data sets where the gene sets for the KD TFs were enriched with g-
values below the cutoff value. We also defined specificity as the fraction of cases where
the gene sets for the other TFs (non-KD TFs in the benchmark) were not enriched with g-
values above the cutoff value. We then computed area under the ROC curve (AUC) using

the DescTools R package®!.

2.3.2 Inferring activity of transcription factors

TF activity is inferred from the expression of target genes retrieved from the TF-target
database. NetAct defines the activity of the selected TFs using two different schemes —
one using only the expression of target genes and the other using the expression of both
the TF and its target genes. The second scheme is only used for the situation of noisy
target gene expression in order to filter out weakly correlated targets. The reason for

filtering out lowly correlated targets is to ensure the activity calculation is accurate. For
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each TF, the algorithm selects the better scheme according to their performance, as

described below.

Without directly using TF expression: For each TF, its downstream targets are first

divided into two modules using the Newman’s community detection algorithm®? on the
pairwise Spearman correlation matrix of the target genes. Then, within each module some
less-correlated genes are filtered out to improve the quality of the inference. Here, the
filtering step is achieved as follows: (1) each target gene is assigned a vector of
correlations with the other target genes, where the distance between two genes is
calculated as the sum of squares of the correlation vectors of two genes. (2) k-mean
algorithm (k = 1) is performed within each cluster to determine the center vector. (3)
genes are filtered out if the distance between the genes and the center is larger than the

average distance.

This step outputs two groups of genes — genes in one group are supposed to be activated
by the TF, while genes in the other group are inhibited by the TF. Note, at this stage, the
nature of activation/inhibition of the individual group is not yet determined. The activity
of the TF is calculated as

n
i=1W;9ili

5
A(TF) = =502 (10),

where g; is the standardized expression value of a target gene i, w; is the weighting factor

defined as a Hill function:

we=1/[1+CH" (),
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where s; is the adjusted p value from DE analysis for gene i, the threshold S, is 0.05, and
n is set to be 1/5 for best performance. I; is 1 if the corresponding gene belongs to the
first group and -1 if it belongs to the second group. If the calculated TF activity pattern is
not consistent with the TF expression trend (evaluated by Spearman correlation), both the
sign of the two groups and the sign of the activity are flipped. According to our in-silico
benchmark test, we found that majority of the targets in one group are activated by the
TF, and majority of those in the other group are inhibited by the TF. For genes in the
inhibition group, the higher the TF activity, the more the genes are suppressed. Thus, the
formula in Equation (10) captures well the activity of TFs for their effects to both
activating and inhibitory targets. We also explored a few other community detection

80,81,83

algorithms and found they produced similar results.

Using TF expression: For each TF, its downstream targets are first divided into two

groups according to the sign of the Spearman correlation between the TF expression and
the target expression. Similar to the previous scheme, in each group, target genes are
filtered out if the correlation value is less than the average correlation of all the targets.

The activity of the TF is also calculated using Equation 10.

Sign assignment for DE TF: For any DE TF (i.e., there is significant difference in TF

expression across cell type conditions) of interest, NetAct computes the activity values
from both the schemes (with or without TF’s expression), and selects the better way
based on how well the activity values correlate with target expression. To this end,

NetAct calculates the absolute value of Spearman correlation between the TF activity and
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the expression of each target, and selects the scheme whose activity gives larger average
correlations.

Sign assignment for non-DE TF: If the expression patterns of the identified TFs fail to

show the significant differences between cell type conditions, a semi-manual method to
assign the sign of activity can be adopted. Putative interaction partners between DE and
non-DE TFs in the inferred network are identified using the Fisher’s Exact Test between
TF targets in the NetAct TF-target database. The most significant pairs are then cross
referenced with the STRING database to identify instances of PPI. A literature search is
then performed to identify the nature of the PPI, and the sign of the non-DE TF is
adjusted based on the DE TF and the type of PPI. Note that the last step needs to be done

manually for each modeling application.

2.3.3 Network construction

NetAct constructs a TF regulatory network using both the TF-TF regulatory interactions
from the TF-target database and the activity values. (1) The network is constructed using
mutual information between the activity values of two TFs with the direction of the edge
coming from the database. (2) Interactions are filtered out if they cannot be found in the
TF-target regulatory database (i.e., D1). (3) The sign of each link is determined by the
sign of the Spearman correlation between the activity of two TFs. (4) We keep the
interaction between two TFs if their mutual information is higher than a threshold cutoff.
With different cutoff values for mutual information, NetAct establishes networks of

different sizes. To identify the best network model capturing gene expression profiles, we
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apply mathematical modeling to each of the TF networks using RACIPE®’. RACIPE
takes network topology as the input and generates an ensemble of mathematical models
with random kinetic parameters. By simulating the network, we expect to obtain multiple
clusters of gene expression patterns that are constrained by the complex interactions in

the network.

3 Modeling Small Circuits for Genomics

3.1 Introduction

One of the main questions in systems biology is to understand how complex gene
regulatory networks perform their functions to control important biological processes,

such as cell differentiation and cell division 34>°

. Over the years, researchers have
focused on studying gene circuit motifs, defined as reoccurring small circuit topologies
within larger biological gene regulatory networks 4. It has been shown, by approaches in
synthetic biology *, computational systems-biology modeling *%°7, and experimental
systems biology %, that different gene circuit motifs exhibit distinct functions in creating
and maintaining circuit states, driving state transitions, and processing signals. For
example, an autoregulatory negative feedback loop is known to suppress gene expression
noise ¥-8¢; a two-node toggle switch circuit can generate bistability 87-%%; and an
incoherent feed-forward loop can achieve adaptation %°. Although the dynamical
behaviors of individual circuit motifs have been widely studied, it is still challenging to
characterize the roles of the circuit motifs when they interact with other motifs, or when

they present within a large biological network. Due to the presence of additional gene-

gene interactions, circuit motifs may behave differently from the standalone motifs.
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Understanding emergent behaviors arising from motif coupling will greatly improve our

understanding of functionality of circuit motifs and larger networks in general.

Gene circuit motifs were classically identified by searching the topology of a large
biological network, such those from E. coli and S. cerevisiae, for the presence of smaller
circuit motifs >*>%69, Motifs are important when they are over-represented in biological
networks compared to similarly generated random networks because this indicates that
the motifs regulatory interactions don’t arise through random chance. This approach
usually only considers the frequency of circuit motifs’ appearance, but not their
functionality, for initial identification. This calls into question whether or not over-
representation is important without considering function. To address this issue, recent
studies 36376162 have been focused on identifying functionally relevant circuit motifs
capable of producing specific dynamical behaviors using mathematical modeling and
then analyzing them for enriched motifs. These types of approaches have been devised

and applied to elucidate circuits capable of generating oscillations %12

and multiple
stable steady states 372324, Ye et al. 5 identified three-node circuits capable of generating
stepwise transitions between four states with limited reversibility. Analysis of these
circuits allowed them to identify regulatory interactions controlling the development of
T-lymphocytes®’. Schaerli et al. ¢! investigated circuits capable of stripe formation,
identifying incoherent feed-forward loops and a two-node motif containing activation and
inhibition as the critical motifs. However, there are a still a few questions remain to be

addressed for a more general applicability. First, mathematical modeling of gene circuits

is often performed with a set of fixed kinetic parameters or examined with parameters
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sampled from a narrow range, limiting the robustness and accuracy of modeling methods
in evaluating circuit behaviors. Second, there lacks a quantitative scoring method
allowing the ranking of circuits for any desired functionality, or to measure functional
similarities and differences between two circuits. Third, it is still challenging to evaluate
motif coupling, i.e., how one circuit motif interacts with another to produce the desired
behaviors. The coupling of circuit motifs has been shown to play important roles in the
overall behavior of gene circuits °>%. In particular, the role of circuit coupling may
depend on the proportion of shared nodes between the two coupled circuit motifs 6.
Another recent study °7 developed a framework to identify over-represented connections
of circuit motifs, termed hypermotifs, in existing biological, neuronal, social, linguistic,
and electronic networks. To the best of our knowledge, no systematic quantitative

analysis is available to statistically evaluate the functionality of circuit coupling.

To overcome these challenges, we devised a computational framework that allows robust
discovery of causal gene circuit motifs and patterns of motif coupling by defining a
quantitative score to identify circuits capable of achieving specific functions. Circuit
functions can be anything related to the circuit dynamics or steady state distributions,
e.g., gene expression allowing three state clusters, specific multivariant distribution of
gene expression, and gene expression distributions derived from experimental single cell
data. We performed the first-ever comprehensive analysis on all non-redundant four-node
transcriptional regulatory circuits. Compared to previous studies on three-node circuits
57,61,98

, our analysis has the following advantages. First, there are around sixty thousand

non-redundant four-node circuits, which is still manageable to perform extensive
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computational simulations and is sufficiently large for a robust statistical analysis.
Second, analyzing these four-node circuits allows for the evaluation of the roles of
individual two-node circuit motifs in larger circuits. Third, analyzing four-node circuits
has a major advantage in evaluating the role of the coupling between two two-node
circuit motifs. Having four nodes in the larger circuit, we can statistically evaluate
whether two two-node motifs are likely to occur in a four-node circuit with or without
sharing the same node. The analysis of four node circuits is important from a biological
perspective because it allows for the understanding of how multiple gene pairs coordinate
to achieve specific biological functions, which is infeasible from the typical analysis of

three-node circuits.

To model the dynamical behaviors of all these circuits in a high throughput way, we
applied our recently developed method, random circuit perturbation (RACIPE) ¥, to
simulate an ensemble of ODE models with randomly generated kinetic parameters and
analyze the steady-state gene expression distribution from these models. RACIPE has

87,95,100

been applied to elucidate the dynamics of synthetic gene circuits , gene networks

regulating stem cell differentiation '°!, cell cycle 12, B-cell development ', and EMT
28,104 These previous studies have shown that, despite having randomly sampled kinetic
parameters and initial conditions, steady state solutions of models generally converge to
distinct clusters of gene expression patterns representing the functional states of the

circuit. Functional states to which most models converge represent state distributions of

the circuit and define its overall behavior. Furthermore, these studies also show that

topology has an instructive role in defining the state distribution. We have also previously
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shown that RACIPE-simulated data resembles single cell gene expression data, yet

another advantage for discovering biologically relevant circuits.

In the following, we show how our computational framework can be applied to identify
all four-node gene circuits allowing a triangular three-state distribution and a linear three-
state distribution. We then show how our enrichment analysis can identify the enriched
two-node circuit motifs and the patterns of their coupling. Next, we show how our
framework can be applied to identify 1) clusters of circuits with distinct gene expression
functions and 2) circuits with similar state distributions to any other starting circuit.
Finally, we show how our method can be applied to identify circuits motifs and their
coupling responsible for experimentally observed single-cell gene expression state

distributions.

We also apply this method to identify motifs for general attributes of functional networks.
There are two features of a GRN worth looking into. First, a functional GRN needs to
generate rich dynamical behaviors, e.g., multiple steady states (i.e., multistability) and/or
oscillatory states. As shown in earlier studies, random GRNs tend to generate less
interesting dynamical behaviors than biological networks’>-’4. On the other hand,
multistability is often required for a GRN model to capture a variety of cellular states
during cell differentiation”!%-198 Second, a functional GRN needs to be sufficiently
flexible so that the GRN can be controlled by extrinsic cell signaling or an environmental

109-112

factor . It is quite common that the activation of a signaling pathway can drive the

transition of cellular states'!3.Equally typical are gene knockdown/knockout experiments
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designed to understand the functions of genes based on the effects of gene

perturbations! !4

. Thus, functional GRNs need to be flexible, even in the presence of a
certain level of compensation and adaptation due to network redundancy!!>!1®, Therefore,

it is reasonable to hypothesize that a functional GRN is required to produce rich

dynamics and meanwhile be flexible upon perturbations.

Under this conceptual framework, we explore four-node nonredundant gene circuits that
are responsible for multiplicity (i.e., being rich in dynamical behavior), flexibility (i.e.,
being versatile to alter gene expression), or both. From the identified small circuits, we
will determine the most reoccurring two-node circuit motifs and the propensity of co-
occurrence of two circuit motifs. Furthermore, using the identified circuit motifs, we
generated a variety of large GRNSs of different types (linear, scale-free, and random) and
different sizes, from which we investigated the contributing factors of the multiplicity
and flexibility of large GRNs. We hope that the outcomes of these analyses will shed
light on the key regulatory interactions that allow GRNSs to both generate multiple states

and respond to environmental cues.

3.2 A Quantitative Evaluation of Topological Motifs and Their Coupling in Gene

Circuit State Distributions

3.2.1 Identifying circuits with specific functions
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In this study, we devised a computational framework that enables us to quantitatively
evaluate the functionality of transcriptional gene circuit motifs. We used statistical

analysis of large ensembles of simulation data to identify circuits best able to perform
specific functions, and then analyze those circuits to identify the associated functional

units. A schematic overview of the framework is illustrated in Fig. 3.1.
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Figure 3.1. A schematic overview of circuit motif analysis. A) All non-redundant four-
node gene circuits are first generated.(B) The dynamical behavior of these circuits are
then explored using ensemble-based ODE simulations, resulting in diverse structures of
state distributions.(C) This rich simulation dataset allows us to (1) identify circuits with a
certain structure of state distribution, (2) identify reoccurring two-node circuit motifs and
their coupling among these circuits, (3) quantify the similarity of circuit functions from
state distributions.

First, we systematically generated all possible four-node gene circuits (Fig. 3.1A) (see
section 2.2.1). for details of circuit generation) containing regulatory interactions of
transcriptional activation/inhibition between nodes and autoregulation of individual
nodes. Only circuits containing four functionally connected nodes were considered for
analysis, excluding circuits equivalent to three or less nodes. Moreover, for redundant
circuits, i.e., circuits with the same topology but switched gene names, only one was
included. Second, to each circuit, we applied RACIPE *° to generate an ensemble of

10,000 ODE models with randomly generated kinetic parameters (see section 2.1 for
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details of circuit simulation). Here, for a node that is transcriptionally regulated by
multiple nodes, we assume that the effects of the transcriptional regulations from these
nodes are independent, resembling AND logic. From the ensemble of mathematical
models, we then evaluated the distribution of the steady-state gene expression (Fig.
3.1B). Such a state distribution can be interpreted as analogous to single-cell gene
expression distributions driven by the specific gene circuit, incorporating the presence of
cell-to-cell variability through the sampling of random kinetic parameters *°. Different
circuit topologies can often be associated with a variety of state distributions depending
on the range of kinetic parameters explored, highlighting the need to explore a broad
parameter space to better characterize the behavior of a circuit. Third, the core of our
approach is to perform statistical analysis on the four-node circuits with similar state
distributions (Fig. 3.1C). The circuit analysis allows the identification of enriched circuit
motifs that are functionally associated with state distributions. We also extended the
circuit analysis to identify patterns of coupling between two circuit motifs. We mainly
focused on circuit motifs of two nodes, but this approach can be readily extended to

analyze circuit motifs of other sizes.

3.2.2 Identifying circuits with three-state distributions

To illustrate the application of our circuit motif analysis framework, we evaluated four-
node circuit topologies capable of generating a triangular arrangement of three gene

expression states, as illustrated in Fig. 3.2A.
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Figure 3.2. Identifying four-node circuits with triangular and linear state
distributions (A) Illustration of the score defined to identify circuits with a triangular
state distribution.(B) Illustration of the top five circuits with the highest triangularity
scores. The plot shows the circuit diagrams (top row) and the scatterplots of the
projection of four-dimensional RACIPE simulated gene expression from 10,000 models
onto the first two principal components of the same data (bottom row). In the circuit
diagrams, the lines and arrows in blue represent activating interactions; the lines and dots
in red represent inhibiting interactions. In the scatterplots, red, blue, and green colors
show the three clusters of gene expression states identified by k-means clustering (k =
3).(C) Hlustration of the score defined to identify circuits with a linear state
distribution.(D) Illustration of the top five circuits with the highest linearity scores.

This type of triangular state distributions is frequently observed in biological processes
involving distinct cellular state transitions of multiple steps, e.g., multi-lineage
differentiation from a progenitor cell type to two distinct differentiated cell types, as is

H7.18 For each four-node circuit, we

frequently observed in hematopoietic lineages
applied k-means clustering (k = 3) to the RACIPE simulated gene expression profiles of
all the non-redundant circuits and calculated the triangularity score Q,, as defined in

Equation (3) in the Method section. Higher Q; values indicate state distributions with a

greater degree of separation between the three clusters. We then ranked all non-redundant
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four-node circuits from high to low Q; values, with the top five ranked circuits illustrated
in Fig. 3.2B. As demonstrated in the PCA projections of the simulated gene expression
data of the corresponding circuits (Fig. 3.2B, bottom row), these circuits create gene
expression state distributions of three states arranged in a triangular shape. Interestingly,
the topologies of top ranked circuits are remarkably similar with clear patterns of two-
node circuit motifs, such as motif 25 appearing twice in each network without sharing a
node and motif 25 and 16 co-occurring while always sharing a node (Fig 3.3A) (see

below for details).

Next, we explored four-node circuit topologies capable of generating three gene
expression states arranged into a linear shape, as illustrated in Fig. 3.2C. This type of
linear state distributions is frequently observed in the biological processes involving
cellular state transitions through an intermediate state, such as transdifferentiation along a
singular lineage during Epithelial-mesenchymal transition ''°-12!, We performed the same
k-means clustering analysis to the RACIPE simulated data, as described above, ranking
all non-redundant four-node circuits from low to high Q, value, where Q, is a linearity
score defined in Equation (4) in Chapter 2. The top five ranked circuits of linear state
distribution are illustrated in Fig. 3.2D. We observed that these circuits can indeed
produce a linear distribution of three gene expression clusters. The structures of the
circuit topologies are similar among them but distinct from those allowing for a triangular
state distribution. We observed repeated motifs containing activating and inhibiting edges
between the two nodes, in stark contrast to the motifs observed for the triangular score.
Taken together, our results demonstrates that the two scores, Q; and Q,, are effective at

detecting circuits capable of producing three states of triangular or linear state
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distributions. While we have shown an application of this method to the linear and
triangular structures, this analysis can be extended to any scoring function defining a
particular state distribution, allowing a similar ranking analysis to identify circuits with

novel features.

3.2.3 Novel Enrichment Analysis to identify circuit motifs and their coupling

Next, we evaluated the properties of the circuit topology for those with a triangular state
distribution. We first enumerated all possible two-node circuit motifs and identified their
occurrence in each four-node circuit. We evaluated the enrichment of each two-node
motif in circuits with top triangularity scores (about top 1% circuits, see Chapter 2 for

details), as shown in Fig. 3.3A.
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Figure 3.3. Motif enrichment analysis using the triangularity score (A) The
enrichment score for all two-node circuit motifs using the triangularity score. All
enrichment results are significant (adjusted p value <0.05) except for motifs 6, 15, 17,
and 33. Panels.(B-D) show the heatmaps of the enrichment scores for the coupling
between two types of two-node circuit motifs. The hierarchical clustering analysis was
performed using Euclidean distance and complete linkage method. Interactions between
motifs 25 and 16 are highlighted in black. Panel (B) shows the outcomes for all two co-
occurring motifs; panel (C) for two co-occurring motifs that share the same node; panel
(D) for two co-occurring motifs that do not share the same node. Colors in the column
plot and the column annotations of the heatmaps represent different groups of motif
types. Groups 1-5 represent two-node motifs with one activation between genes, motifs
with one inhibition between genes, motifs with mutual activation, motifs with mutual
inhibition, and motifs with both activation and inhibition between genes, respectively.
The topmost enriched circuit motif for the triangular state distribution is a circuit of two
genes with both mutual activation and self-inhibition (motif 25). Interestingly, the top
three enriched motifs all contain self-inhibition on both genes, suggesting the importance
of the inhibitory autoregulation in generating three well separated states. Furthermore, the
bottommost enriched circuit motifs are very different from the topmost motifs, in that the
motifs are likely to contain activating autoregulation and inhibition between nodes.
Interestingly, the most under-enriched motif, motif 21, is similar to motif 25 except that
both nodes contain self-activation. Self-inhibition is known to suppress gene expression
noise>*, and we observe that removing the negative autoregulation in the top ranked

circuits would generate an additional state cluster. This evidence underscores the

importance of negative autoregulation in producing the triangular three state distribution.

To understand how circuit motifs cooperate to generate triangular state distributions, we
performed a similar enrichment analysis on the co-occurrence of two motifs among the
same top ranked circuits. We can visualize the pattens of circuit coupling from the

heatmap of enrichment scores for the co-occurrence of two motifs (Fig. 3.3B), for co-
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occurrence of two motifs with a shared node (motifs with overlapping, Fig. 3.3C), and
for co-occurrence of two motifs without any overlapping node (Fig. 3.3D). Interestingly,
the topmost enriched motif coupling patterns are (1) between two of Motif 25 and (2)
between Motif 25 and Motif 16. Furthermore, coupling between two of Motif 25 is the
highest enriched motif pair for non-overlapping. This is consistent with what we
observed in the top four-node circuits with the triangular state distribution — in the top 20
circuits there are 18 cases that contain exactly two motifs of #25 without a shared node.
The positive feedback loop in motif 25 is known to generate bistability, and the
interactions between two motif 25s in the top ranked circuit are mostly inhibitory
interactions allowing the generation of more states. In addition, we observed that motifs
14, 17, 18, and 24 all have relatively higher enrichment for coupling with motifs 7 and 25
(see Fig. 3.3B), despite having relatively lower enrichment of as standalone motif (Fig.
3.3A). For motif coupling without a shared node (Fig. 3.3D), we observed surprisingly
high enrichment between motifs 24 and 34, as well as between motifs 23 and 25. The
relatively high enrichment of motifs 14, 17, 18, 23, 24, and 34 in the motif coupling
indicates emergent behaviors for these motifs that contribute to the triangular state
distribution only when coupled with other specific motifs (see Chapter 2 for more
detailed classification of circuit topology that features various configurations of motif
coupling). We also analyzed the 600 top-ranking circuits from the triangular score and

identified distinct enrichment of certain classes of four-node topologies.
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Flgure 3.4. Enrichment results for the linear score comparing the top 600 of
networks with the bottom 59612. A) Diagrams of the top three enriched two-node
circuit motifs B) Enrichment scores for all two-node circuit motifs. Over-enriched motifs
are present on the left while under-enriched motifs are present on the right. All
enrichment was significant (adjusted p-value < 0.05) except for motifs 9, 10, 18, 22, 28,
and 35. C) Diagrams of the three most under-enriched motifs. Panels D-E are heatmaps
of the enrichment scores for motif coupling. Panel D shows the enrichment for motifs
that co-occur in the top 600 networks; panel E shows the enrichment for motifs that share
a node when co-occurring in the top 600; panel F shows the enrichment for motifs that do
not share a node when co-occurring in the top 600. Colors annotated in Panels B, D, E
and F show the grouping scheme of two-node circuit motifs.

We examined the properties of circuits capable of generating linear state distributions in a
similar way to the analysis for the triangular state distribution. Enrichment of motifs in
the top 600 of circuits ranked by the linear score were identified, as shown in Fig. 3.4.
The topmost enriched motif for the linear score, motif 34, is characterized by two nodes
with negative autoregulation and one excitatory and one inhibitory edge between nodes.
The second top motif, motif 33, is similar to the topmost, however only one node

contains negative autoregulation. When compared to the bottom three enriched motifs,
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once again we observed a striking difference in the nature of auto-regulation; while the
top motifs tend to contain negative autoregulation, the bottom motifs contain positive
autoregulation. This may point to a general importance for negative autoregulation in the
ability to create three state distributions. The ability of negative autoregulation to
decreases gene expression noise>* may contribute to the ability of the identified motifs to
generate separate states. Motif 34 by itself is not able to generate multiple states; while
from the top five circuits for the linear state distribution (Fig. 3.2), motif 34 is coupled
with another motif 34 or the other top ranked motifs to generate positive feedback loops,
allowing multiple states. We also noted that motif 39, a classic example of the self-

87.88,122,123 i identified as

activating toggle switch circuit capable of generating tristability
one of the bottom enriched motifs. We believe motif 39 is under enriched because our
linear state distributions appear more continuous than those a generated by toggle switch
with self-activation alone. These findings demonstrate that our method can detect
quantitative differences in state distributions that are qualitatively similar (i.e., continuous
three state vs disparate three states) and therefore identify more specifically enriched

motifs. The coupling of circuit motifs observed in four-node circuits favoring the linear

score was shown in Fig. 3.4D-F.

Taken together, our data indicates that we can identify the quantitative contribution of
key regulatory interactions, motifs and their coupling, responsible for producing specific
structures of gene expression data (Fig. 3.3). We show how this can be applied to both
linear and triangular arrangements of gene expression states; however, this approach can

be expanded to any theoretical state distribution and identify motifs of other sizes.

56



3.2.4 Biological examples of triangular and linear state distributions

Next, we searched for the occurrence of the top enriched motifs in both the linear and
triangular scores in PluriNetWork !24, a manually curated literature-based databases of
transcription factor regulations for mouse pluripotency. We identified a total of 57 motifs
from both the triangular and linear scores in the pluripotency gene regulatory network —
21 cases of Motif 5, 17 of Motif 6, seven of Motif 14, ten of Motif 15, 1 of Motif 32, and
1 of Motif 25. While our previous analysis suggest that multiples of Motif 25 are required
for generating three states, the database may only contain one since not every interaction
has been tested. Further experiments may potentially reveal other interactions between
TFs in the form of Motif 25. It is also possible that multiple indirect interactions may
form a coarse-grained motif 25 therefore allowing for three states. Among these motifs,
Sall4 and Oct4 ' form Motif 25 - a circuit of two genes with both mutual activations and
self-inhibitions, as also supported by regulatory interactions from the TRRUST database
126, Oct4 is a well-known transcription factor that plays critical roles in self-renewal and
maintenance of pluripotency'?’. Oct4 has been considered a crucial pluripotency marker
for many years with its expression being high in pluripotent stem cells and being down
regulated upon differentiation. Furthermore, Oct4 depletion results in the loss of
pluripotency in ES cells. Oct4 physically interacts with many proteins to activate or
suppress its target genes during differentiation and binding activity of many TFs involved
with maintaining the pluripotent state depend on the presence of Oct4!28, Sall4 is a well-

known binding partner with Oct4 and is important in stabilizing ESC self-renewal
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125.129.130 "Sall4 has been proposed to function as a bridge between Oct4 and NuRD
complex, one of the major chromatin remodeling complex in cells'?. The identification
of motif 25 as the regulatory interactions between such important TFs in pluripotency
supports that motif 25 is important for maintaining a three-state distribution.
Furthermore, our findings suggest that the mutual activation between Oct4 and Sall4
plays a major role in maintaining three states in pluripotency. This proposed critical
regulatory interaction could be directly tested through experiments that disrupt the
transcriptional feedback loop created by the two TFs, potentially with the use of

CRISPR/Cas9 tools that disrupt specific TF binding sites.

Tcf7 and Oct4 also form motif 23, a circuit of mutual activation with one node containing
positive auto-regulation. Tcf7 is an important transcription factor that alone can restore
trilineage differentiation abilities in mouse ESCs lacking all full length TCF/LEFs,
demonstrating its importance in generating three states '*!. TCF7 is also known to be a
transcriptional regulator downstream of Wnt signaling, and activated Wnt signaling has
been shown to be sufficient for self-renewal in both human and mouse ESCs!32. Once
again, the identification of motif 23 between well-known regulators of pluripotency
provide further support for its role in driving a three-state distribution. Similar to above,
the importance of the regulatory interactions between TCF7 and Oct4 in maintaining the
three-state distribution required for pluripotency could be tested by disrupting the

transcriptional feedback loop between the two TFs.
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Note that the PluriNetWork database may have many missing interactions (e.g., only two
genes have negative autoregulation) or annotations (e.g., interactions labeled as
unknown), therefore the occurrence of circuit motifs are likely underestimated. It is worth

further investigating the roles of these circuit motifs in stem cell differentiation.

3.2.5 Identifying different types of state distributions

In the previous sections, we relied on defining a score to quantify a particular structure of
state distribution and then ranking circuits with the score. Here, we aimed to classify gene
circuits by structures of state distributions with an unsupervised top-down approach. To
achieve this, we defined a distance function to quantify the differences in state
distributions between two four-node circuits, and then applied clustering analysis on the
resulting distance matrix. The distance function we chose was based on a multivariate
Kolmogorov-Smirnov (KS) statistic, which allows the quantification of the differences
between the gene expression distributions of two circuits (details in Chapter 2). We then
devised a subsampling approach of Louvain clustering (schematic overview in Fig. 3.5A,
details in Methods) for the distances between all non-redundant four-node circuits, from
which we identified 20 circuit clusters with more than 10 members representing distinct

classes of state distributions.
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Figure 3.5. Clustering of all non-redundant four-node gene circuits by the similarity
of state distributions (A) Flow chart of the clustering analysis. A subset of 1,000 circuits
was randomly sampled for Louvain clustering. This step was repeated for 100,000 times
to generate sufficient data for constructing an association matrix. The Louvain clustering
method was applied again on the association matrix to obtain circuit clusters.(B) The
center circuits (circuit diagrams in the top right) for three clusters (leftmost: single state;
middle: two states; rightmost: circular state distribution) and the corresponding state
distributions from the RACIPE simulations (scatter points in the second row). The
numbers at the top left corner are the cluster indices.(C) The histogram of the number of
circuits in each community with more than 10 members.(D) Projection of the summary
statistics of the most representative circuits of every cluster onto the first two principal
components. The clusters are illustrated by the ellipses of different colors.
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For example, Fig. 3.5B shows representative state distribution from three different
clusters — one allowing a single gene expression state (leftmost), one allowing two
separated gene expression states (middle), and another allowing a circular state
distribution (rightmost). From the histogram of the number of circuits in each cluster
(Fig. 3.5C), we observe seven major circuit clusters. Interestingly, circuit clusters with
more members tend to have simpler state distributions (i.e., distributions with one or two
gene expression clusters), while clusters containing more complex structures (e.g., those

with six gene expression clusters) often contain less members.

Lastly, we generated an overview of the major circuit clusters using PCA. To do so, we
constructed a vector of statistics summarizing the expression of each circuit (details in the
Methods section), for the most representative circuits in the largest seven clusters and
projected the data to the first two principal components (Fig. 3.5D). Different colors and
ellipses in the PCA projection illustrate the seven major circuit clusters identified from
the Louvain clustering. These circuit clusters form two groups, which are well separated
by the first principal axis (PC1). The circuit clusters on the left side of PC1 corresponds
to the circuits capable of generating single state distributions, while the circuit clusters on
the right side of PC1 corresponds to the circuits capable of generating state distributions
with multiple states. Our results from the Louvain clustering seem to provide richer
details of circuit behavior than those from the PCA, while the PCA results show the
relationship between the identified circuit clusters. Taken together, this top-down

approach allows us to identify major classes of circuits associated with distinct state
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distributions and identifies multistability as the greatest difference between the four-node

circuits.

3.2.6 Identifying multiple circuits with similar state distributions

In the previous section, we had defined a KS statistics-based distance function to quantify
the difference between the state distributions from two four-node circuits. This distance
function also allows comparison of any two gene expression state distributions, making it
possible to identify all non-redundant four-node circuits that have the closest state
distributions to any other circuit’s state distribution. Two examples are illustrated in Fig.

3.6.

core

A®°B®? @\a @q %o /'\ cII
T G R i 1

==mgy ||||I I I I I B
g u-

12713173098 1836 5 37263122 14 8 102024 1510 2 29 4 21 6 163223952834 5 1 2593 7 6
Moif index

Motif 12 Motif 39 Motif 7 Motif 6
A B A B A B A B

B

35161434 7 3523243 6 5 32151829 6 3611102891 1 17
Motif index

NN ¢

Enrichment score.
[ ]
—
]

Motif 25 Motif 16 Motif 20 Motif 21

*}:.ﬁ fa_.f: ”&r— ’23’1

Flgure 3.6. Identlfylng c1rcu1ts w1th s1m11ar state dlstrlbutlons A dlstance functlon
based on Kolmogorov-Smirnov statistic was designed to quantify the similarity of the
state distributions of two four-node gene circuits. The distance function allows us to

identify other circuits with similar state distributions to a reference circuit. From these
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identified circuits, enrichment analysis can be applied to identify reoccurring two-node
circuit motifs and their coupling. Two examples are illustrated in the plot. Panels (A) and
(D) show two references circuits — (A) for a circuit allowing six states along a circle, and
(D) for a circuit allow three states in a triangular shape. Panels (B) and (E) show the five
most similar circuits. Each column in panels (A), (B), (D) and (E) shows the circuit
diagram (first row), the PCA projection of RACIPE simulations (second row), and the
UMAP projection of the same data (third row). Panels (C) and (F) show the enrichment
scores of two-node circuit motifs among the top 600 similar circuits (first row) and the
circuit diagrams of the most over- (second row, left side) and under- (second row, right
side) enriched motifs.. All enrichment results in panel (C) are significant (adjusted pvalue
<0.05) except for motif 3, and all enrichment results for panel (F) are significant except
for motifs 5, 8, 15, 18, 29, and 32. Colors in the column plots represent different groups
of motif types

In the first case, we started with a circuit with a state distribution of a ring of six states
(Fig. 3.6A). We show the top five circuits with the closest state distributions, based on
the described distance function (Fig. 3.6B). PCA (2" row in Fig. 3.6B) and UMAP (3"

row in Fig. 3.6B) projections show that resulting state distributions from identified

circuits indeed contain similar gene expression state distributions.

We note that some of the gene-expression states may overlap in two-dimensional
projections (typically with PCA), however, separation of these states usually can be
discerned in other dimensions or with the projection of another method, such as UMAP.
Strikingly, the identified circuits share very similar topologies — all the top five circuits
have mutual inhibiting links between any two nodes and differ only by the autoregulatory
links. This is in line with our previous findings that certain circuit topologies are required
to generate specific structures of state distributions. Next, we performed enrichment
analysis on circuits with lowest distances (top 600 similar circuits, all with p-value <
0.05; details in Methods), from which we identified motifs 39 and 11 to be most enriched

in these circuits. Here, motif 39 consists of a toggle switch with self-activation, a motif
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well known to generate multiple distinct states. Motif 25, the top enriched motif for the
triangularity score, is one of the least enriched motifs in this case. The results indicate
that the enrichment analysis allows identification of the circuit motifs responsible for
disparate state distributions. Furthermore, we observed an emphasis on positive
autoregulation in the top identified motifs, which is a trend that is distinct from what was

observed for earlier scores.

As a second example, we started with a circuit with a triangular state distribution of three
clusters (Fig. 3.6 D). This state distribution was previously described by the triangularity
score defined earlier (Fig. 3.2). With our current analysis, we successfully identified
circuits with the most similar state distributions, without using the triangularity score
(Fig. 3.6E). In this case, the top identified circuits, despite being very similar to one
another, are structurally more different among them than those from the top six-state
circuits shown (Fig. 3.6B). This could be because the triangular state distributions are
more commonly observed state distributions, thus more accessible to circuits of different
topologies. The top three enriched motifs, as shown in Fig. 3.6F, are the same motifs as
identified from our earlier analysis using the triangularity score (Fig. 3.3). In particular,
the same motif 25 was identified once again as the topmost enriched motif for the
triangular state distribution. These outcomes demonstrated the effectiveness of the
distance function in identifying circuits and motifs responsible for similar state
distributions. Furthermore, we have shown with two orthogonal methods that motif 25 is

implicated in generating a triangular distribution of three states.
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3.2.7 Identifying circuits, motifs, and coupling of neuron differentiation

We have demonstrated how our approach can identify four-node circuits with similar
state distributions to other circuit’s state distribution. Now, we extended our analysis to
identify four-node circuits with similarities to experimentally observed state distributions
from single-cell RNAseq (scRNA-seq) data. This is a conceptually different analyses in
that (1) the state distributions from single cell data are commonly derived from many
more genes (typically the most variable genes); (2) nodes in the four-node circuits do not
necessarily represent individual genes, but a contribution of a group of genes due to the
potential modular structure and redundancy observed in large gene networks!3*!134, In
other words, the four-node circuits in the current study represent phenomenological
models of the data. We considered circuits of four nodes here to take advantage of all
simulation data generated in the current study, but this approach can be readily extended
to circuits of other sizes. We also revised the KS statistics-based distance functions to

enable the circuit and motif analysis for single-cell gene expression data (details in

Chapter 2).

Our method was applied to a set of scRNA-seq data from 1,720 cells of human
glutamatergic neuron differentiation at week 10 post-conception’®. Fig. 3.7A shows the

PCA projection of the expression of 1448 genes to the first two principal components.
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Figure 3.7. Application of the circuit analysis to scRNA-seq data of human
glutamatergic neuron differentiation. (A) The projection of the scRNA-seq data to the
first two principal components.(B) The projection of the simulated gene expression data
of the top ranked four-node circuit to the first two principal components of the simulated
data. (C) The diagrams of the top five ranked circuits, with the top ranked circuit on the
left and the fifth ranked circuit on the right. (D) The enrichment scores of two-node
circuit motifs among the top 218 circuits (left panel), and the diagrams of the most
enriched two-node circuit motif and a biological gene circuit (right panel). All
enrichment results are significant (adjusted pvalue <0.05) except for motifs 3, 5, 10, 20,
26, and 37. Colors in the column plots represent different groups of motif types.
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While a snapshot of gene expression during neuron differentiation, this dataset contains
at least three states, consisting of radial glia progenitor cells progressing through
intermediate neuroblast stages to differentiated neurons’. From the circuit analysis we
identified 218 top ranked phenomenological four-node circuits (p-value < 0.05 or z-score
< -1.64), the top 5 of whose circuit diagrams are shown in Fig. 3.7C and the state
distribution of the topmost circuit in Fig. 3.7B. The circuit’s state distribution resembles
that of the single-cell data in that both contain three gene expression clusters with the
rightmost two clusters more connected than the leftmost cluster. These clusters
potentially correspond to radial glial progenitors, intermediate progenitors, and
differentiated neurons. This could be confirmed by comparing the top contributing genes
in the PCs that were matched to each node and then identifying which nodes are high in
each cluster for the modified KS score (section 2.2.7). If the top contributing genes for
the nodes that are high in each cluster match experimental observations, this would
indicate that the simulate and experimental distributions are indeed similar. However, the
clusters from the circuit simulations appear more spherical while the experimental
clusters appear more ellipsoid, presumably because of the wider range of kinetic
parameters sampled in RACIPE simulations than those represented for the single cells in

the experiment.

From the circuit motif analysis of the top-ranked 218 circuits, we identified the toggle
switch (motif 19) among the topmost enriched motifs (Fig. 3.7D). Interestingly, although
the toggle switch circuit with two-sided self-activations (motif 39) was only moderately
enriched, and motif 5 was even under enriched, the coupling of motifs 39 and 5 without a

shared node was the most enriched coupling among the top-ranked circuits. The top
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identified motif, motif 36, is characterized by a self-inhibiting node A and a self-
activating node B, where A activates B, and B inhibits A. Upon analysis of the PCA
loadings of the experimental data, we identified VIM as the highest negative contributor
and STMN2 and NEURODG as the highest positive contributors to the first principal
component. This is consistent with the experimental observation!3> that VIM serves as a
marker gene in radial glial population (leftmost cluster), and NEURODG6 and STMN?2 are
important transcription factors in intermediate progenitors and differentiated neuron
populations (two clusters from the right side). We also identified PAX6 as one of the top
contributors to the radial progenitor population. PAX6 is a TF known to play an important
role in radial glial cell differentiation that activates neuronal lineages (while repressing
others) to ensure correct differentiation to neurons 3¢, Furthermore, it has been shown
that decreasing Pax6 expression is required to turn off the neural stem-cell self-renewal
program 37, In addition, NEURODG has also been shown to be implicated in sustaining
the gene expression program of neurons and for promoting differentiation by triggering

cell cycle withdrawal 138137,

Remarkably, the top identified motif (#36) is consistent with the regulatory interactions
responsible for neuronal cell differentiation '*3-13°, In this circuit motif (bottom right
circuit diagram in Fig. 3.7D), one node (network involving PAX6) decreases its own
expression and activates another node (network involving NEURODG6), which activates
itself and represses the other node. In glutamatergic neuron differentiation, radial glial
cells divide symmetrically or asymmetrically to self-renew or produce neurons,
respectively. Pax6 positive cells mark radial glial cells that will go on to differentiate first

into intermediate progenitors and then become neurons!*’. The transition to intermediate
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progenitor cells is initiated by the expression of pro-neural genes. Pax6 binds to the
enhancer region of Neurog2 and directly induces it expression, which downregulates the
expression of Pax6. The activity of Pax6 inhibiting its own expression is reflected by the
negative auto regulation observed on node A. The transition to intermediate progenitors
is initiated by the elevated expression of Tbr2, which is induced by Pax6. This interaction
is reflected in the activating edge from node A to node B (Fig. 3.7D). NeuroD6 positive
progenitor cells are committed to the glutamatergic neuron fate and NeuroD6 has been
shown to be able to independently carry out key steps of neuronal differentiation!3%141,
Expression of NeuroD6 is induced at the start of differentiation and proceeds withdrawal
from the mitotic progenitor populations. This is consistent with the cell cycle arresting
function of other NeuroD6 family members and is reflected in the inhibitory edge from
node B to node A. NeuroD6 has also been shown to sustain the neuronal gene expression
program and even promote long term neuron survival upon serum deprivation!#,
NeuroD6 binds to its own promoter and sustains its own expression, reflected in the
positive autoregulatory interaction on node B!*3. Taken together, this indicates that the
top motif identified as causative for the specific state distribution observed during
glutamatergic neuron differentiation agrees with literature evidence. Furthermore, our
results suggest that the interaction between the gene expression programs involving
NeuroD6 and Pax6 are of paramount importance for maintain the state distribution
required for proper differentiation of glutamatergic neurons. We note that the identified

circuits/motifs are phenomenological with some of the interactions present in our motif

not being direct interactions due to how we modified the KS-score to compare PCs to
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each four node circuit. This is significant because each PC represents a combination of

genes and not just a single factor, leading to potentially indirect interactions.

Interestingly, despite the general triangular shape of the experimental state distribution,
these enriched motifs identified here were not the same as those found in the previous
analysis of the triangular state distributions, suggesting that the circuit and motif analysis
can recognize subtle aspects of the state distribution, such as the state locality and
densities. In summary, we demonstrated the circuit analysis can be applied to
experimental scRNA-seq data to identify phenomenological gene circuits capable of

recapitulating experimentally observed state distributions.

3.2.8 Discussion for A Quantitative Evaluation of Topological Motifs and Their

Coupling in Gene Circuit State Distributions

In this study, we have developed a novel computational framework to identify gene
circuits, small circuit motifs, and coupling of motifs responsible for circuit properties by
evaluating their gene expression state distributions. This method can be readily
generalized to model other dynamical behavior of a circuit, as long as it can be quantified
by a scoring function. Our method employs the first comprehensive analysis of all four-
node transcriptional regulatory circuits. We have shown how the methodology can be
applied to identify circuits allowing triangular or linear state distributions, from which we
can further characterize the enriched motifs and motif coupling. We have also defined a

KS statistics-based distance function to quantify the differences of the state distributions
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between two circuits. Using this distance function, we have identified major classes of
circuits with distinct state distributions, circuits with similar state distributions to other
circuits, and circuits that recapitulate experimental gene expression distribution from

single-cell gene expression data.

Our circuit and motif analysis has the following advantages over existing methods. First,
conventional approaches defined motifs as overrepresented small circuit topologies from
a large biological network. The function of the identified motifs was then analyzed by
mathematical modeling and/or synthetic biology analysis of a standalone circuit motif.
While this approach helps to build a fundamental understanding of motifs and their
importance, it falls short to discover circuit motifs for a particular function in mind. With
our approach we start out by defining a desired circuit property (such as a state
distribution) and then identify two-node circuit motifs enriched in all non-redundant four-

3761 als0 utilized this motif

node circuits with shared features. Other recent studies
identification strategy, however the current study provides a more quantitative and
generalized methodology. While we demonstrate this with a comprehensive analysis of
four-node circuits identifying two-node motifs, the method can be readily adapted to
identify larger circuit motifs. Therefore, our approach can alleviate the issues of existing

approaches, allowing a more robust evaluation of gene circuits according to their

behavior.

Second, our method utilizes RACIPE, an ensemble-based simulation approach, to

evaluate circuit behavior. Compared to the earlier methods, RACIPE allows
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consideration of variation in kinetic parameters present in different cells. RACIPE-
simulated gene expression from an ensemble of random models are usually not randomly
scattered in gene expression space but form robust clusters of models. As shown in
previous studies, these clusters can usually be associated with biological relevant cellular
states 28:101.102,104.144 "Thig definition of circuit states based on gene expression distribution
is more robust compared to the conventional definition based on the steady states of
dynamical systems. In this way, our approach ensures a more thorough exploration of

circuit behaviors and the associated circuit motifs.

Third, our method can also be applied to infer phenomenological four-node circuit
models that capture the gene expression distributions of experimental single cell data.
Note that the nodes in the phenomenological models may represent the collective effects
of multiple regulators, instead of individual genes!'#>!4¢, We have shown its application to
study glutamatergic neuron differentiation through its ability to correctly identify
interactions between gene expression programs that are responsible for promoting
cellular state transitions from radial glial cells to fully differentiated neurons. The
interactions we identified are fully supported by literature and highlight the critical
importance of both PAX6 and NeuroD6. From these results we hypothesize that
disruption of the specific regulatory interactions we identified between PAX6 and
NeuroD6 gene expression programs would lead to a breakdown of neuron differentiation,
which could potentially be tested by CRISPR mediated disruption of transcription factor

binding sites listed in section 3.2.7. We expect that this approach is invaluable to
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elucidate the regulatory mechanism for systems with more complex structures of cellular

states.

3.3 What makes a functional gene regulatory network? A circuit motif analysis

Here we apply the method developed in 3.2 to answer new questions: What are the
circuits, motifs, and coupling interactions responsible for the ability of networks to have
either high multiplicity or flexibility. Multiplicity is the ability for a network to create
multiple steady states and is an important quality in networks modeling cellular state
transitions, which typically include two or more states. Multiplicity is important in any
biological context that includes multiple states with a prime example being development,
where progenitor cells often bifurcate into two distinct lineages. Flexibility represents
how much the state distribution changes upon perturbation of the network and represents
the ability to respond to environmental cues. The ability to respond to environmental cues
is important since activation of signaling pathways commonly drive the transition of

cellular states.

My contribution to this project consisted of training the lead author on how to use the
method, showing her how she could extend it, and developing an algorithm to create

different types of networks, of any size, that incorporate any desired motifs.

3.3.1 Identifying circuits with high multiplicity
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We applied the multiplicity scoring function to all 60,212 non-redundant four-node gene
circuits. As shown in Fig. 3.8A, the distribution of multiplicity is a negatively skewed

unimodal distribution, with slightly more circuits of high H values.
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Figure 3.8. Multiplicity and flexibility of gene regulatory circuits. (A) The leftmost
plot shows the histogram of multiplicity for all nonredundant four-node circuits. The
right panels show, for the top five circuits ranked by multiplicity, the circuit diagrams
(top row) and the density maps of RACIPE-simulated gene expression projected onto the
first two PCs (bottom row). In the circuit diagrams, the nodes represent genes, labeled as
A, B, C, and D. The blue lines and arrows represent excitatory regulations, and the red
lines and dots represent inhibitory regulations. Panel B shows the outcomes for the
flexibility score.

We found that the scoring function H is indeed effective in capturing circuit multiplicity.
We observed that the topmost circuits ranked by H tend to contain regulatory links of
mutual activations, mutual inhibitions, and self-activations. The tight regulatory
connectivity in those circuits allows them to have a higher number of gene expression

clusters, as shown in the density map of the simulated gene expression profiles projected

onto the first two principal components (PCs) (Fig. 3.8A, right panels).
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Next, we applied the circuit motif enrichment analysis by comparing the occurrence of
any two-node circuit motifs within the topmost four-node circuits ranked by multiplicity
with the occurrence within the rest circuits. As shown in Fig. 3.9AB, the top five
enriched two-node circuit motifs all contain self-activations, suggesting its dominant role

in determining high multiplicity.
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Enrichment scores for all two-node circuit motifs were computed from all nonredundant
four-node gene circuits ranked by multiplicity. The enrichment is significant for most
motifs (adjusted p values <0.01), except for motifs #17 and 36. (B) Diagrams of the top
five enriched circuit motifs. (C—E) Heatmaps of the enrichment scores for the co-
occurrence of all pairs of two two-node circuit motifs. Three heatmaps correspond to the
overall co-occurrence (C), the co-occurrence of two motifs with a shared node
(overlapping, D), and the co-occurrence of two motifs without a shared node
(nonoverlapping, E). Hierarchical clustering analysis was applied to each case with the
Euclidean distance and complete linkage. There are gray colors in panel D, as some motif
combinations do not exist.

The top three motifs (#30, 21, 39), which have similarly high enrichment scores, all
contain mutual regulatory links. Contrarily, the bottom three motifs (#7, 34, 16) all
contain self-inhibitions. These findings are all consistent with what we observed in the
top-ranked four-node circuits in Fig. 3.8A and with previous studies showing that self-

activation generates multi-stability, and self-inhibition stabilizes gene expression state!*’~
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1499 Furthermore, we evaluated the enrichment of the co-occurrence of two circuit motifs
within the top-ranked four-node circuits by the multiplicity, as shown in Fig. 3.9CDE.
We observed again that two motifs with self-activation tend to be more enriched, while

two motifs with self-inhibition tend to be less enriched.

3.3.2 Identifying circuits with high flexibility

We applied the flexibility scoring function to rank all 60,212 non-redundant four-node
gene circuits. As shown in Fig. 3.8B, the distribution of flexibility is close to a symmetric

unimodal distribution.

We tested the flexibility score F on a few four-node circuits and found that, for circuits
with larger F, gene expression distributions have noticeably larger changes upon gene
KD perturbations. We observed that the topmost circuits ranked by F tend to be sparsely
connected. Compared to the topmost circuits ranked by H, the topmost circuits by F
usually have a mono-directional interaction between two nodes (either the 1% node
regulating the 2™, or the 2" node regulating the 1), and there are fewer auto-regulations.
Interestingly, the circuits with high flexibility usually have gene expression profiles of
two clusters (Fig. 3.8B, right panels). This observation can be understood as follows. For
circuits allowing only one gene expression cluster, the possible gene expression
distribution is limited by the cluster. For circuits with a higher number of gene expression

clusters, it is hard to transit through multiple states by perturbation. Thus, circuits with
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two gene expression clusters are the most likely to achieve substantial changes in gene

expression distributions upon perturbations.

Next, we applied the circuit motif enrichment analysis to circuits ranked by flexibility. As
shown in Fig. 3.10AB, the first and second most enriched circuit motifs (#1 and 10) all

contain a single regulatory link from one gene to the other.
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Here, all nonredundant four-node gene circuits are scored and ranked by flexibility. The
enrichment of a single motif is significant for all motifs (adjusted p values <0.01).

The third and fourth most enriched circuit motifs (#19 and 37) are circuits with mutual
activation and mutual inhibition (toggle switch), respectively. We noticed slight
differences in the enrichment scores between circuits with excitatory regulations and
those with inhibitory regulations, presumably because of sampling deviations and the

measurement of flexibility by knockdown perturbations. These most enriched circuit

motifs usually do not prefer autoregulation. Interestingly, the toggle-switch-like circuit
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motifs (#19 and 37) are frequently observed in the topmost flexible circuits, as they are
known to generate bistability!>%!>!. These motifs ensure circuits to be sparsely connected
and bistable, thus allowing the whole circuit to be also flexible. Furthermore, we
evaluated the enrichment of the co-occurrence of two circuit motifs within the top-ranked
four-node circuits by the flexibility, as shown in Fig. 3.10CDE. Interestingly, we
observed frequent co-occurrence of motif #1 with three motifs, #5, #6, and #1 itself.
These three circuit motifs all share the same excitatory regulatory link from one gene to
the other but differ by just a self-inhibitory link. The co-occurrence of these motifs
further demonstrates the sparseness of regulatory interactions as one of the determining

factors of flexible circuits.

3.3.4 Identifying circuits with high multiplicity and flexibility

In the previous two sections, we have evaluated the multiplicity and flexibility of all
nonredundant four-node gene circuits and applied motif enrichment analysis to identify
two-node circuit motifs associated with either high multiplicity or high flexibility.
Furthermore, we evaluated the relationship between the multiplicity and flexibility of a
circuit. From the density and scatter plot in Fig. 3.11A, we observed a weak correlation

(0.17275 Pearson correlation coefficient) between these two scores.
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Figure 3.11. Gene regulatory circuits ranked by combined multiplicity and
flexibility. (A) The density map of multiplicity (x-axis) and flexibility (y-axis) for all
nonredundant four-node gene circuits. (B) The panels show, for the top five circuits
ranked by the product of multiplicity and flexibility, the circuit diagrams (top row) and
the density maps of RACIPE-simulated gene expression projected onto the first two PCs
(bottom row). Panel C shows the outcomes for the bottom five circuits.
Interestingly, we found circuits rarely have high multiplicity and flexibility
simultaneously (only 0.048% of circuits with both H and F higher than 1.5 standard
deviations above the mean value). However, much more circuits were found to have high
multiplicity and low flexibility (0.144% of circuits with H higher than 1.5 standard
deviations above the mean value and F lower than 1.5 standard deviations below the
mean value). More circuits were also found to have low multiplicity and high flexibility
(0.332% circuits with H lower than 1.5 standard deviations below the mean value and F
higher than 1.5 standard deviations above the mean value). It is reasonable that, despite
no apparent correlation between multiplicity and flexibility, circuits with the highest

multiplicity are less likely to be flexibility, while circuits with the highest flexibility are

required to have fewer gene expression clusters, thus being low in multiplicity.
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As we discussed earlier, we are interested in functional GRNs with both high multiplicity
and flexibility, despite their low occurrence in four-node circuits. We applied the circuit
motif analysis with the combined score defined in Equation (3). The top five ranked
circuits, as shown in Fig. 3.11B, have the following features. First, these circuits all have
relatively simpler circuit topologies compared to the topmost circuits ranked by
multiplicity. Second, these circuits all contain multiple self-activations, thus generating a
high number of gene expression clusters. Third, the gene expression distributions
resulting from these circuits seem to be less structured, compared to those from the
circuits with the highest multiplicity. All these features contribute to being high in both
multiplicity and flexibility. Contrarily, the bottom five ranked circuits, as shown in Fig.
3.11C, have more self-inhibitions, allow for gene expression distributions of a single
cluster, and have highly connected circuit topologies. These properties are exactly
opposite to those of top-ranked circuits, explaining why the bottom-ranked circuits have
low multiplicity and flexibility. These observations are also consistent with the outcomes

of the circuit motif enrichment analysis, as shown in Fig. 3.12.
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Figure 3.12. Circuit motif enrichment analysis by both multiplicity and flexibility.
Here, all nonredundant four-node gene circuits are scored and ranked by the product of
multiplicity and flexibility. The enrichment of a single motif is significant for most
motifs, except for motif #31 (adjusted p values <0.01).

Note that we identified circuit motifs #19 and #39 again as enriched motifs with high
multiplicity and flexibility. These toggle-switch-like motifs were observed, presumably
because they can generate bistability, thus having more potential to generate more states

when coupled with similar motifs, and meanwhile can allow flexible switches among

states>”.

3.3.5 Multiplicity and Flexibility in networks of different sizes and types

Lastly, we explored the properties of multiplicity and flexibility in large random GRNS.
To generate GRNs of an extended range of multiplicity and flexibility, we selected a list

of two-node circuit motifs as the building blocks and synthesized them into large GRNs
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of different sizes, with either sequential, scale-free, or random topological structure (see
Methods for the detailed implementation). The selected motifs are either (1) the top 3
two-node circuit motifs ranked by multiplicity (i.e., motifs # 30, 21, 39), (2) the top 3
two-node circuit motifs ranked by flexibility (i.e., motifs #1, 10, 19), or (3) the motifs
from both (1) and (2). For each motif type, gene regulatory network (GRN) topology
type, and GRN size, we randomly generated the topology of ten networks (see the
companion GitHub repository'>® for all GRN topologies), followed by RACIPE
simulations to generate 10,000 gene expression profiles for each GRN. To calculate the
multiplicity and flexibility for a large GRN, we performed principal component analysis
on the standardized log transformation gene expression, and applied Equations (7) and
(8) ( Section 2.2.11) using the data projected onto the first four PCs. Note that in
Equation (8), the summation over gene perturbation is still applied to all genes in the
GRN. We chose to first project data onto the first four PCs, as the data with reduced
dimensions usually capture gene expression states well. Moreover, low dimensional

reduction has been widely used in high dimensional gene expression data analysis.

The multiplicity and flexibility of these random GRNs are summarized in Fig. 3.13,

where we identified the following interesting findings.
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Figure 3.13. Multiplicity and flexibility of large gene regulatory networks. The plots
show the multiplicity (blue points) and flexibility (red points) for GRNs of different sizes
(number of genes on the x-axis) and different network types (each panel). Different
columns correspond to sequential networks (1st column), scale-free networks (2nd
column), random networks with sparse connectivity (ver 1, 3rd column), and random
networks with dense connectivity (ver 2, 4th column). Different rows correspond to
networks synthesized with top 3 multiplicity two-node motifs (1st row), top 3 flexibility
two-node motifs (2nd row), and all these 6 motifs (3rd row).
First, the overall trends of multiplicity and flexibility for different GRN sizes and types
are very similar for different choices of circuit motifs. The multiplicity scores are usually
at high levels when using the motifs with the highest multiplicity and at low levels when
using the motifs with the highest flexibility. Similarly, the flexibility scores are usually at
high levels when using the motifs with the highest flexibility and at low levels when
using the motifs with the highest multiplicity. Thus, among GRNs of different sizes,
multiplicity and flexibility are anticorrelated. Our finding also suggests that the

multiplicity/flexibility properties of a large GRN are largely determined by the properties

of the circuit motifs within the GRN.
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Second, regardless of the type of GRNs, multiplicity was found to be linearly correlated
with the number of genes but saturated for large number of genes (blue points in Fig.
3.13). For each category of GRNs (i.e., different sizes and motif types), the variations of
multiplicity among ten random networks are mostly small, but slightly larger for the
GRNs with mixed motifs. We also computed the multiplicity when the local density was
estimated with the gene expression profiles of all dimensions, and, in this case,
multiplicity is always linearly correlated with the number network genes. The
dependence of multiplicity on GRN sizes can be understood as follows. When the GRNs
are very small, the number of distinct states allowed by the GRNSs are also limited. When
the GRNs become larger, much richer network behaviors can be observed, therefore
larger multiplicity. However, when the GRNs get extremely large, although the variations
of gene expression still increase (multiplicity for data with full dimensions), the number
of distinct gene expression states get saturated (multiplicity for data with reduced

dimensions).

Third, flexibility was found to be linearly anti-correlated with the number genes for
sequential networks, scale-free networks, and random networks where motifs are sparsely
connected with a fixed number of interactions per motif denoted as random verl, see
Methods for details) (red points, 1% to 3™ columns in Fig. 3.13), despite much larger
variations in flexibility among ten networks of the same category. In those situations, we
also observed a saturation of flexibility for small GRNs. Because of high variations and
saturation of flexibility, we also observed a few small GRNs with low flexibility.

Interestingly, for networks where motifs are densely connected with a fixed ratio of
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interactions per motif (denoted as random ver2), we observed a bell shape of flexibility
with respect to the number of genes, i.e., the highest flexibility may occur in GRNs of

intermediate sizes.

Taken together, when the network size increases, multiplicity increases while flexibility
decreases. Both multiplicity and flexibility tend to be saturated for large and small GRNSs,
respectively. Based on these findings, we perceive that the GRNs with both high

multiplicity and flexibility are likely of intermediate sizes.

3.4 Discussion for What makes a functional gene regulatory network? A circuit

motif analysis

In this study, we explored the types of gene circuit motifs that contribute to a functional
GRN. We first defined two scoring functions to quantify the multiplicity and flexibility of
a gene regulatory circuit based on the circuit’s gene expression distribution. We then
systematically applied the scores to rank all nonredundant four-node gene circuits. By
applying gene circuit motif analysis, we identified reoccurring two-node circuit motifs
and the co-occurrence of two motifs that enriched in top-ranked circuits by either
multiplicity, flexibility, or a combination of both. Furthermore, using the enriched motifs
as the building blocks, we generated many GRNs of different types and sizes and
investigated the GRN properties that contribute to high levels of multiplicity and
flexibility. We hope this study will improve our understanding of the design of biological

GRNS .
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The core approach utilized in this study is the circuit motif enrichment analysis
introduced earlier in the chapter. We have demonstrated the effectiveness of this
approach in identifying not only circuit motifs associated with a particular dynamical
behavior but also the coupling of two circuit motifs. Here, we focused on multiplicity, the
ability of a GRN in generating a high number of states, and flexibility, the ability of a
GRN in altering gene expression upon perturbations. In our view, multiplicity and
flexibility are among the most important features of a functional GRN since they are the
basic features that a GRN must exhibit to be functional; GRNs that model cellular state
transitions must inherently be able to generate multiple states and respond to signals that
trigger state transitions as a basic requirement for biological relevance. From the
enrichment analysis, circuit motifs with mutual regulations and self-activation tend to
have high multiplicity, while circuit motifs with single monodirectional regulation and
without autoregulation tend to have high flexibility. Remarkably, two types of circuit
motifs allow both high multiplicity and high flexibility—either motifs with sparse

connectivity and self-activation or toggle-switch-like motifs.

While it is important to elucidate the types of circuit motifs having high multiplicity
and/or flexibility, we also wonder how these circuit motifs contribute to the multiplicity
and flexibility of larger GRNs. To address this question, we generated GRNs of different
sizes and types using the enriched circuit motifs as the building blocks. From an
extensive network analysis, we found that network multiplicity and flexibility indeed are

largely impacted by the types of circuit motifs with the GRNs. Overall, GRNs of
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intermediate sizes tend to have combined high levels of multiplicity and flexibility. Thus,
we hypothesize that a biological GRN, when considered as a functional dynamical
system, should be of intermediate sizes. This can be understood by the following: when a
GRN is too small, it is not complex enough to robustly generate desired functionality;
when a GRN is too large, it could be too rigid to allow sufficient control by external
signals or environmental factors!>*!5°, Thus, GRNs of intermediate sizes can alleviate the
issues of smaller and larger GRNS. In our view, this criterion of network size would be
helpful to elucidate the design principle of biological GRNs and improve the

effectiveness of GRN inference.
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4 NetAct: a computational platform to construct core transcription factor

regulatory networks using gene activity

4.1 Introduction

One of the major goals of systems biology is to infer and model complex GRNs which
underpin the biological processes of human disease!>¢-1¢!, Particularly important are
those gene networks that control decisions regarding cellular state transitions (e.g.,
replicative to quiescent!'®*-164, EMT!®, pluripotent to differentiated!®®-167), given the
central importance of such regulatory processes to both healthy development as well as

diseases such as cancer.

In this study, we introduce a computational platform, named NetAct, for inferring a core
GRN of key TFs using both transcriptomics data and a literature-based TF-target
database. Integrating both resources allows us to take full advantage of the existing
knowledgebase of transcriptional regulation. NetAct adopts the combined top-down
bioinformatics and bottom-up systems biology approaches, designed specifically to

address the following two major issues.

First, many network inference methods rely on correlations of gene expression data, yet
the actual transcriptional activities of many master regulators may not be reflected in
their gene expression. Instead, the activity may be better associated with either their

protein level, the level of a certain posttranslational modification, localization, or their
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DNA binding affinity. As a result, the master regulators with weak correlations between
the expression level and the transcriptional activity will likely be discarded in the
network. Some algorithms have been developed to infer the activities of regulators from
transcriptomics data, such as VIPER!'®®, NCA!°, AUCELL*. However, most of these
algorithms 1) are not designed for gene network modeling, or 2) still rely on co-
expression of a TF and its targeted genes, or 3) do not take advantage of known
regulatory interactions from the literature, hindering their applicability as automated

algorithms for generic use in systems biology.

Second, conventional mathematical modeling approaches have been applied over the
years to simulate the dynamics of a GRN, yet they are not particularly effective in
analyzing core GRNs. A popular method models the gene expression dynamics of a
system using the chemical rate equations that govern the associated gene regulatory
processes. However, it is difficult to directly measure most of the kinetic parameters of a
GRN. Although some parameter values can be learned from published results, many
others are often based on educated guesses which significantly limits the predictive
power of mathematical modeling. Moreover, a core GRN is not an isolated system. Thus,
an ideal modeling paradigm should also consider other genes that interact with the core
network. To address this infamous parameter issue, we have developed the modeling
algorithm RACIPE®”-!17%:17! in previous work that analyzes a large ensemble of
mathematical models with random kinetic parameters. RACIPE has been applied to

model the dynamical behavior of gene regulatory networks of different biological
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processes, such as epithelial-mesenchymal transition , cell cycle'”, stem cell

differentiation!”>.

The new NetAct platform addresses the above-mentioned issues by (1) inferring the
activities of TFs for individual samples using the gene expression levels of their targeted
genes, (2) identifying the regulatory interactions between two TFs based on their
activities rather than their expressions, (3) and subsequently simulating the constructed
core GRN with RACIPE to validate and evaluate the gene expression dynamics of the
core GRN. In this paper, we describe in detail the NetAct platform, extensive benchmark
tests for TF-target databases, TF activity inference, and network construction, and two

examples of applications to model GRNs with time series gene expression data.

4.2 Results

We developed a computational systems-biology platform, named NetAct, to construct
TF-based GRNs using TF activity. The method uniquely integrates both generic TF-
target relationships from literature-based databases and context-specific gene expression
data. NetAct also integrates the previously developed mathematical modeling algorithm
RACIPE to evaluate whether a constructed network functions properly as a dynamical
system. It evaluates the roles of every gene in the network by in-silico perturbation
analysis. NetAct has three major steps: (1) identifying the core TFs using GSEA!'7* with
an optimized TF-target gene set database (Fig. 15A). Here, the custom gene set consists

of a transcription factor and its targets. GSEA then indicates which TFs are active by
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identifying which TF targets are enriched from the DE analysis of gene expression data.
A g-value cutoff is used to identify significantly enriched TFs. (2) Inferring TF activity
(Fig. 4.1B); (3) constructing a core TF network (Fig. 4.1C). Then, the network is
validated and analyzed by simulating its dynamics using mathematical modeling by

RACIPE.
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Figure 4.1. Schematics of NetAct. a First, key TFs are identified using GSEA with a
literature-based TF-target database. b Second, the TF activity of an individual sample is
inferred from the expression of target genes. From the co-expression and modularity
analysis of target genes, we find target genes that are either activated (blue), inhibited
(red), or not strongly related to the TF (gray). The activity is defined as the weighted
average of target genes activated by the TF minus the weighted average of target genes
inhibited by the TF. ¢ Lastly, a TF regulatory network is constructed according to the
mutual information of inferred TF activity and literature-based regulatory

interactions. d Performance of GSEA for various TF-target gene set databases. The plot
shows the sensitivity and specificity with different g-value cutoffs. The gene set
databases in the benchmark include the combined literature-based database (D1);
FANTOMS-based databases (D2) with 20, 50, and 100 target genes per TF; the combined
experimental-based database (D3, ChIP); and RcisTarget databases (D4), one with 10
targets per TF binding motif and another with 50 total number of targets per TF

My personal contribution to this work is mainly the development of a method to correct
low confidence edge assignments and the application of NetAct to two Biological
settings, EMT and Macrophage activation. The method is presented in full to understand

the application.

4.2.1 Database for TF-target interactions

To establish a comprehensive gene set database containing TF-target relationships, we
considered data from different sources. They are (D1) a literature-based database,
consisting of data from TRRUST!”, RegNetwork!”®, TFactS!”’, and TRED!"%; (D2) a
gene regulatory network database FANTOMS5!7, whose interactions are extracted from
networks constructed using RNA expression data from 394 individual tissues; (D3) a
database derived from resources of putative TF binding targets, including ChEA,
TRANSFAC!!, JASPAR'32 and ENCODE'®3; and (D4) a database derived from motif-
enrichment analysis, RcisTarget!®4. These databases have been frequently used to study

transcriptional regulations and have already been utilized for network construction®’-183,
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We evaluated the performance of these databases by GSEA on a benchmark dataset.
GSEA is a popular statistical method that can be used to evaluate significant overlapping
between a set of genes and differentially expressed genes between two experimental
conditions. Using various types of TF-target databases, our goal is to find the best version
of the database, so that GSEA can detect the target gene sets of the relevant TFs to be
statistically significant. This benchmark dataset, denoted as set B, consists of a
compilation of 12 microarray and 32 RNA-Seq gene expression data. Each of these
datasets contains at least three samples under the normal condition (control) and three
samples under the treatment condition in which a single specific TF is treated by
knockdown (KD) leading to 44 different TF knockouts in either mouse or human. TFs
knocked out include EPAS1, TCFL72, FOXD3, PAX2, AR, TCF21, ASCC3, RUNXI1,
EZH2, AHR, GATAI, ETS1, PARP1, BRCA1, PAX2, RELA, NFKBI1, VHL, JUND,
SREBF1, SREBF2, GATA6, EGR1, ATF3, SOX10, FLI1, ZEB2, CTCF, PTBPI,
SFRS1, HOXA1, BCL6, FOXM1, MYB, ATM, RELA, P53, NANOG, SOX2, OCT4,
PPARG, DNMT1, and CTNNBI1. We applied GSEA (with slight modifications, details in
Chapter 2) on the set B to evaluate whether the enrichment analysis can detect the
perturbed TFs. The underlying assumption is that, with a better TF-target gene set
database, GSEA will be more likely to detect the corresponding perturbed TFs. For each
TF-target database and each gene expression data in set B, we calculated the g-values of
all the TFs in the database by GSEA to determine whether the target genes of the
perturbed TF are enriched in the differentially expressed genes. We found that more

significant q-values are usually associated with relatively larger number of targets for
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each TF; however, too many (e.g., greater than 2000) targets will result in non-significant
g-values. Furthermore, these corresponding g-values from all the gene expression data
are converted to specificity and sensitivity values (see Chapter 2), and different databases
are compared based on the area under the sensitivity-specificity curves (Fig. 4.1D). We
found that the literature-based database, consisting of combined interactions from
TRRUST!"S, RegNetwork!’®, TFactS!'”’, and TRED!® has the best overall performance,
thus we used this database for further analyses. Our results are in line with a previous
benchmark study!8® that literature-based TF-target database outperforms others in

capturing transcriptional regulation.

4.2.2 Inferring TF activity levels

NetAct can accurately infer TF activity for an individual sample directly from the
expression of genes targeted by the TF (see Chapter 2). In the following, we will
illustrate how NetAct infers TF activity on two cases of microarray KD experiments --
one case for shRNA KD of FOXM1 and shRNA KD of MYB in lymphoma cells (GEO:
GSE17172'%"), and another case for KD of BCL6 on both OCI-Ly7 and Pfeiffer GCB-
DLBCL cell lines (GEO: GSE45838!%%). NetAct first successfully identified the TFs that
undergo knockdown in each case, i.e., FOXM1, MYB and BCL6 respectively, by

applying GSEA on the optimized TF-target database (q value < 0.15)

Next, for each identified TF, NetAct calculates its activity using the mRNA expression of
the direct targets of the TF. We first constructed a Spearman correlation matrix from the

expression of the targeted genes. As shown in Fig. 4.2A, the correlation matrix after
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hierarchical clustering analysis typically consists of two red diagonal blocks, two blue
off-diagonal blocks, and the remaining elements with low correlations which will be
filtered out subsequently (details in Chapter 2). Within the red blocks, the expression of
any column gene is positively correlated with that of any row gene; while within the blue
blocks, the expression of any column gene is negatively correlated with that of any row
gene. This indicates that the genes in the two red blocks are anti-correlated in gene
expression with each other. However, if the correlation matrix is constructed from 100 or
200 randomly selected genes (Fig. 4.2BC), such a clear pattern disappears. Thus, our
observation suggests that genes from one of the red blocks are activated by the TF,
whereas genes from the other block are inhibited by the TF. Moreover, filtered genes are
not likely to be directly targeted by the TF in this context, or they are regulated by
multiple factors simultaneously and are thus likely not a good indicator for the TF

activity.
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Figure 4.2 Illustration of the grouping scheme for target genes of a transcription
factor. a The co-expression matrix of MYB target genes in ShRNA knockdown of MYB
lymphoma cells by hierarchical clustering analysis (Pearson correlation and complete
linkage). b, ¢ The poor clustering results from the co-expression of randomly selected
100 (b) and 200 genes (¢). In panels a—c, the left subplots show the outcomes of all tested
genes, and the right subplots show the outcomes of genes after the filtering step.
Compared to the random cases, MYB target genes have a clear pattern of red and blue
diagonal blocks from their co-expression. d, e The percentage of differentially expressed
genes remained after the filtering step in the case of FOXM1 and MYB knockdown,
respectively. f, g The proportion of genes from the activation group that are positively
correlated with the TF expression (red bars) and the proportion of genes from the
inhibition group that are negatively correlated with the TF expression (blue

bars). h Spearman correlation (average and standard deviation) between TF activity and
target expression (red) and between TF expression and target expression (blue)

We further evaluated how the filtering step removes noise and retains the important genes
in the analysis. We found that, after the filtering step, most of the DE genes are retained,
as evidenced by Fig. 4.2D. Here, DE genes from each comparison were retrieved by
using /imma with a cutoff for the adjusted p-values at 0.05 and a cutoff for the log2 fold

changes at 2. Subsequently, for DE TFs we evaluated the Spearman correlations between
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the TFs and the corresponding targeted genes. In traditional approaches (such as
ARACNEe!®, WGCNA'®8, and BEST!®), the co-expression between a TF and its targeted
genes are commonly used to identify its association and assign the sign (activation or
inhibition) of the regulation. We found that, for each TF, most of the genes in a block
either positively correlate with the TF expression (Fig. 4.2FG, blue bars), or they
negatively correlate with the TF expression (Fig. 4.2FG, red bars). The tests demonstrate
that, without directly using TF expression, NetAct can successfully identify two groups
of important target genes — genes in each group are either activated or inhibited by the
TF. These two groups of genes are further used to infer TF activity by a weighted average
of their gene expression (Equation 10 in Chapter 2). Additionally, we found that the
correlations between inferred TF activity and target expression are usually higher than the

correlations between TF expression and target expression (Fig. 4.2H).

4.2.3 Benchmarking NetAct

To evaluate the accuracy and robustness of inferred TF activity, we performed extensive
benchmark tests to compare NetAct with other existing methods. We first performed the
benchmark tests on simulated data because TF activity is usually not directly measurable.
The activity of a TF can be related to its protein level or the level of a particular
posttranslational modification, such as phosphorylation. Therefore, it is very difficult to

obtain the ground truth of TF activity from an experimental data set. Thus, in this
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benchmark test, we rely on mathematical modeling to simulate both the expression and
activity of each TF from a synthetic TF-target network. With this simulated data, we

benchmark NetAct against other methods.

To establish the simulated benchmark data set, we first constructed a synthetic TF-target
network with a total of 30 TFs. Each TF has 20 target genes randomly selected with
replacement from a pool of 1000 genes. In addition, each TF also regulates two
(randomly selected) of the 30 TFs. This synthetic network has a hierarchical structure,
where a target gene may be co-regulated by multiple TFs. The type of each TF-to-TF
regulation is either excitatory, inhibitory, or signaling, with a chance of 25%, 25%, and
50%, respectively; the type of each TF-to-target regulation is either excitatory or
inhibitory with a 50% chance for each. Here, the signaling regulation changes the activity
of a TF without changing its expression; whereas the excitatory or inhibitory interactions
changes both the activity and expression. From one realization of the synthetic network
generation, the final synthetic network contains a total of 477 genes (30 TFs, 447 targeted

genes) and 660 regulatory links (Fig. 4.2A).
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Figure 4.3. Simulation of both gene expression and activity of a synthetic

GRN. a The synthetic GRN consisting of 30 TFs and 447 target genes. An edge of
transcriptional activation is shown as black line with an arrowhead; an edge of
transcriptional inhibition as red line with a blunt head; an edge of signaling interaction as
green line with an arrowhead. Transcription factor labeled as TF9 was selected for
knockdown simulations. b The summary of the correlation analyses of the simulated
expression and activity. The left, middle, and right columns represent the outcomes for
TF and target activities, TF and target expressions, and TF activities and target
expressions, respectively. For each category, the histograms of Spearman correlations are
shown for non-interacting gene pairs (first row), interacting gene pairs (second row),
gene pairs of excitatory transcriptional regulation (third row), gene pairs of excitatory
signaling regulation (fourth row), and gene pairs of inhibitory transcriptional regulation
(fifth row). Here, the target activity is set to be the same as the target expression for non-
TF genes. ¢ The histograms of Spearman correlations for gene pairs of target genes from
the same TF. d Jaccard indices between the ground truth regulons of the synthetic GRN
and the regulons inferred by ARACNe using either the simulated expression (red) or
activity data (blue).
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To simulate the gene expression of the TF-target network, we applied a generalized
version of the mathematical modeling algorithm, RACIPE!”!, Using the network
topology as the only input, RACIPE can generate an ensemble of random models, each
corresponds to a set of randomly sampled parameters. Here, we used RACIPE to generate
simulated data including gene expression and TF activity for benchmark. Some previous
studies have also adopted a similar modeling approach for benchmarking!**°!, To
consider the effects of a signaling regulatory link, we generalized RACIPE to simulate

both expression and activity for each TF.

In the benchmark test, we used RACIPE to simulate 100 models with randomly generated
kinetic parameters. From these 100 models we obtained 83 stable steady-state gene
expression and activity profiles for the 477 genes. As expected, TF activity and target
activity from a regulatory link are correlated (1% column, 2" row in Fig. 4.3B); TF
activity and target expression (3™ column, 2™ row in Fig. 4.3B) are correlated; and the
expression of two target genes (Fig. 4.3C) are correlated. However, there is no strong
correlation between TF expression and target expression (2" column, 2™ row in Fig.
4.3B) and, for a signaling regulatory link, between TF activity and target expression (3
column, 4" row in Fig. 4.3B). Next, we applied ARACNe to predict the regulon (i.e., the
list of targeted genes by a specific TF) using either the simulated expression profiles or
the simulated activity profiles. We found that the regulons predicted from the activity
profiles are substantially more similar to the predefined regulons (measured by the

Jaccard similarity!®?) than those predicted from the expression profiles (Fig. 4.3D). The
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results indicate the need of using the TF activity, instead of TF expression, to identify

TF-target relationships.

Next, we compared the performance of NetAct with several related algorithms, NCA,
VIPER, and AUCell, in inferring TF activity using both the simulated expression profiles
from the 83 models and a predefined regulon (i.e., the association of each TF with its
target genes). The predicted activity was then compared with the simulated activity
(ground truth) to evaluate the performance. To mimic the real-life scenario where the
target information may not be complete and accurate, we consider more challenging tests
where the regulon data is randomly perturbed. Here, for a specific perturbation level, we
generated 100 sets of regulon data by replacing a certain number of target genes for each
TF with non-interacting genes. The numbers of replaced genes are 0 (0% level of
perturbation), 5 (25%), 10 (50%) and 15 (75%), respectively, in different tests. We then
evaluated the performance of NetAct, NCA, and VIPER. AUCell protocol advises to
include the target genes with only positive interactions in the regulons. To satisfy this
criterion, we updated the regulons for both unperturbed and perturbed regulons. For the
unperturbed regulons, we retained only the positive interactions; for the perturbed
regulons, we retained the positive target genes that were not replaced and a random half
of the replaced target genes (assuming that half of the genes are positively regulated by
the TF). We then evaluated AUCell performance using these updated regulons (denoted
AUCell 1) and non-updated regulons (denoted AUCell 2). As shown in Fig. 4.4A,
NetAct significantly outperforms each of the other methods in reproducing the simulated

activity profiles at each perturbation level. As expected, the performance of NetAct is
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decreased by increasing the perturbation levels of the regulon data; however, NetAct still

performs reasonably well even when only 25% of the actual target genes are kept in the

regulon data. The results indicate that NetAct can robustly and accurately infer TF

activity even with a noisy TF-target database.
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Figure 4.4 The performance of activity and network inference from a simulation
benchmark. a TF activity inference. TF activity was inferred by several methods using
the gene expression data simulated from the synthetic TF-target GRN and the
corresponding regulons. For each TF, we computed Spearman correlations between the
inferred activity and simulated activity (ground truth) for all the simulated models. Then,
we calculated the average correlation values over all TFs. The plots show the median of
average correlations for the cases where we used the original regulons defined by the TF-
target network (0% perturbation), and the regulons where 5 (25% perturbation), 10 (50%
perturbation), and 15 (75% perturbation) target genes are randomly replaced with non-
interacting genes. The median values were computed over 100 repeats of random
replacement for each perturbation level, and the values of the average correlations are
reported for the case of zero perturbation. Shown are the results for NetAct (black), NCA
(gray), VIPER (cyan), AUCELL 1 where regulons contain only positively associated
target genes (orange), and AUCELL 2 where regulons contain all target genes (red). b—
d Network inference. The panels show the performance of network inference algorithms
from the simulation benchmark by the precision and recall for different link selection
thresholds. b Network inference performance against all ground truth regulatory
interactions. Tested methods are GENIE3, GRNBoost2, and PPCOR, using TF
expression; GENIE3 using TF activity inferred by AUCell; NetAct using its inferred TF
activity. For the latter two methods, original (unperturbed) regulons obtained from the
regulatory network were used. ¢ Network inference performance of NetAct against all
ground truth regulatory interactions using the regulons with 0% (the original), 25%, 50%,
and 75% target perturbations. d Network inference performance of NetAct in discovering
new regulatory interactions not existing in the regulons. NetAct was applied using the
regulons at different perturbation levels (25%, 50%, and 75%). The benchmark results
shown here are for the case of the untreated simulation.
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Furthermore, we tested another scenario where the test data contains simulated data from
two experimental conditions, e.g., one representing an unperturbed condition and the
other representing a perturbed condition. Here, we used the same synthetic network but
compiled 40 expression and activity data from the above-mentioned simulation
(unperturbed condition), together with 43 expression and activity data from the
simulations in which a specific TF (TF9) is knocked down (perturbed condition). We
then performed a similar test as above and found that NetAct outperformed each of the
other. The notable performance gain of NetAct mainly emanates from the removal of
incoherent (or noisy) targets of a TF before the activity calculation in NetAct (see

Chapter 2).

In addition, we performed a network construction benchmark of NetAct and a few other
network construction algorithms using the in-silico simulation data set, as shown in Fig.
4.4BCD NetAct, using the TF activity inferred from the original regulon database,
outperforms not only network construction methods using gene expression, such as
GENIE3'"3, GRNBoost24, and ppcor?:!%4, but also GENIE3 using the TF activity
inferred by AUCell (Fig. 4.4B). The last approach was presented to mimic a popular
method SCENIC. Moreover, we evaluated the performance of NetAct when using a
perturbed regulon database. We found that NetAct continues to performing well when the
perturbation level is as large as 50%, when evaluated by all the ground-truth interactions
(Fig. 4.4C) and by those not presented in regulon database (Fig. 4.4D). The latter case
was designed to evaluate the capability of NetAct in predicting novel interactions. We

observed similar outcomes for the case of the second scenario of the simulation data from
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two conditions. In summary, our in-silico benchmark test demonstrates the high
performance of NetAct over existing state-of-the-art methods in both inferring TF

activity and gene regulatory networks.

4.2.4 Modeling cell state transitions

In the previous sections, we demonstrated the capability of NetAct in identifying the key
TFs and predicting TF activity. With these data, NetAct further constructs a TF-based
GRN using the mutual information (MI) of the activity from the identified TFs (details in
Chapter 2). We then applied RACIPE to the constructed network to check whether the
simulated network dynamics are consistent with experimental observations. In the
following, we show the utility of NetAct with two biological examples: EMT and

macrophage polarization.

4.2.4.1 EMT

In the first case (EMT), we analyzed a set of time-series microarray data on A549
epithelial cells undergoing TGF-B induced EMT (GEO: GSE17708)!3. According to the
overall structure of the transcriptomics profiles, we arranged samples from different time
points into three groups — early stage (time points Oh, 0.5h and 1h), middle stage (time
points 2h, 4h, and 8h) and late stage (time points 16h, 24h, and 72h). We then performed
three-way GSEA with our human literature-based TF-target database to identify enriched

TFs that are active between either early-middle, early-late and middle-late timepoints.
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Forty-one TFs (gq-value cutoff 0.01) were identified including many major transcriptional
master regulators, such as BRCA1, CTNNB1, MYC, TWIST1, TWIST2 and ZEB1, and
factors that are directly associated with TGF- B signaling pathway, such as SMAD3!%¢,
FOS and JUN'’. The hierarchical clustering analysis (HCA) of the expression and
activity profiles for these TFs is shown in Fig. 19a. While the expression profiles are
quite noisy, the activities show a clear gradual transition from the epithelial to
mesenchymal (M) state. Note that the signs of the activity of a few non-DE TFs were
flipped according to experimental evidence of protein-protein interactions and the nature

of transcriptional regulation (see Chapter 2 for detailed procedures).

Density

. o2

PC1(73.164%)

EMT in human cell lines using time-series microarray data. a Experimental
expression and activity of enriched transcription factors. b Inferred TF regulatory
network. Blue lines and arrowheads represent the gene activation; red lines and blunt
heads represent gene inhibition. ¢ The relationship between SMAD3 gene activity and the
first principal component of the activity of all network genes from RACIPE

simulations. d Hierarchical clustering analysis of simulated gene activity (with Pearson
correlation as the distance function and Ward.D2 linkage method). Colors at the top
indicate the two clusters from the simulated gene activity. The blue cluster represents the
mesenchymal state, and the yellow cluster represents the epithelial state. The color legend
for the heatmap is at the bottom right. e Knockdown simulations of the TF regulatory
network. The bar plot shows the proportion of RACIPE models in each state (epithelial or
mesenchymal) for the conditions of the knockdown of every TF
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We then constructed a TF regulatory network (Fig. 4.5B) and performed mathematical
modeling to simulate the dynamical behavior of the network using RACIPE (Fig.
4.5CD). We found that, consistent with the expression and activity profiles (Fig.4.5A),
the network clearly allows two distinct transcriptional clusters that can be associated with
E (the yellow cluster in Fig. 4.5D) and M states (the blue cluster in Fig. 4.5D). To assess
the role of TGF- B signaling in inducing EMT, we performed a global bifurcation
analysis®” in which the SMAD3 level is used as the control parameter (Fig. 4.5C). Here,
SMAD?3 was selected as it is the direct target of TGF- B signaling!”®. As shown in (Fig.
4.5C), when SMAD3 level is either very low or high, the cells reside in E or M states.
However, when SMAD3 is at the intermediate level, the cells could be driven into some
rare hybrid phenotypes. These results are consistent with our previous studies on the
hybrid states of EMT!?%1%°, Using RACIPE, we systematically performed perturbation
analyses by knocking down every TF in the network. Our simulation results (Fig. 4.5E)
suggest that knocking down TFs, such as RELA, SP1, EGR1, and CREBBP, etc., has
major effects in driving M to E transition (MET), while knocking down TFs, such as
TP53, AR, and KLF4, etc., has major effects in driving E to M transition (EMT). These

predictions are all consistent with existing experimental evidence???-2%,

Compared to a previous model of the EMT network based on an extensive literature
survey??’, the GRN constructed by NetAct identified some of the same regulators induced
by the TGF-B pathway, such as SMAD3/4, TWIST2, ZEB1, CTNNBI1, NFKBI1, RELA,

FOS and EGRI. Because of the lack of microRNAs and protein-protein interactions in
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the database, NetAct didn’t identify factors like miR200 and signaling molecules like
PI3K. Interestingly, the NetAct model identifies STAT1/3, which was connected to other
signaling pathways, such as HGF, PDGF, IGFland FGR, but not TGF-f in the previous
network model. In addition, the NetAct model identified regulators in other important
pathways in TGF-B-induced EMT in cancer cells, e.g., cell cycle pathway (RB1 and

E2F1) and DNA damage pathway (P53).

4.2.4.2 Macrophage activation

In the second case, we studied the macrophage polarization program in mouse bone-
marrow-derived macrophage cells using time series RNA-seq data (GEO: GSE84517)2%,
In this experiment, macrophage progenitor cells (denoted as UT condition) were treated
with (1) IFNy to induce a transition to the M1 state; (2) IL4 to induce a transition to the
M2 state; (3) both IFNy and IL4 to induce a transition to a hybrid M state. Here, we
reprocessed the raw counts of RNA-seq with a standard protocol. From PCA on the
whole transcriptomics (Fig. 4.6B), we found that the gene expression undergoes distinct
trajectories when macrophage cells were treated with either IFN y (M1 state) or IL4 (M2
state). When both IFN y and IL4 were administered, the gene expression trajectories are
in the middle of the previous two trajectories, suggesting that cells are in a hybrid state
(hybrid M state). We aim to use NetAct to elucidate the crosstalk in transcriptional
regulation downstream of cytokine-induced signaling pathways during macrophage

polarization.
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Figure 4.6 Network modeling of macrophage polarization. Application of NetAct to
induced macrophage polarization via drug treatment in mice using RNA-seq

data. a Experimental expression and activity of enriched TFs. b PCA projection of
genome-wide gene expression profiles. Different point shapes indicate the time after
treatment, and colors indicate treatment types ¢ PCA projection of gene activity of
enriched TFs. d Inferred TF regulatory network. Blue lines and arrowheads represent the
gene activation; red lines and blunt heads represent the gene inhibition. e PCA projection
of simulated gene activity of inferred network colored by mapping each model back to
experimental data. f Hierarchical clustering analysis of simulated gene activity (with
Pearson correlation as the distance function and Ward.D2 linkage method). Colors at the
top indicate the mapped experimental conditions. The color legend of the heatmap is at
the bottom

Here, we applied GSEA on six comparisons — untreated versus IFNy treated samples (one
comparison between the untreated and the treated after two hours, another between the
untreated and the treated after four hours, same for the other comparisons), untreated
versus 1L4 treated samples, and untreated versus IFNy +1L4 treated samples. Using our
mouse literature-based TF-target database, we identified 79 TFs (q-value cutoff 0.05 for
UT vs IL4-2h and 0.01 for all others). The expression and activity profiles of these TFs
(Fig. 4.6ABC) captures the essential dynamics of transcriptional state transitions during
macrophage polarization as follows. NetAct successfully identified important TFs in

these processes, including Statl, the major target of IFNy, Stat2, Stat6, Cebpb, Nfkb
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family members, Hifla and Myc?%-2!!, Myc is known to be induced by IL-4 at later
phases of M2 activation and required for early phases of M1 activation?!?, Interestingly,
we find Myc has high expression in both IL4 stimulation and its co-stimulation with
IFNYy but its activity is high only in IL4 stimulation. We then constructed a TF regulatory
network that connects 60 TFs (Fig. 4.6D) and simulated the network with RACIPE, from
which we found that simulated gene expression (Fig. 4.6F) matches well with
experimental gene expression data (Fig. 4.6A). RACIPE simulations display disparate
trajectories from UT to IL4 or IFNy activation and stimulation with both IL4 and IFNy.
Strikingly, we found in the simulation that there is a spectrum of hybrid M states between
M1 and M2 (Fig. 4.6E), which is consistent with experimental observations of
macrophage polarization®”. Moreover, we also predict from our GRN modeling that the
transition from UT to hybrid M is likely to first undergo a transition to either M1 or M2
before a second transition to hybrid M (Fig. 4.6E). This is because of our observation
from the simulation data that there are fewer models connecting UT and hybrid M than
any of the other two routes (i.e., UT to M1, and UT to M2). Taken together we showed
that the NetAct-constructed GRN model captures the multiple cellular state transitions

during macrophage polarization.

In conclusion, we show that NetAct can identify the core TF-based GRN using both the
literature-based TF-target database and the gene expression data. We also demonstrate
how RACIPE-based mathematical modeling complements NetAct-based GRN inference

in elucidating the dynamical behaviors of the inferred GRNs. Together these two
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methods can be applied to infer biologically relevant regulatory interactions and the

dynamical behavior of biological processes.

4.3 Discussion for NetAct: a computational platform to construct core transcription

factor regulatory networks using gene activity

In this study, we have developed NetAct—a computational platform for constructing and
modeling core TF-based regulatory networks. NetAct takes a data-driven approach to
establish GRN models directly from transcriptomics data and takes a mathematical
modeling approach to characterize cellular state transitions driven by the inferred GRN.
The method specifically integrates both literature-based TF-target databases and
transcriptomics data of multiple experimental conditions to accurately infer TF
transcriptional activity based on the expression of their target genes. Using the inferred
TF activity, NetAct further constructs a TF-based GRN, whose dynamics can then be
evaluated and explored by mathematical modeling. Our approach in combining top-down
and bottom-up systems biology approaches will contribute to a better understanding of

the gene regulatory mechanism of cellular decision-making.

One of the key components of NetAct is a pre-compiled TF-target gene set database.
Here, we have evaluated different types of TF-target databases in identifying knocked-
down TFs using publicly available transcriptomics datasets. In this test, we have

considered databases derived from the literature, gene co-expression, cis-motif
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prediction, and TF-binding motif data. Our benchmark tests suggest that the literature-

based database clearly outperformed the other databases.

NetAct also has a unique approach to infer the TF activity from the gene expression of
the target genes with the consideration of activation/inhibition nature. From our in silico
benchmark tests, we found that NetAct outperforms major activity inference methods,
owing to the design of the filtering step and the use of a high-quality TF-target database.
NetAct is also robust against some inaccuracy in the TF-target database and noises in
gene expression data, because of its capability of filtering out irrelevant targets as well as

remaining key targets.

One potential issue is the assignment of the sign of TF activity, as it is algorithmically
assigned according to the correlation with TF expression. In the case where the TF
expression is very noisy or the expression is completely unrelated to TF activity, the sign
assignment might be inaccurate. To deal with this issue, we have devised a semi-manual
approach that identifies the sign of TF activity according to the sign of other interacting
TFs. Another potential issue is that some TFs from the same family may have very
similar target genes; therefore, NetAct will have difficulty in identifying exactly which
TF from the family is most relevant. Additional data resources, such as epigenomics®!?,
TF-binding data*®, and Hi-C data®'?, will be helpful to address this problem. One of the

future directions is to design methods to integrate these data resources.
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Lastly, instead of constructing a global transcriptional regulatory network, NetAct
focuses on modeling a core regulatory network with only interactions between key TFs.
The underlying hypothesis is that these TFs and the associated regulatory interactions
play major roles in controlling the gene expression of different cellular states and the
patterns of state transitions. With the core network identified using NetAct, we can
further perform simulations with mathematical modeling algorithms, such as RACIPE, to
analyze the control mechanism of the core network. These simulations allow us to
generate new hypotheses, which can be further tested experimentally. The validation data
can further help to improve the model. Ideally, this needs to be an iterative process to

refine a core network model, which is indeed another interesting future direction.
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5. Discussion

5.1 Summary

The novel work presented in this thesis addresses key issues in the field of network
modeling, mainly focusing on developing novel computational methods to identify both

the factors and regulatory interactions that drive cellular state transitions.

In chapter three, we develop a method capable of identifying circuits, motifs, and motif
coupling defining any type of state distribution or other quantitative score by analyzing
the simulated gene expression distributions of all possible four-node circuits. This study
is the first ever comprehensive analysis of four node circuits and does not suffer from
issues of sampling seen in other motif identification methods, which rely on statistical
comparisons to a limited number of similar networks. We also explore the behavior of
gene circuits and motifs in a much more robust manner, through the use of RACIPE,
which generates models with parameters that cover the breadth of biological contexts.
Due to the direct analysis of all possible four node networks and the robust exploration of
both circuit and motif behavior, our method provides a more rigorous approach to the
identification of circuit motifs, the core information processing units of biological
networks. We apply this method to identify circuit motifs responsible for two types of
commonly observed state distributions, triangular state distributions, which are similar to
bifurcations during development, and linear state distributions, which are often observed

when a cell state transitions through an intermediate state, such as in EMT. We also show
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that starting with any state distribution we can identify circuits capable of generating
similar state distributions, the causal motifs, and the coupling of the causal motifs that
define that specific type of state distribution. We conclude the first part of chapter three
by showing how our method can be applied to identify phenomenological circuits, circuit
motifs, and motif coupling for a single-cell RNA-seq dataset of human glutamatergic
neuron differentiation. The interactions we identify as causative for the neuron
differentiation state distribution are back up by literature information for well-known TFs
involved in the process. The development of this method is highly valuable for
informing network construction; The identification of causal circuits, motifs, and motif
coupling from our method can be used as prior information for the construction of more
accurate networks. The analysis of four-node circuits could potentially be extended to
build larger transcriptional regulatory networks by combining the identified circuits,
motifs, and coupling interactions into larger networks or by ensuring that inferred
networks contain the enriched motifs and coupling interactions. Furthermore, future
studies could also focus on implementing different logic rules for each circuit and

evaluating the resulting behavior.

In the second section of chapter three, we extend our analysis to identify circuits, motifs,
and coupling interactions responsible for key aspects of functioning regulatory networks,
such as the ability to create multiple states and to respond to environmental cues.
Circuits, motifs, and coupling interactions were identified for both functions. The
behavior of the identified motifs was explored in networks of varying types and sizes

leading to the identification of intermediate sized networks, around 30 nodes, as having
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the highest scores for both the ability to create multiple states and respond to
environmental cues. Both the motifs identified and the knowledge of intermediate sized
networks preforming best are both significant findings. First, the motifs identified should
be commonly shared interactions for many different networks involved in a plethora of
biological contexts. Second, having some estimate of network size is extremely valuable
for network inference since different approaches can generate networks of vastly
different sizes, ranging from networks so large they are computationally intractable to

networks so small that it is hard to believe their impact.

There are a few limitations of our current approach worth investigating in the future.
First, current RACIPE modeling assumes AND logics to model regulation of multiple
regulators to the same target gene. But, it is well known that circuits with different types
of multivariate regulation can exhibit distinct behaviors, e.g., feedforward loops with
AND or OR logics 2'%. An extensive analysis on this aspect would improve our
understanding of the roles of logical rules in gene circuits. Second, we focused on steady-
state gene expression distributions in this study, but temporal gene expression dynamics
(both deterministic and stochastic) are crucial to evaluate dynamical properties of circuits
215 such as oscillations, excitability, and chaotic dynamics. It is possible that different
types of circuits exhibit similar steady-state distributions but drastically different
dynamics. Investigating both the steady-state and deterministic/stochastic dynamical
behaviors of gene circuits could improve our understanding of gene regulatory circuit
motifs in by providing additional dynamical information as to how circuit motifs generate

specific attractor states. This is important because different motifs could potentially
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generate similar state distributions but achieve this through disparate dynamics. This
would help to classify motifs more accurately and could aid to infer the correct motifs
governing cellular state transitions. Furthermore exploration of motif behavior with
stochastic modeling could potentially revealing additional functions/behaviors of motifs
that arise that were overlooked when only using deterministic modeling. Third, our
current analysis for motif identification utilizes circuits of only four nodes. The approach
can be generalized to analyze gene circuits or networks of larger sizes. It would be
interesting to discover more complex circuit motifs and patterns of motif coupling that
are not observed from the analysis of four-node circuits. It is worth noting however that
our particular method would not scale well and evaluating all circuits of five or more
nodes would probably require some type of subsampling approach due to the vast number
of potential circuits. Fourth, we have observed that multiplicity gets saturated for large
networks. Indeed, biological networks usually exhibit a limited number of cellular states,
thus limiting the level of multiplicity. It is worth some further studies to elucidate the
saturation of cellular states in biological networks. Finally, the formalism of our
modeling limits our approach to identifying motifs of transcriptional gene regulation and
does not capture important biological phenomena such as post-transcriptional and post-
translational regulation, which are known to generate important biologically relevant
circuits 216217 A potential future direction would be the functional motif analysis for

circuits more than the transcriptional regulation.

In chapter four, we present a method for the inference of transcriptional networks from

the activity of transcription factors. Briefly, this method identifies transcription factors
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that are active using GSEA, infers the activity of the TFs using a weighted sum method,
constructs networks from the MI and spearman's correlation of the activity of the TFs,
and applies RACIPE to validate networks and identify TFs driving cell state transitions.
We apply this method to model both TGF-B driven EMT and macrophage activation. The
method is an example of top-down data driven approach's combined with more classical
systems biology methods that utilize literature information and mathematical modeling.
The significance of this method arises not from its ability to implicate new transcription
factors in specific cell state transitions, but rather from its ability to create a mechanistic
depiction of the regulatory interactions of known TFs and the prediction of specific cell

state outcomes from direct TF perturbations.

A few limitations exist for NetAct. The literature-based database usually contains a small
static number of curated regulatory interactions depending on the TF (~ 30), but these
data have direct experimental evidence, therefore being more reliable than those from the
other sources. However, the literature-based database has missing regulatory interactions,
therefore maybe limiting the overall performance of NetAct. One way to address this
issue is to further update the literature-based database, once new information is available.
Another potential approach is to compile a database by combining different types of
databases together. However, this might be quite challenging as different databases have
data of very different sizes (the number of target genes) and quality. Future investigations
on this direction can help to expand our knowledge of transcriptional regulation and

meanwhile improve the performance of the algorithm.
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5.2 Outlook

Overall, the work presented in this thesis represents novel ways to combine classical
systems biology methodologies with top-down data driven approaches to infer
mechanistic depictions of critical regulatory interactions. The use of mathematical
modeling and the aid of literature databases represent significant steps forward for
bioinformatic methods since they guarantee experimentally validated regulators are
included and simultaneously ensuring the inferred networks accurately represent the
biological context. On the other hand, these methods represent a major step forward for
classical systems biology modeling by taking a data driven approach to inference of their
networks certifying that the inferred networks are context specific. The method in chapter
3 demonstrates how we can identify the critical motifs driving different state
distributions. In section 3.2.7 we show how this can be applied to neuron differentiation
to understand how PAX6 and NeuroD6 gene expression programs interact to allow for
the transition from radial glial progenitor cells, through intermediate progenitors, and

finally to differentiated neurons.

The method in chapter 3 highlights types of interactions between two programs that
support the dynamical behavior required for neuron differentiation (i.e. the correct type of
state distribution). Further computational analysis can now be performed to predict how
strengthening or weakening interactions in the identified motif can alter the state
distribution, leading to hypothesis on how to enhance neuron differentiation that can be
tested by experimental perturbations. Such experimental perturbations could include

CRISPRi or CRISPRa. Furthermore, our method is easily applied to other single-cell
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RNA-seq datasets for which it could also identify important regulatory motifs. Another
key area where the method in chapter 3 could be applied is to identify how gene
expression programs interact in disease progression. The approach in section 3.2.7 could
potentially be used to identify the types of interactions that drive the transition from a
healthy cellular state to a diseased one. By identifying both the regulatory programs and
interactions between them that are allowing for a disease state, research efforts could be

focused on disrupting those interactions to prevent disease.

This approach represents a novel method on how to prioritize the types of interactions
causing any cellular state transition of interest and does so in a purely data driven way,
addressing key issues with systems biology methods. This method demonstrates how
classical systems biology approaches can be applied to infer context specific regulation
without the use of any regulatory interaction database. Our method also relies entirely on
comparisons to dynamical behaviors for inferring regulatory interactions, thereby ensure
it can reproduce the cellular state transition being studies. Furthermore, the method is
entirely deterministic so repeated use on the same dataset will result in the same

information.

The method in Chapter 4 gives much more information on the regulatory interactions that
control cellular state distributions. NetAct provides detailed information on the key TFs
and how they specifically interact in a network to drive a specific state transition. NetAct
also addresses key issues in the field by deriving interactions from the data, but also

utilizes literature databases and mathematical modeling to ensure the inferred network is
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accurate. The implementation of the TF GSEA in NetAct can identify context specific
activities of different TFs. This could potentially be used to identify mechanisms that
underlie the impact of genetic or environmental variation on differences in cellular state
transitions. Performing TF GSEA on the same cellular state transitions in varied
conditions could highlight the activities of TFs that are driving the observed differences.
The network that NetAct infers also reflects interactions observed from the data since
edges are constructed between TFs if their activities are above a mutual information
threshold. While NetAct would be able to infer context specific interactions from the data
it would not be able to identify novel interactions that are not in its database since

inferred edges are required to agree with the literature database.

NetAct is modeled with RACIPE in order to ensure the behavior of the network matches
experimental observations and also to predict how different TFs specifically impact the
state distribution. The knockout analysis we present in Fig 4.5 shows direct predictions
on how specific perturbations to TFs can shift cell state distributions in different ways.
We show how this can be used to see the impact of knockdowns, but this method can also
easily be applied to predict over-expression also. The resulting shift in cellular state
distributions resulting from TF perturbations can also be easily converted into a score, for
each TF, that could be used for target prioritization efforts in both research and industry.
Furthermore, as stated above, the entire output of the TF GSEA could be used to both
stratify diseases, and identify key TF targets for disease indication. This method could be
invaluable for identifying drivers of any cellular state transition and how they should be

perturbed. Further studies using NetAct to identify drivers of cellular state distributions

120



followed with direct experimental validation of the TF perturbation scores would help

improve the impact for discovery.

Both methods provide information on the regulatory interactions that drive cellular state
distributions however the situations in which they can be used and the information they
provide are different. The method in Chapter 3 can be used to identify key motifs that
should be overrepresented in networks and can provide phenomenological circuits
capable of producing the same dynamics of the network being investigated. While this
does not provide a mechanistic understanding of cellular state transitions, it can be used
to prioritize avenues of research that would then lead to mechanistic understanding. The
method presented in Chapter 3 also takes single-cell RNA-seq as an input. A major
benefit to this method is that it does not require any prior information to infer regulatory
motifs and circuits. This makes this method amenable to studying organisms or processes
where the main factors and their interactions are unknown. There are relatively few
organisms that have extensively studied regulatory mechanisms, presenting a perfect

opportunity for the application of the method presented in Chapter 3.

Alternatively, NetAct takes bulk RNA-seq as an input and provides a more detailed
description of the regulatory interactions that govern cellular state transitions. NetAct
also provides direct predictions for how TFs can be experimentally perturbed to control
the transition. This method is ideal for gaining a mechanistic understanding of the

regulatory interactions that govern a well-studied process. The requirement for a database
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of known interactions limits the application in areas where the important regulatory

factors are not well known.

Together, these methods represent novel ways to model GRNs that address key issues
such as the lack of context specificity from systems biology methods and the lack of
dynamical consideration in bioinformatics. While they are designed for disparate
situations, there are potential ways in which they could be combined. One such way is
that motifs that are identified as over-represented could be used to inform network
construction from NetAct. When generating networks with NetAct, network inference
parameters could potentially be sampled to obtain multiple networks. The presence of the
overrepresented motif in the inferred networks could then serve as one of the metrics for

evaluating which network to use.

Regardless of how the methods are combined they show that bioinformatic and systems
biology methods can be jointly implemented to with the goal of improving GRN
inference. Improving GRN inference will greatly enhance our ability to treat disease,
enhance differentiation protocols, and gain a mechanistic understanding of what is
driving environmental or genetic differences in cellular state transitions. Through the
implementation of methods that similarly combine Bioinformatics and Systems Biology,
direct hypothesis on how to manipulate transcription factors to shift cellular state
distributions toward a desired outcome can be formulated and tested. Altering cellular
state transitions in a predicted manner is the key to developing treatments to any disease

and ensuring robust differentiation protocols with minimal unintended cell types.
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6. Appendix

This section contains unfinished work not to be included in the body of the thesis. The

unfinished project is presented to document my contribution.

6.1 Modeling multi-state transitions

Another significant issue in the field of network modeling is the limited representation of
multi-state networks, with network models often focusing on a single state or a simple
cell-state transition between two states. However, cell-state transitions in many biological
processes exhibit more complex dynamics. For instance, during embryonic development,
transitions can start from a single state and lead to multiple final states. Similarly, the
transition from naive to primed pluripotency involves intermediate cell states. This
highlights the necessity for network models that can effectively capture the activity of

three or more states.

Moreover, networks inferred from data are often not simulated to ensure their ability to
capture the steady-state behavior of the represented system. This issue becomes
particularly crucial when modeling bifurcations, where a progenitor cell differentiates
into two or more distinct cell types, in contrast to linear transitions involving hybrid
states. Consequently, there is a pressing need for a novel method that not only infers a
network encompassing more than two states but also optimizes the network's topology to

ensure accurate representation of the steady-state behavior across multiple states.

123



In order to tackle these challenges, we acquired a publicly available single-cell RNA-seq
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dataset of in-vitro myelopoiesis*'°. This dataset serves as the foundation for developing a

method that addresses the aforementioned issues. The dataset specifically captures the
induced differentiation of human induced pluripotent stem cells (hiPSCs) into
macrophages, wherein a substantial number of cells undergo fibroblast differentiation
instead. Importantly, the dataset encompasses both bifurcation events and linear
transitions, providing valuable examples for analysis. The dataset comprises 135,000
cells obtained from three donors, and it includes 20 single-cell RNA-seq measurements

that were collected over a period of 38 days Figure 6.1.
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Figure 6.1. UMAP projection of in vitro myelopoiesis. Cells are colored by cell type.
Dataset consists of 135,000 cells from three donors captured over a period of 38 days

For the initial development of our method, we focused on the bifurcation of primitive
streak cells into either emergent mesoderm or endoderm lineages. Initially, we subset the

data to remove other cell types, and then down-sampled it to ensure an equal
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UMAP2

representation of each state (Figure 6.2). This equal representation was necessary to
prevent bias in the inferred regulatory interactions due to states with a larger number of
cells. Next, the down-sampled dataset was divided into two lineages: one consisting of
primitive streak and endoderm cells, and the other consisting of primitive streak and

emergent mesoderm cells.

as.factor(Cluster)
o1

2
.3
4

UMAP1

Figure 6.2 Umap projection of down-sampled and subset dataset for network
construction. Original dataset was subset to include only first bifurcation and down-
sampled to ensure even representation of cell states . Cells are colored by cell type.

To identify the active TFs in our dataset and quantify their activity, we applied Scenic to
both lineages individually. Lineages were defined by cell type, with one lineage
containing iPSC, primitive streak, and emergent mesoderm cells while the other lineage
consisting of iPSC, primitive streak and endoderm cells. This analysis generated activity

matrices for each lineage, visualized with UMAP projections in Figure 6.3, which

captured the activity levels of each TF in every cell for each lineage. Instead of using
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counts, we used the activity matrices with Seurat to perform differential activity analysis.
By adjusting both the p-value and fold-change thresholds, we identified multiple sets of

differentially active TFs for each lineage.
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Figure 6.3 Umap projection of activity of identified regulons for each lineage from
SCENIC. Colored by Cell type

Next, we constructed networks based on the differentially active TFs. To do this, we

calculated the mutual information (MI) of the TF activity separately for each lineage and
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considered an edge between two TFs if the MI exceeded a certain threshold. The sign of
the edge (activating or inhibitory) was inferred from the Spearman correlation between
TFs. We constructed 100 different networks for each lineage by varying parameters such
as fold change, p-value, and the MI cutoff. Six representative networks are shown for

each lineage in Figure 6.4
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Figure 6.4 Example of different networks generated for each lineage. Varied
parameters for network construction such as MI of activity or p-value and LFC of
differential activity analysis.

To determine the network that best represents each lineage, we simulated all the inferred
networks using RACIPE. We then aimed to develop a scoring metric that compares the
simulated data to the experimental data using Gaussian Mixture Models (GMMs). We fit
a GMM to each lineage of the experimental data and utilized it to assign the cell type to
each model simulated by RACIPE. Specifically, GMMs were fitted to the UMAP
projections of the experimental data and used to classify the UMAP projections of the

simulated data. Currently, we are using the log likelihood of the GMM to assess how well

each RACIPE simulation fits the data, but further validation is required to confirm its
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effectiveness as a score. An example of three RACIPE simulations and their log

likelihood score are shown in Figure 6.5
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Figure 6.5 UMAP projections of RACIPE simulations of three inferred networks.
Top is log likelihood score which indicates the similarity of the distribution to the
original data the GMM was fit to.

Once the scoring criteria for comparing simulated and experimental data has been
established, along with the selection of networks that best represent each lineage, our
next step is to integrate these lineage-specific networks into a unified network while
preserving the behavior of each individual network. To achieve this, we will identify
overlapping interactions between the networks and sample different interactions to
combine them. By generating a large number of interconnected networks with varying
arrangements, we can apply the same scoring metric used for the lineage-specific
networks to identify the unified network that best recapitulates the experimentally
observed bifurcation. Once we have constructed the unified network, we can extend our

method to analyze other multi-state transitions present in the dataset, including linear

transitions.

The development of a method specifically tailored for inferring networks in multistate

transitions, optimized to closely align with the biological context, holds immense value in
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the field of network modeling. It paves the way for the identification of networks that can
better capture complex processes such as embryonic development and EMT. Unified
networks will significantly contribute to the optimization of differentiation protocols by
enabling the identification of specific perturbations that can shift cell state distributions
towards a desired lineage. Moreover, this framework holds the potential to unravel how
specific genetic variants can lead to altered developmental trajectories and increased

susceptibility to various diseases.
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