Theoretical and Computational Studies on the Dynamics and

Regulation of Cell Phenotypic Transitiors

by

Hang Zhang

Dissertation submitted to the Faculty of the
Virginia Polytechnidnstitute and State University
in partial fulfilment of the requirements for the degree of
Doctor of Philosophy
in

Genetics, Bioinformatics, and Computational Biology

Jianhua Xing, Chair
JohnJ. Tyson, CeChair
Mark A. Stremler, CeChair
HehuangXie

February 17, 2016

Blacksburg, VA

Keywords: Mathematical Modeling, Epigeneti€ell Differentiation,

Mono-allelic expressionEpitheliatto-Mesenchymallransition

Copyright 2016, Hang Zhang



Theoretical and Computational Studies on the Dynamics and

Regulation of Cell Phenotypic Transitiors
Hang Zhang

Abstract

Cell phenotypic transitiay or cell fate decision making processare regulated by complex
regulatory networks composed of genes, RNAs, proteins and metabolites. The regatatike placat
the epigenetic, transcriptional, translational, and fiastslational levedto name a few.

Epigenetic histone modification playan important role in cell phenotype maintenance and
transitiors. However, the underlying mechanism relating dynamicatohe modifications to stable
epigenetic cell memory remains elusive. Incorporating key pieces of molecular level expdriment
information we buit a statistical mechanics modilr theinheritanceof epigenetic histone modificatien
The model revealthat enzyme selectivity of different histone substrates and cooperativity between
neighboring nucleosomeseessential to generate bistability of the epigenetic menWwgythen applied
the epigenetic modeling framework tioe differentiationprocessof olfactory sensory neurons (OSNSs)
wherethe observedd o neairoronea | | e | e 6 onphhseremained as a leatanding puzzleOur
model successfully explains this singular behavior in terms of epigenetic competition and enhancer
cooperativity during theitferentiation process. Epigenetic level events and transcriptional level events
cooperate synergistically ithe OSN differentiation process. The model also makes a list of testable
experimendl predictions. In general, the epigenetic modeling framewarkle used to study phenotypic
transitiors when histone modificatiois a major regulatory element in the system

Posttranscriptional leveregulation plays important roles in cell phenotypaintenanceOur
integrated experimental and computational studies revealedasmatif regulatinghe differentiationof
definitive endoderm. We identified two RNA binding proteihneRNPA1 and KSRP, which repress each

other through microRNAs mi375 and miRL35a. Tke motif can generawitch behavior and serve as a



noise filter in the stem cell differentiation process. Manipulating the motif could enhance the differentiation
efficiency towarda specific lineag®nedesires.

Last we performed mathematical modeling an epitheliatto-mesenchymal transition (EMT)
processwhich could be used by tumor cells for their migrationr model predictghat thelL -6 induced
EMT is a stepwise process with multiple intermediate states.

In summarypurtheoretical and computahal analyss aboutcell phenotypic transitiaprovide
novel insightson the underlying mechanism of cell fate decision. The modelingestudvealedjeneral

physicalprinciplesunderlyingcomplex regulatory netwosk
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The luman body is composed of more than 200 different types of cells, characteristic of muscles,
skin, brain, etc. Although different types of cells exhibit many differences in morphology and other
properties, they all originate from a single fertilized eggewa cell divides, the new cell has the potential
either to maintain its own cell type or become another type of cell. For example, an unspecialized stem cell
can produce another stem cell or develop into other types of cell with specialized functiaman3itien
between different cell types is called cell phenotypic transition. Cell phenotypic transitions are commonly
observed in living organisms. For example, olfactory stem cells can transform to olfactory sensory neuron
(OSN) cells. As a result, eackfactory sensory neuron (OSN) is specialized to expresses one and only one
type of olfactory receptor (OR) protein on the cell surface, and by this mechanism, the human nose can
sense trillions of different odors. As a second example, epithelial celtooaert to mesenchymal cells in
human development, cancer development and wound healing. Epithelial cells are tightly connected to each
other and to the basement, thus hardly have the ability to move. On the other hand, mesenchymal cells are
less conneetd and more easily to migrate. Epithelial cancers are the most prevalent type of cancer. During
cancer metastasis, epithelial cells transform into mesenchymal cells and gain the ability to move to a distant
positions. Epithelial to mesenchymal transiti&@MT) is not only utilized by cancer cells; normal cell will
also utilize this process to move. In human development and wound healing, epithelial cells will transform
to mesenchymal cells to migrate to the desired locations. Despite intensive studiaadehging
regulatory mechanisms of cell phenotypic transitions remain largely elusive.

In this dissertation, | present a theoretical framework to elucidate some underlying mechanisms of

cell-type maintenance and transitions. Based on experimentally observed physical interactions, we built a



statistical mechanics model which successfully @xgld the mechanism of cell type maintenance. As an
application, | used this model to study the differentiation process of OSNs. Each OSN cell randomly
expresses one and only one OR gene from thousands of candidates with equal probability, however, the
mecdanism remains one of the biggest puzzles in neuroscience. Our model not only recapitulated singular
OR expression, but also elucidated how the olfactory system maximizes and maintains the diversity of OR
expression.

In addition to the differentiation of &Ns, | also studied the differentiation of embryonic stem cell
in human development. Previous studies mainly focused on protein signaling networks regulating this
process, our studies revealed a novel regulatory mechanism with microRNA (an important type o
regulatory RNA) playing a crucial role. Manipulating the network could enhance the efficiency of
differentiation toward a specific lineage that one might desire. Lastly, | examined a mathematical model of
the EMT process. The model revealed potentialti@iships between inflammation and tumor metastasis
regarding molecule H6 induced EMT. Here, our model predicted tha6linduced EMT is a stepwise
process with multiple intermediate states and helped us to fully characterize the tumor progressssn proc

Overall, the broad goal of this research is to advance our understanding of the underlying
mechanisms of cell phenotypic transitions. It abeals light on the processes of tissue regeneration and

cancer development.
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Chapter 1. Introduction

A living cell is acomplicated and delicately regulated biochemical machine. Complicated interaction
networks composed gknes, RNAs and proteins known as gene regulatory networks orchestrate all cellular
processes ira biological system. Cellular differentiatios a complex cellular proceskroughwhich
generic stem cells become specialized mature cells. The procedsilair cifferentiation is a direct result
of differential gene expression. During differentiation, cells change drastically in their phenotypes. A
fertilized egg can develop into over 200 different cell types in the human body, prigsbntdrastic
varigbility in the phenotypes while all these cells share the same genetic information. Moreover, under
certain circumstances differentiated cell may undergo ghenotypic transition in response &m
environmental signal.

In 1942, Waddington coined thetefme pi geneti cs o to denote the rela
phenotype and events that could not be explained by genetic pribgifdpgenetics, in a narrow sense,
denotes any potential heritable change in gene expression without changes in the underlying DNA
sequences, which could be reflected in histone epigenetic merhlistone epigenetic memory denste
the fact thathe sam@enesin cells of aspecificphenotypdend tohave roughlythe same histone epigenetic
pattern. Therefore, histone epigenetic memory péalsy role in maintaining cell phenotypélowever,
one lasting question in the fielkslhowto correlate the molecular level histone dynamics with the collective
ensemble histone epigenetic memory. In tissertationwe present mathematical model to bridge the
gap between moleculaand cellularlevel experimeral observations By using quaisequilibrium
approximation and implementirige Boltzmann distribution, we constructed a Poytse model based on
experimentally observeldteral interactionef nearesneighbor enzyngandenzyme recruitment biased
by nucleosome covalent modification state. The mddat$ to effective nonlocal interactions among
nucleosomes. Moreover, the simulation demonstrates that epigenetic memory is robustly inheritable against

stochastic cellular processes. The model and siroolagisults are presented in Chaj&er



Epigenetic histone dynamics greatly affects diféerentiationof olfactory sensory neuron (OSNSs).
OSNs are highly unique and interesting in that they carry hundreds of genes encoding olfactory receptors
(ORs) but achcell expresses one and only one gene. A fundamental issue in neuron biology is how the
biological system design guarantees matelic activation, which is important for correct function of the
olfaction system. One interesting phenomena of the difteation process is that before differentiation, all
OR genes are occupied by repressive histone marks, and after differentiation, one and only one OR gene
gainsactive histone mark. By applying the framework we developed previously, weabuddel tat
capturaskey biologicalfeatures of the differentiatiqgerocess. Our model successfully explairessihgular
OR expressiorbehavior in terms of epigenetic competition and enhancer cooperativity during the
differentiation process and further makes testgioedictions. The corresponding analysis and results are
describedn Chaptel3.

Furthermore, irChapter4, we studied the human embryonic stem cell differentiation process and cell
reprogramming and transdifferentation process. Numerous master regataitnd human embryonic
stem cell differentiation process. In this study, we are interested in tefieitdoderm differentiation
process. The aim of this work is to revaalovel regulatory motiacting at thegosttranscriptional level
andregulatingthe cell fate decision process. Using highoughput proteomics stiss we identifed two
differentially expressed RNA binding proteimnRNPA1 and KSRP. FurthreoremicroRNA array data
determinemicroRNA miR-15 and miR27 as their target©ur analyss reveals alassical double negative
feedback motifthat cangeneratebistableswitch behavior. Further experimental sagiconfirmed the
regulating roles of the motif.

Besides cell phenotypic transition proeess development and cell reprogrammirgpme cell
phenotypic transitiositake placaduring pathological condition3he eitheliakto-mesenchymal transition
(EMT) is one example. EMT occurs in normal developmental and physiological processes, but it also
contributesto cancer progression and metastasis. In order to understand the underlying control mechanism
of EMT, we buit a kinetic rate equatiehased mathematical model of T®Fnduced EMT. The model
demonstrates that EMT is a stepwise activation processaxadeof two bistable switches regulated by

2



two doublenegative feedback loops: one between the transcription factor SNAIL1 and tigtrfaRily

and another between the transcription factor ZEB1 and the2@0Rfamily. The model is further been
experimenthy verified by us from single cell and population level dynamics of key mRNAs, microRNAs
and proteins. Besides TGHbeta, EMT can be induced by many other signalsliarglis one example.
Tumor progression is modul ated by the tumords mic
enriched with inflammatory cytokines. In cytokine-@Linduced EMT process, two additional double
negative feedback loops of miR3kabR and lef7/IL6 are observed. Together with the core mutual
inhibition of Snail/miR34a and Zeb1/miR200, they regulate thé ihduced EMT process. We construct

a mathematical model of these multiple positive feedback loops, and the model suggtstssigaaling
network proceeds through two intermediate states between the initial epithelial state and the final
mesenchymal state. Furthermore;@Land TGFbeta signaling work synergistically duringe EMT
processTherefore our model analysis demaasts that for developing more efficacious cancer therapies,

it could be of great clinical importance to fully characterize the dynamic regulation of the composite TGF

b/ 1 L6 axis.
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Chapter 2. Statistical Mechanics Model for the Dynamics of Collective

Epigenetic Histone Modification

This Chapter is based on a published papkysical review letter$12.6 (2014): 068101.

Hang Zhané Xiao-Jun Tiaﬁ, Abhishek MukhopadhyazlyK. S. Kim and Jianhua Xin1g2‘4’*
1Department of Biological Scienc¥irginia Tech, Blacksburg, Virginia 24063406, USA;ZDepartment
of Physics, Virginia Tech, Blacksburg, Virginia 2408406, USA; *Lawrence Livermore National

Laboratory and University of California, Livermore, California 94550, U@eijing Computational

Science Center, Beijing 100084, China

2.1. Abstract

Epigenetic histone modifications play an important role in the maintenance of different cell phenotypes.
The exact molecular mechanism for inheritance of the modification patterns over cell generations remains
elusive. We construct a Potigoe modé based on experimentally observed neanesghbor enzyme
lateral interactions and nucleosome covalent modification state biased enzyme recruitment. The model can
lead to effective nonlocal interactions among nucleosomes suggested in previous thetudtesl and

epigenetic memory is robustly inheritable against stochastic cellular processes.

2.2.Introduction

Epigenetics, in a narrow sense, denotes any potential heritable change in gene expression without
changes in the underlying DNA sequences; for exapNA methylation, histone variants incorporation
and histone posgtanslational modifications are different ways of epigenetics modifications. Clearly,
epigenetic dynamics affects gene expression patterns. Epigenetics is important due to differeuit layers
regulation it could participate and regulate, also due to its special characteristics and crosstalk with other

regulators. Histone modification could cross talk with other layer of regulation mechanisms, e.g.



transcription level (transcription factopgsttranscription level (e.g. microRNAs), DNA methylation level
etc. Inthis chapterl will mainly focus on the histone modification memory and dynamics.

Nucleosome is the basic unit dfiromatin. It is composed of ~200bp DNA wrapping around eight
proteins-- which is called histone octamer as showifrigure2.1. Each histone octamenpnsists of two
copies of the four core histone proteins, H2A, H2B, H3 and H4. As time goes by, people discovered various
covalent marks modified in the histone tail in the nucleosome. Methylatietylation phosphorylation
and sumolyation can take pkon a number of side residues of the histone prétdilaseover, researchers
found that differat histone modification pattern may correspond to different gene expression state, e.g.
acetylation and H3K4me3 would always imply an active state while methylation on histone lysine 9
(H3K9me3) or 27 (H3K27me3) would always indicate a repressive’stdte sec al | ed O6hi st one
proposal analogy to the DNA codon, although still under debate, has drawn extensive attention from the
field®. Furthermore, in the past few years, several groups discovered multiple enzymes regulating the

histone modification dynami¢s

H3K9me3 H3K4me3
[ |
Repressive mark Active mark

Figure 2.1 lllustration of nucleosome structure and tose covalent modification. Chromatin in

nucleus is zoomed into chromatin fiber and further zoomed into DNA sequence and nucleosome (left
panel). Right panel shows the crystal structure of a nucleosome. Different covalent modification
can take place on thieistone tail. Two weHstudied covalent modifications (H3K9me3 and H3k4me3)

which correlate with active or repressive gene activity are listed. H3k9me3 denotesthylation



on histone H3 lysine 9. H3K4me3 denotesnréthlyation on histone H3 lysine Ricture modified
from Broad Communications.

Epigenetics plays a crucial role in development and cell fate decision. In the 2012 Noble prize winning
study of cell repr ogr &, fitmblasgeell arossed thé damiarmetveendifferegtr o u p
cell types and reprogrammed into stem cells. In this reprogramming process, researchers find that cells
undergo global epigenetic remodelindlso researchers suggestttiepigenetic regulation is a key step
and main barrier of the reprogramming process. Due to the fact that all genes or DNA sequences are
subjected to the same set of epigenetic regulating enzymes, epigenetics perturbation (e.g. the enzyme
concentration péurbation) could lead to widespread gene expression changes, thus globally regulate the
behavior of all the genes and facilitate the fibroblast cell to stem cell phenotypic transition process. Indeed,
numerous studies state the importance of these epigeagtlating enzymes in the phenotypic transition
proces&!C. Moreover, people discovered that many phenomena could be explained by histone modification
dynamics, e. g., 6vernali zati on 6 ,nts hehdeto rpnembeothee na t |
previous winter (cold days) in order to safely give birth to the next genétatidre prolonged cold
exposure process enables the plants undergo an epigenetic change that ensures the plants could flower in
the spring, which comes after winter. In the olfactory sensory neuron cell differentiation, the olfactory
epithelium cells needtcorrectly select only one gene among thousands of candidates, which is known as
6one woeerahnhl eled of ol factory receptors. THhis bro
it could affect the gene expression profile in a highly wialege.Recent findings prove that epigenetics
play crucial roles in establishing and maintaining the singutétityThere are more phenomena recently
found that could fall into the epigenetic regulation area, e.g. genetic imprinting, randorraletioo

expression, et&’

All these experimental studies demonstrated the importance of histone modification patterns on the cell
memory and development proceSgperiments suggest that at least safiihe histonecovalent patterns

can be transmitted over a number of generatfoddthough the actual mechanism for this epigenetic



memory is unclear, a simple rdbased model by Dodetall®shows that robust bistability requires
cooperative effects beyond neighboring nucleosomesg;h they suggest is due to compact chromatin
structures. Subsequent theoretical studies on yeast chromatin si#&nuoimgse stem cell differentiatiéip

and plant flowering regulatidhalso conclude that this nonlocal cooperativity is necessary for generating

stable epigenetic memory.

In recent years molecular details on nucleosome covalent modification dynamics have been extensively
studied.Nu mer ous evi dences have changed biologists6 v
memory, epigenetics regulation is in highly dynamic i@si. Measurements show that the typical
residence time of a modification on chromatin is within -sabonds to secorids Experimental
observations also suggest that a modified nucleosome may have higher binding affinity for the
corresponding enzym&. Another interesting observation is that a nucleosome bound maodification
enzme complex laterally interacts with another bound to neighboring nuclec¥émédthough the
functional consequences of these interactions on epigenetic dynamics are unclear, recent work suggests that
increased enzyme lateral interactions lead to sustained repression or activation of genes, and cancer cells

show mutations linked with such lateral interacti®f’s

2.3.Model and Method

We construct a theoretical model aiming to bridge the gap between detailed molecular events occurring
at the subsecond time scale, and the-timg scale epigenetic chandgnamics that is typically in days or
longer. To be specific, we focus on lysine 4 (active) and lysine 9 (repressive) methylation on histone H3,

although we expect the mechanism discussed here can be general.
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Nucleosome in nucleation region

Nucleosome ” Active mark methylation H Repressive mark methylation

<>®.

enzyme complex enzyme complex
Active mark
Active mark demethylation Repressive mark demethylation
Repressive mark enzyme complex enzyme complex
Figure2.2:1 I l ustration of hi stone epigenetic regulati on

J denotes the enzyme lateral interaction energy.

Consider a gene witN nucleosomes, ashown inFigure2.2. Each nucleosomean be in one of the
three covalent states: repressively modified { 1), unmodified (0), and actively modified (1). Here, for
simplicity, we only consider one covalent nifazhtion site on each histone octamer, and do not distinguish
multiple modification (e.g., monpdi-, and trimethylation) states. Our model is flexible enough to admit
straightforward extensions with increasing complexity. Each nucleosome can be ifi threeazyme
binding states with correspding binding energies: empty € 1, U= Us= 0), repressive modification
enzyme boundd(= 2, U= Uy), repressive mofitation removal enzyme bound € 3, U= (), active
modification enzymdound (i 40 (), active modification removal enzyme bourid (5:0 (&).

To account for the dependence of binding affinity, we assume that the binding energies for the adding or
removing enzymes to a nucleosome bearing the corresponding (or antagonizingyexadriower (or

higher) than those binding to an unmodified nucleosomgh&umore, if two neighboringfh and {+1)-

th] nucleosomesare both bound, the binding enzymes interact laterally with enéggxl,

otherwiseri S Jsi'5i+1=1 =0. The above background enzymecleosome binding has no DNA

sequence specificity, and the corresponding binding energies estimated from experimental data are weak.



It is suggested that transcription factors and other molecules recruit the enzymed tm lspecific
nucleosomes with significantly stronger binding affitfitpNA sequence elements, e.g., CpG islands, have
also been shown to have higher begd sequenespecific enzyme binding affinity®. Therefore, we
denote a special nucleation region of nucleosomes [for H3K4me3 and H3K9me3 centered around the
transcription start site (TSS)] with lower binding energies. We will index the middle nucleosome within
this region as 0, those dn left negative, and those on its right positive. Specifically, there is a nucleosome
free region near the T8Sand some DNA distortion may be needed.

As shownin Figure2.2, considering a gene with N nucleosome, each could reside in one of the three
covalent states = 0 (unmodified),s = 1 (activated), angd =-1 (repressed). There areeBzyme binding
state of each nucleosome, which means there will be 15 (3x5) states for each nucleosome. This will lead to
high number of calculations: 15

The system appears very complicated in the first look, but there is one cleacéimeseparatin
which allows us to greatly simplify the problem. The enzyme binding time scale is -sesahds to

seconds level, where the epigenetic memory is in weeks. We borrow theequéibrium approximation
assumption from the michaelisenten equation wedened beforeE + 83{21??/2 ES 4% P+E

Here the enzyme E binds to substrate S with much faster speed compared to the enzymatic reactions.
Following the similar approximation, we could uke Boltzman distribution to calculate the possibility of
histonemodification enzyme binding.

Here is the algorithm to calculate the possibilityie interactions between covalent modification
enzymes and a collection of nucleosomes at gistates can be described by the following Hamiltonian:

N-1

N
Hs = a esis -a Jsisi+1 (@)
i=1

i=1

Throughout this work, energy is given in unitkef, wherekg is the Boltzmann constant, afids

{s}
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. 1 . _
matrix Ti haselements(T. o p=EXPE E(eas + ebs‘ﬂ) +J, b)for i=1, M1, Jand

1 . o .
(Ty). ,=exp( > €. ") For notational simplicity, we omit theedependence of the transfer

matrices. Then, the probability of finding siti statel; is

P, () = Tr[r, @y, .G, T,., G, |/ Z, ©)
where (Gsi )a b = (Ti-l)a Si (Tl )si by except(GSl )a b = (TN )a S1 (Tl)sl,b :

After we get thepossibility of histone modification enzyme bindjngve treatthe enzyme
binding/unbindingorocesses by the above quaguilibrium approximation, the following events can take

place:

1) An enzymatic reaction at site with rate Q@ 1 5 0o A Vo A 1 5 U o A
1 KU o NI. Heretl is theKronecker delta function, whichssumes a value 1 whes j, and O when |

j- Notice here we take into account the fact that for an enzymatic reaction to take place, the corresponding

enzyme has to bind to the nucleosome.
2) Histone replacement due to stochastic turnoger ( 0) with rated.

3) Every time when cell divides, each histone has 50% probability to be partitioned into one of the

daughter cells.
Therefore the overall simulation procedure is as follows:
For each step with covalent state,

1) Calculaten[ and{k} .

2) Define the transitiomate arrajk =[k;,k,,...,ky,d,...,d]. Then at a given simulation step, the total

N

reaction rate is given bg,=Nd 4§ k , and an accumulative reaction rate array is given by
i=1

a=[k,k .., g).

11



3) Generate two random numberand g from a uniform distribution Whin [0,1]. The next time that

an event will take place is given Y0 —a& €— , sotA t+ dt, and the reaction channel taking place

is the smallest integen satisfyingUh O 2. Inrour case ifn ON, ands, =0, generate another random
number § from uniform distribution within [0,1], repressive modification on site if i
Do AT TUo AT Vo NI, otherwise active modification. Update histone ssaté =mod(mN))

according to the selected reaction channel.
4) Repeat.
5) When time t reaches the cell division time, for each nucleo$ayeaerate a random number
from a uniform distribution within [0,1]. IO 0 . 5 =0,hmeanming that the histone is replaced by a
nascent unmarked one; otherwise keep the originakvalls, meaning the original histone is partitioned
to this daughter cell being monitored. Here for simplicity we assume that the cell cycle time is fixed, which
can be easily modified if variation of cell cycle time needs to be considered.

Detailed destption of the parameter and the parameter value are listed in Bdbléarameter
estimation procedure will be discussed in next section.

Table 2.1: Model parameters

Methylation enzyme free energy of bindiwithin nucleation regiof¥ & 254 -1

Demethylation enzyme free energy of binding within nucleation regipti  3;5 1
Methylation enzyme free energy of binding outside nucleation rdgiph 254 3
Demethylation enzyme free energy of binding outside nucleation régién 3:5 3
sstate related fWee energy of binding 2
Lateral interaction between two identical enzyme moleciges 3
Lateral interaction between two identical enzyme molecldes Ul b -2
Enzymatic reaction rate constamty s 1.5/hour
Histone exchange ratke 0.6/hour
Cell cycle time 20 hours

12



2.4. Parameteestimation

Some parameter can be determined easily. If one assumes that some insulating elements constrain the
histonemodification pattern, one can estimate the numidéfrom the DNA length within the constraints.

For a gene length ~10k bp including the promoter regions, the nucleosome Nergt0. Without

insulding elements, the model studies of Hodges and Crabtree show that an inherently bound histone
pattern domain can be formed when the mark addition and removal enzymes have comparable catalytic
activities®. In that case the length of the domain is determined by the relative ratio between the addition

and removal enzyme activities.

2.4.1.Nonspecific background free energy of binding of enzymes

Several experimental techniques, suchflagrescence recovery after photobleaching (FRAP) and
fluorescence correlation spectroscopy (FCS), can provide quantitative information aboutgimateiatin
binding?. In the literature what is usually reported is the fraction of enzymes bound tsttireeki Below
we discuss how to roughly estimate the free energy of binding from the data. Since these measurements are
genome wide, therefore they reflect nonspecific preteimmatin bindings instead of specific bindings

facilitated by DNAsequence sp#ic elements.

Experimental data reveals that nonspecific pretdiromatin bindings are weak. Therefore we assume
that the probability of having two neighboring nucleosomes occupied (from nonspecific background
binding) at the same time is negligible. Tig for parameter estimation purpose we can neglect possible
effects of the lateral interactiah and treat each nucleosome as independent. Each histone can have two
states: empty or occupied. Then respect to an arbitrary reference state with binding @and fige

enzyme concentration, the binding energy with free enzyme concentratiggis:

e= £ K TIN(Cpeo! G) 3

13



From the Boltzmann distribution, the probability to observe a histone in the bound state is

__exp(e/kgT)
" 1+expl elk,T)

(4)

then
e=-k,Tlh—P
1- Pr
o ©
€ =- kBT In—H=*
(1' pH )Cfree

We could roughly estimate probability of histone in a bound state to be the percentage of nucleosome

observed in a bound state. From data collected in literatures, we estimate the enzyme binding energy in the

~4 kgT scale.

Table 2.2: Summarizes our estimations based on available experimental data.

H3K9me3 H3K27me3 Refs
Enzyme HP1U | Polycomb group (PcG) proteing 233637
Cell source Mouse L cells| Drosophila Neuroblasts / Embry 233637
Nuclear volumeriv®) 435 200 z
Estimated nucleosom{ 21,120,000 (L 23
number cells) 960,000 Embryo (cycle 14)
Nucleosome 80.6 mM (L 23
concentration cells) 7.97 \M (Embryo (cycle 14)
65% (Mouse .
Measured enzyme NIH 18.93%(Drosophila Neuroblasts 3637
bound fraction 3T3/IMEFs) cells)
Total enzyme iy 380 nM Qrosophila Neuroblasts 3637
concentration cells)
Number of bound 149477 10350 Derived
enzymes
Py 0.004 0.0045 Derived (bz"’;SEd oneq
Ciree 0.35mM 0.3081V Derived
0 45keT 4.2keT Derived (bBa;sed on eq

The above table of values is basedwvemy roughestimations. For example, we do not consider

competition of binding from different types of enzymes. The total number of nucleosomes is expected to

14



be overestimated since there are nucleosimageregions. Including these corrections reduce the number
of free nucleosomes, and leads to a lower free energy of binding.

The key information we can infer from experimental data is that nonspecific binding of enzymes on
DNA is very weak. Mechanistically this weak binding is reasonable. From the above taldtgltherhber
of nucleosomes is far more than that of the enzymes. Strong nonspecific binding would not allow a binding
enzyme to move and interact with other nucleosomes, and seriously deplete the pool of free enzymes.
2.4.2.Free energy of binding of enzymes witim the nucleation region

There is no quantitative information on the enzyme free energy of binding. Below we examine model
behaviors within a range of binding affinities.
2.4.3.Enzyme lateral interactions:

Currently there is no quantitative information regagdthe lateral interaction strength between two
identical methylation enzymes available. Since the lateral interaction can be experimentally observed, it is
reasonable to assume that it is larger thiiT IThevalues ofly gs chosen to reproduce the bike shaped
histone methylation pattern centered arounchtieeation inFigure 2.3.

There is no evidence of interamtis between demethylation enzymes and between enzymes of different

types.Belowwe will show results with different choices of these interactions.

2.4.4 Enzyme rate constants:

There is no information on the enzyme rate constants. Therefore for simplicity e ussme rate
constants for all four enzymes, and choose the value which reproduces the experimental observation that it
takes about 5 cell cycles to swit€itt4 on or off8,

We want tgpoint out that the enzyme rate constant and the free energy of binding can compensate each
other. As described in the main text, an enzyme reaction rate depends on the product of the enzyme rate

constant and the enzyme binding probability.
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2.4.5.Histone exchang:

The reported value of the histone exchange rate varies over a broad range and shmpe cell
dependence. In reality one may also expect dependence of histone exchange rate on the covalent marks.
Active transcriptions can lead to higher histone exchaaig&->°, and thus different histone exchange rates
may exist for euchromatins and heterochromatins. For simplicity théuglel et al. uses a single value
estimated from measurements@msophilacells? In this work,we will adopt this value as wellhe rate
may be different for cells from other organisms and may aargng cell types. Below we will show how
different values of the histone exchange rate may affect the model behavior.

Another asumption we made is that after a histone is detached from the DNA, the rebindingigistone
an unmodified one. While this assumption is typically assumed in the current lit€&&turalidation of
this assumption depends on how fast the rebindinggss takes place after a histone is detached, that is, if
there is sufficient time for this histone to diffuse away (or be demarked) and others to diffuse in. In other
words, the exchange rate used in this work should be treated as an effective esatieamgech excludes
contributions from events with the same histone detaching and reattaching to the same nucleosome. We
want to point out that in our model a detached histone replaced by an unmarked one is a perturbation to the
epigenetic state. It is asonable to assume that the local concentration of free histones bearing the same
mark as those on the nucleosomes might be higher. This would lead to a more stable epigenetic state than
what we examine in this work.

The effectivehistone exchange ragdso contains contribution from another possible effect we do not
consider explicitly here: active transcriptions can lead to higher histone excharig®, sitece histones
need to be released to let the RNA polymerase pass then rebind.

In this work we do not consider the dependence of histone exchange rate on the covalent marks due to

lack of experimental information.
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2.5.Results
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Figure 2.3: Simulation results using model parameters corresponding to Ocf{d): Heat map
representation of a typical trajectory. (b): Zoem of the heat map in (a) showing epigenetic state
transition. (c): Probability of observing repressive marks at different nucleosome sites. The

nucleation region is at nucleosomes, 0, and 1.

Figure2.3(a) shows a tpical simulated trajectory using parameters roughly representing th©gthe
Clearly thesstate of each nucleosome changes randomly and frequently. However, the systeimtzan
one collective epigenetic state, dominated by either repressiveva aetrks, for many cell cycles before
stochastically switch to another state. A zeonof the trajectory Figure 2.3(b)) showsthat a transition
usualy starts at one place, often within the nucleation region, and then propagates outwards. Statistically
the system still spends most of the time around either the repressive or active mark dominated states. That
is, if oneplots the fraction of time the siem haven nucleosomes bearing repressive marks out oNthe
nucleosomes, one obtains a histogram with a bimodal distribution. In other words, the system exists as a
bistable system as shownRigure2.4.

Figure 2.4 showsthat with enzyme lateral interactiah= 0, the percentage of nuokomes with
repressive marks fluctuates but shows amadal distribution. A cell with this dynamical property cannot

maintain a memory of its epigenetic state over generations. J¥tR.5, however, we could see a clear
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two-state separation form the jatory shows that the gene of the cell begin to have memory; the right
panel also shows fohodal distribution indicate the cell is in the bistable regionJ Agther increased to

3.5, the memory further increased and the cell could stay in one statarfprgenerations.
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Figure 2.4: Typical trajectories of the fraction of nucleosomes with repressive marks (left) and
the corresponding probability distribution of observing given number of nucleosomes with
repressive marks (right)All simulations are performed with J = 2, but different J values, @&k

0, (b): J= 2.5, (¢): J = 35. Other parameters values are from Tab2el. The dwelling time
distribution is obtained by averaging over 100 trajectoriesch started with a randomly selected
initial histone modification configuration, simulated for 3 @illespie steps, then followed by

another 2x18 Gillespie steps for sampling.

Close examination of the trajectory fiigure 2.4(c) revealghat a major contribution to nucleosome
mark fluctuations is due to random replacements during every cell. &ftdée each cell division, the
fraction of repressive mnles relaxes quickly to a steady state value before the next cell diviéiume2.11
shows that the relaxation time is about 6 hours, which iscalssistent with experimentaleasurement on
HeLa cellg!. It is natural to conjecture that this fast relaxation (less than one cell cycle) is necessary for

maintaining a stable epigenetic state against cell division perturbation. We also define an average dwelling
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time at an epigenetic state as the average timaesystem stays in the epigenetic state with one mark
dominating before it switches to the state with another mark dominating; this is calculated using the
algorithm adapteffom Ref#2. Figure2.10 showsthat it increases with the cell cycle timénak is, a shorter

cell cycle makes the epigenetic state less stable. This is consistent with experimental findings that increasing
cell division rate accelerates the epigenetic reprogramming from differentiated cells to induced pluripotent
stem cells?,

To further analyze the memory (bistability) dependence on the parameter, we explored the bistable
regi on -JphanetFiguee 2.5 ) shows that a finite value dfis necessary for generating bimodal
distributions of the fraction of histones with repressive marks. Below a critical Dalugae system only
shows unimodal distributioaven with very largep (ralues. The required value dlso increases sharply
upon decreasing UWith U 0,the system can not generate a bimodal distribution with an arbitrarily
large value ofl. While one should be cautious of results with large qibpbgs unphysical) values
of J andgp Bince the timescale separation argument then becomes questionable, the reSigiisea.5(a)
suggest that bbt] andop l@re necessary to generate bimodal distributions.

Previous results shows that the local neighbor interacti@enough to generate the inheritable
memory that could resist the histone exchange and cell division perturbation. Furthermore, the trajectory
heatmap irFigure 2.2 also suggests that the histone mark could propagate and occupy the whole gene.
However, Dodcetaldé s st udy s t-bdaleareldtibnastrequirdd ¢o achieve the bistability. To
gain mechanistic understand and test our curreuteiris contradicted with the results of Daetdal, we
present a statistical analysis on possible correlations between different nucleosomes.

We define the correlatiorisr thel states of two nucleosomieand] with a given set of s configurations,

i.e., the correlation between nucleosdrirestatedi = Uand nucleosomgin 0, = b as

d ,aécrj.__.'ij}s - <5U{.Q:}S<5ﬁj,_{3}3

(0o,
ch,,.'j’(CTi, Tj: {3}) = wm,aém.a:}s _ <5cri.cx:}s<écrs,&>s
. Pcri=&,crj=,3({3}) - Pﬁi=0({3})PUj=.3HS})
Pr—a({s})(1 — Po,—a({s})) ‘ (6)
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Averaging oveiNs consecutive samples of Gillespie simulations with the waiting time at each), step

and the totasimulation time t, we obtain the correlation functions averaged over the s states

N,

Ca,,rs((’;-(f;') = Z Ca,,ff{”:‘- o, {s}r /1

@
And sstate correlation:
(: fs.\',-,zr 'S.\'_,-,b> - {: 'S.\',-,z.’> {:fs.v_,-,b>
Ccr,b(‘\':‘- 5;) - T - T =
(\‘).vi,z:‘\).vi,zr} - (\"}.\'f-,zr>(\f}.\',-,u} (8)
Here
‘e o N, ¢
{,r}.v;.cr> - Zf:l f}.\',-[f,l.c: rf/" (9)

As shown inFigure 2.5, the nucleosomenzyme binding states show correlations from the smallest
length scale, nearest neighbors for sriathlues, to the larger length scales spanning the whole region for

sufficiently largeJ values.

The nucleosome enzyme binding states show correlations from the smallest length scale, nearest
neighbors for small values, to the larger length scales spanning the whole regiosufficiently
largeJ values Figure2.5 (b)]. It is not surprisindor a Pottstype model with nearesteighbor interactions
to give rise to beyondearesheighbor correlations af states. Because tlieands state dynamics are
coupled, thesstates of nucleosomes also show similar correlations. These nonlocal nucleosome

nucleosomes state correlations are mediated through enzyme binding.
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Figure 2.5: Mechanism of bistability.( a ) : Phase di aglamenill other pahameteed)
take values in Tabl@.1. (b): Correlation functions of enzyme boul st ate 0 and nucl eo:

states.

Overall, the above results demonstrate that the inheritable memory could be achieved wihgthe en
di fference of enzyme &U on di f fl&hiscorrespandsiolasimplend e n
story, the @U term represents the enzyme prefere
corresponding histone mark, and theerm could help the enzyme correctly be recruited to the desired
nucleosome positionamda k e corresponding modi ficatdwllrhelp | n sho

writing, form a simple 6reader and wmetitnemdry. sc he me

2.6.Robustness of the proposed physical mechanism over parameters
2.6.1.Binding affinities and lateral interactions

As described above, most of the model parameters are crudely estimated from experimental data. To
show that the physical mechanism pregad in this work is not a result of fitening the model parameters,
we performed model studies witha range of parameters. In previous sec¢tom have shown the phase
di agr am b et ow&cefurtheredploee malv the proposed physical mecharssrakiust against
parameters, we performed simulations using 4096 sets of parameters-tirtten6ional parameter space,

with each dimension divided into 4 equally distributed grid points within a physically reasonable range.

21



The 6 parameters are the kimgl affinities andateral interactions. We also used a more stringent criterion

for the bistable region compared to what was usegkterate-igure 2.5: clearseparation between the
epigenetic states with high and low average number of nucleosomes with repressive marks (>4.5),
significant epigenetic memory with the average dwelling time on each epigenetic state > 2 cell cycles. We
obtain 1238 (30%) pameter sets satisfying the above requirement. This clearly indicates that the
mechanism we propose here is robust against parameter choices.

The heatmaps irFigure 2.6 revealthe correlations between 15 pairs of parameters. From the results

one can see several trends,

1) Jupthe lateral interactions between two enzymes of the same type, have major congritmuitio
stabilizing bound enzymes and thus epigenetic stdtgsthe lateral interactions between two
enzymes of different types, can be positive (attraction) or negative (repulsion), but should be
smaller thanly y Physically it is easy to understandcs@otherwise an enzyme has no preference
to recruit an enzyme of the same type, a key ingredient in our model. A sinaléexds to more
stable epigenetic states.

2) A higher free energy of binding (high positive value) of methylation enzymes would require
compensation from stronger lateral interactidngo an enzyme can recruit another one of its kind
for subsequent covalent modification. On the other hand, a higher free energy of binding of
demethylation enzymes is preferred for a stable epigenetic sta

3y Higher @U means better distinction between th

stable epigenetic states.
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Figure 2.6: Bistable parameter sets distribution heatmaps of 4096 setpafameters.X label and

y label of each heatmap are varying parameters. All the energy units areTinlk each heatmap,
there are total 4096 simulated parameter sets. Each grid has 256(= 4096/16) parameter sets. The
value in each grid describes the numitf parameter sets which meet the bistable requirement. The

total number of parameter sets which satisfying the requiremetB8.
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Since no evidence on the lateral interactions between removal enzymes have been reported, we also
examined the case withsF Js = 0. Figure2.7 showsthat these two interaction terms are not essential

for generating memory, but existence of these interactions dothblfize the epigenetic states.
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Figure 2.7 Effect of lateral interactions between removal enzymes on generating bimodal
nucleosome mark distribution.(A-C) Typical trajectories of the fraction of nucleosomes with
repressive marks (left) and the corresponding probability distribution of observing given number

of nucleosomes with repressive marks (right). All simulationsmrer f or med wi th a0
different & gvalues, A: o= 2.5, B: Jyp=3.0, C: Jyu= 3.5. Here, the simulations are performed

without these removal enzyme lateral interactionss & Jss =0), while other parameters values are

taken inTable 2.1.
2.6.2.Nucleation region length
Since the exact length of the nucleation region is unknown, we examined how the average dwelling

time of an epigenetic state depends on the nucleation rageriN®t surprisinglyFigure 2.8 shows that
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the dwelling time increases with the nucleation region size. This is because nucleosomes within the
nucledion region have lower free energy of binding for the modification enzymes, and thus a faster rate to

restore the epigenetic state after perturbations from cell division and histone exchange.
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Figure 2.8 Average state dwelling time as a function of the nucleation region si2dl simulations
are performed with a0 = 2, but di fferent nucl eati on
Table2.1. The number of nucleosomes within nucleation regiorhizssen as 1, 2 3, 4, 5, 6 centered

around nucleosome.0
2.6.3.Histone exchange rate

In this work, we used a histone exchange rate measured for Drosophila cells. The rate may be different
for cells of other organisms and may vary among cell types. We performethsbns with different
exchange rates. Thiesults inFigure2.9(a) show that the epigenetic state stability depends strongly on the
histone exchargyrate, indicating that histone exchange is one of the main perturbations to the epigenetic
memory. At an exchange rate d = 1.2 the epigenetic state average dwelling time has dropped to about
1 cell cycle.

There is no quantitative information on dmer parameter, the enzymatic reaction rate congfast

we used a rough estimat e. We hypothesize that i f
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estimated from Drosophila cells, the epigenetic state can still be stabilized with an incuedsimofv.
Indeed, even with avalue changed from 1.5%o 3 h', and a Zold increase of the exchange rate from
0.6 h! used in the main text, the average dwelling time on an epigenetic state is still about 10 cell cycles
(Figure 2.9(b)). That is, an increase of d can be compensated by an increase of v about the same fold.
Therefore we suggest that accurate measurements of both the histbaegexrate and the enzyme rate
constants are needed to evaluate epigenetic state stability.

The simulation results showing increasing histone exchange rate decreases epigenetic state stability are
consistent with existing experimental observations. Famgye, embryonic stem cells tend tavddnigher
histone exchange rdfgand spontaneous transitions between different epigenetic states are éb3ateed
hypothesize that different cell types ynbaave different requirements on maintaining epigenetic histone
memory. It may not be necessary to maintain long epigenetic histone memory during the early embryo

development stage since cells differentiate into different cell types quickly.
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Figure 2.9 Dependence of average dwelling time on histone exchange raf&) All other
parameters are from Tabl2.1. (b) Parameters similar to the upper panel are used, except with a
higher enzyme rate constant v = 3.

Our model predicts that a faster histone exchange rate can be dmalatered by more active enzymes
or higher enzyme concentrations. It remains to be tested whether, for example acetylation enzymes have
higher activity or concentration than methylatiorzgmes, since in HelLa cells experiments show histones
with acetylation marks have faster exchange rate than those with methylation marks. For embryonic stem
cells, where histone exchange rates are*ffgjhindeed the covalent modification enzyme concentrations
are higher than those in differentiated ¢élls

Interestingly, Yanget al. reported aut@cetylation ofthe active site on a histone acetyltransferease
(HAT) result in only slighimodification (less than 1 fold) of the enzyme actit/ityHowever, Yuan et al.
showed this slight change of enzyamwivity was fatal for yeast survival Our result irfFigure2.9 suggests
that a small changaf the histone modification enzyme activity may lead to dramatic change of epigenetic
memory. Consequently, expression activities of many genes may be affdgtethay explain the above
mentioned sensitive dependence of yeast survival on HAT activity.
2.6.4.Cell cycle time

Different cell types may have different cell cycle time. Human embryonic stem cells have a cell cycle
time of 10 hours or le$s As shown inFigure 2.10, the averagewelling time of an epigenetic state do
increase with increasing cell dg time. This is consistent with the observation that histone repartitioning
during cell divisions is a strong perturbation to the epigenetic states. We also notice that even with a
hypothetical cell cycle time of 5 hours, the average dwelling time i20-hburs, indicating that the

epigenetic memory can still be maintained over a number of cell generations.
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Figure 2.10 Average state dwelling time as a function of the cell cycla.these calculations @y

= 3.0, and other parameters are the same as in Tahleof the main text. The dwelling time on the
repressive state is estimated as the time from first reaching the average nucleosome fraction (0.5)
of the repressive state to the first reaching the agerdraction (0.1) of the active state. Each

average is performed over threaeajectories of10000 cell cycls in length

2.7.ldeas for future experimental measurements

In this work we only use parameters roughly estimated from the available experimentabmesass,
and do not thoroughly explore the model behaviors with different choices of model parameters. Our analysis
suggests that enzyme lateral interactions of modest strengths are necessary for maintaining epigenetic
memory. There are structural evidesdor the inteactions between H3K4me3 enzyrifesind between
H3k9 enzyme?, either directly or possibly through some scaffold protéiieshe best of our knowledge,
there are no existing report on the lateral interactions between demethylation enzymes. We performed a set
of simulations without these removal enzyme lateral interacligrslss= 0, and find they are not necessary
for generatinghe bistable behavior (s€é&gure2.7). The exact sizef the nucleation region is also currently
not known.Figure2.8 showsthat a longer nucleation region requires a smdlfer generating bistability.

We suggest that more accurate measurehaéhe parameters in the motlebinding affinities and
enzymatic reaction rateare necessary to help determine the relevance of the discussed mechanism here.
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Specifically, existing measurements on the enzyme binding fractions and residence times are all genome
wide. However, other experimental evidences suggestggenome positiodependenéé

In this model a key ingredient is that a bound enzyme can recruit another enzyme of its type through
lateral interactions. We suggest that one may repeat the experiments of CanZdet with different
linker lengths for the DNA and/or for different domains of the enzyme, and examine how the probability
of observing oligomers bound to nucleoss would be affected. Indeed Yuetnal. shows that H3K27

methylation requires chraatins to form compact structife
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Figure 2.11 Relaxation dynamics of the total number of nucleosomes with repressive magks.
time 0, DNA is duplicated and nucleosomes bearing repressive marks are randomly divided into two
sister DNA sequencesnd theprevious number of nucleosomes bearing repressive marks roughly
decreased into half of the number before DNA duplicationthese calculationsgd= 3.0, and other

parameters are the same as in Talld of the main text

2.8.Relation between the statisticalmechanics model of Zhang et al. and the rulbased
model of Dodd et al.

We summarize the two approaches for modeling the mechanism for epigenetic memory, our statistical

mechanics model and the ridased model of Dodét al®. Our model Hamiltonian describes local
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interactions between covalent modification enzymes bound to neighboring nucleosomes and enzyme
nucleosome binding. After integrating out the enzyme binding/unbinding processes as performed in the

main text, each enzymatreaction rate is given by =vp_({s})- The termp_ ({s}) involves enzyme

mediated effective nonlocal interactions among nucleosomes. In tHgasdd model of Dodet af°., the
corresponding effective nonlocal interactions are myavgoriori. To further see relations between the two
model s, |l et 6s examine a simplified model

Consider a collection of three nucleosomes bound by insulating elements. Here for simplicity and to
compare with that of Dodét af®., we neglect the nucleation ieg. We apply the same rubmsed
algorithm to the model used in Dodtlaf®;

Step B A random nucleosome; io be modified is selected among the N (= 3) nucleosomes. With
probabilityU, a positive feedback (recruited) conversion dsrattempted (Step 2A), OR (with probability
1-U), a noisy change ofiiis attempted (Step 2B).

Step 2A Recruited conversion: A second random nucleosonie selected from anywhere within
the region, and if nis in either the R (repressesk; -1, denoted M in Dodd et &l.) or the A (activateds=
1, also denoted A in Dodd et3lIstate, nis changed one step toward the stateof hat is, if nis R, then
n; is changed from A/U to U/M; if n2 is A, then is changed from R/U to U/A, where U represemts
unmarked states€ 0). If m and n are in the same state, or ifia a U state, then no change is performed.

Step 2B Noisy conversion: Nucleosome is changed one step toward either of the other types (i.e.,
no direct A and R inteconversions) witta probability of onehird.

Notice that in this model the time step is arbitrary and discrete. Following Btodd we use the
parameter values = 1.4/2.4 (corresponds ®© = U(1- U = 1.4), and we will specifically focus on the
transition probabilitie of nucleosome 3 frosi= 0 tos=-1.

For comparison, we also calculate the probabilities 810 A sz =-1 using the present model. We use
the parameters given in Tal#e of the main text. Following the procedure discussed in the main text, we

can calculatgs, the probability of having repressive mark adding enzyme bound to nucleosome 3 that is at

30



covalent state = 0. The corresponding enzymatic reaction rate for adtiegepressive mark ks = ps v.

Suppose that in a Gillespie step nucleosome 3 has been chosen to change, we calculate the probability of
adding a repressive mark (with r&t® versus other two possibilities, adding an active mark (withkeéte

= v, whereps is the probability of having active mark adding enzyme bound), and remaining unmarked
(due to histone exchange with rae which is given byks/( ks + ksd+ d).

Table2.3 summarizes the transition probabilities from the two models. Note Ithatugh it is not
meaningful to compare the two quantitatively, one can compare the qualitative trend of the two models.
OQur statistical me ¢ h a n-basesd madel dhew thaathedranBitmm dyréamics fofu | | r
nucleosome 3 can be influenced bgth of the other two nucleosomes, which differs from the next
neighborlimited model also analyzed by Doéd af®. The latter is shown not to be a robust mechanism
for epigenetic memory. In other words, if one integrates out the enzyme binding/unbindiagspmane
qualitatively recovers the ruleased model of Dodet af®. The main difference is that in our statistical
mechanics model, the beyondaresneighbor influence (or effective nonlocal interaction) is not described
by a set of rules setpriori, but derived from a fundamental Hamiltonian.

Table2.3 Comparison between the present model and that of Dodd'&t al

Probability of = 0A Ss | probability of s=0A s;=-1 | Probability of s=0A ss=-1

S5, = -1 from statistical from Doddb6s | from Dod d dimiteh
mechanics model model

-1,-1,0 0.35 (1-U) / 3+ 0.72 (1-U) / 3 4 0.43
0-1,0 0.30 (1-0) / 3+ 0.43 (1-U) / 3+ 0.43
1-1,0 0.23 (1-0) / 3+ 0.43 (1-U) / 3+ 0.43
-1,0,0 0.22 (1-U0) / 3+ 0.43 (1-0) / 3 0.14
0,0,0 0.13 (1-U) / 3 0.14 (-0) / 3 0.14
1,0,0 0.07 (1-U) / 3 0.14 (1-0) / 3 0.14
-1,1,0 0.06 (1-0) / 3+ 0.43 (1-0) / 3 0.14
0,1,0 0.03 (1-0) / 3 0.14 (1-0) / 3 0.14
1,1,0 0.01 (1-0) / 3 0.14 (1-0) / 3 0.14
Since Doddébés full mo d e | is based on a set of rul

into account physical interactions, there are some major differences as well. The statistical mechanics model
has dependence on the linear positiondfe nucl eosomes, but Dodddés full |
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although it can be generalized to have such a dependence, as discussed in the original papet afDodd

For the statistical mechanics model, even if neither nucleosome 1 nor 2 is sr=stateucleosome 3 still

has a finite probability to recruit a repressive mark adding enzyme to changé . However for D
model, g can switch to-1 only through noisy conversion. In other words, one cannot directly relate the
recrutedconveri on and noi sy conversion in Dodddés model t

and histone exchange processes discussed here.

2.9.Conclusion and Discussion

In summary, our model analysis shows that the experimentally observed me#gbbbr interactio
and modification state biased enzyme recruitment of individual nucleosomes work synergistically and
sufficiently to result in collective active and repressive epigenetic states. Unlike a simple 1D model with
nearest neighbor interactions that shows rasphransition, the coupled tdayer model here gives rise to
bistability due to positive feedback of the nucleosome mark state to enzyme recruitment. The model
supports the proposal of Doddal'®>t hat nonl ocal ief f e cdosowmes affeatthee r act i
covalent modification rates (as evidenced by the dependeizgoofs states of all nucleosomes) and are
necessary for generating robust bistable epigenetic dtatesction 2.8yve compare the two models. Our
analysis demonstrates pmssible molecular mechanism of generating these effective interactions, and
epigenetic memory, mediated through neanesghbor enzyme lateral interactions. Let us focus on a
specific unmarked nucleosome. Without interactions from other nucleosontes, st of symmetrically
chosen parameters, the nucleosome has equal probability of being actively or repressively modified. The
termep Wetermines what types of enzymes are likely to bind on other nucleosomes within the correlation
region. The enzyme latd interactionsJ) result in the stabilization of enzyme binding on this tagged site
by the binding events at other nucleosomes within the correlation region. This allows the nucleosome to
Areado the majority epi gen edsitscrecrmitnenkof theycprespandingt he s e
enzyme, and Awriteodo on i previeus sectigtbisnoechdnism i folyustwiths s h o

different choices of model parameter values, with the essential requirement that the time scale for mark
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resoration must be faster than that of perturbations, mainly from mark removal reactions, cell division, and

histone exchange, all of which may vary significantly among different cell types.

Our analysis does not rule out other possible mechanisms for gpigeranory, such as direct
interactions among distant nucleosomes due to compact histone stfudhalesion of these interactions
extends the present one dimensional-tayeer Potts model into higher dimensions and one expects even
richer physics. Furthermore, epigenetic memory is maintained by a closed network coupling regulations at
different levelsincluding gene expression, epigenetic modification, chromatin remodeling>®etand

requires an integrated treatment in the future.
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3.1. Abstract

Each mammalian olfactory sensory neuron stochastically expresses only one out of thousands of
olfactory receptor alleles and the molecular mechanism forsehéction remains as one of the biggest
puzzles in neurobiology. Through constructing and analyzing a mathematical model based on extensive
experimental observations, we identified an evolutionarily optimized-tayee regulation mechanism that
robustly generates singlallele expression. Zonal separation reduces the number of competing alleles.
Bifunctional LSD1 and cooperative histone modification dynamics minimize multiple allele epigenetic
activation and alleles trapped in incomplete epigeneticaimiv states. Subsequent allele competition for
a limited number of enhancers through cooperative binding serves as final safeguard for single allele
expression. The identified design principles demonstrate the importance of molecular cooperativity in

selecting and maintaining monoallelic olfactory receptor expression.

3.2.Introduction

Olfaction, or the sense of smell, can be essential for the survival and reproduction of an organism. Thus,
most species have evolved a highly sensitive olfactory system. A major functional unit of the olfactory
system is the main olfactory epithelium whegeto millions ofolfactory sensory neurons (OSNSs) reside

These OSNs sense odor molecules through transmembrane olfactory receptors (ORs), and transmit electric
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signals to the brairOR genes are the largest gene superfamily in vertebrates. There DK ¢@Mes in

Drosophilg 106200 in fish, 1,300 (including 20% pseudogenese., dysfunctional genes that have

lost proteincoding ability) in mouse and 900 (including 63% pseudogenes) numans®.

In their classical studié$®, Axel, Buck and coworkers showed that in mammals an individual OSN
only stochastically expresses one type of functional ORs, or more precisely one allele of the gene. This
monoallelic expression of OR proteins with rare violatioas &iso been shown in other organisms such as
zebrafish, and is essential for specificity and sensitivity of olfactory sensing. Expression of more than one
type of OR would lead to improper stimulation and wiring of the olfactory system and thus misiatéspr
of chemical signal&’.

The above observations raise one of the most intriguing puzzles in neurobiology that remsaias elu
after several decades of intensive investigations: how is a single allele selected for activation from a large
number of possible OR genes and maintained throughout the lifespan of the neuron? While accumulating
evidences and several theoretical Eadeveal that a selection is maintained through a feedback loop
elicited by expression of the chosen functional OR gene to inhibit further activation of other OR§enes
proposals on the selection mechanisam be divided into two categories: individadlele centered
selection, and enhanesrgulated selection.

The individualallele centered proposal emphasizes that properties and dynamics within a single allele
lead to the singlallele expression. Indeed, the epigenetic signature of an active OR allele in mice converts
from H3K9me3, a covalent histone mark tadly repressing gene transcription, to H3K4me3, a mark
typically activating gene transcription, and this change is likely conserved in marfin&snilar
epigenetic regulation waeported in zebrafish anBrosophil&®?. Furthermore, disruption of either
histone methyltransferases or demethylases leads to violations of the ruleafetsactivatiort>2+22,
Together with the observation that during OSN differentiation a histone demethylase LSD1 is transiently
expressed, an individuallele centered model suggests a competition among OR alleles for t@end3K

to-H3K4me3 tansition (seéigure3.1A)%.
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In comparison, the enhaneergulated selection proposal is based on the observations that multiple
regulatory genome sequences,, enhancers, can associate with OR prom&t&€rsSpecifically, multiple
enhancers bind to the active OR allelast, not the silenced ones, and form a dense interaction network,
possibly mediated by DNA and histone binding proteins such as transcription factér Bptfefore the
enhanceregulated selection model propose that these enhancersaatrdsanselements during the OR
selection process.

Each of the two proposed mechanisms hagmxgntal supports and complicatioi$ie individual
allele epigenetic competition model reveals a natural feedback mechanisrpiestsion of the winning
allele causes endoplasmic reticulum stress and expression of Adcy3 enzyme, which theegdtata
LSD1, leading to an epigenetic trap that stabilizes the OR cHoitheoretical analyses demonstrate the
feasibility of this model (an epigenetic race followed by a negative feedback) to generatalsihgle
expressiotf!’. The epigenetic competition model, however, also leaves unanswered questiohsSBirst,
functions countemtuitively as a bifunctional demethylase. Because it removes both the activating
methylation mark from H3K4 and the repressive methylation mark from H3K9, it seems not an efficient
way to activate ORs. This bifunctional LSD1 is rtaken into account in previous model studies.
Furthermore,lte mechanism may cause accumulation of "semierted" OR genes. #pical OR gene
including the regulatory region has ~ 40 nucleosomes as inferred from the transgene exp&rithents
the stepwise propagation of conversion in epigenetic marks through an ORkgbnikes longer time
than other related processes including gene transcription and trart&lafionsequentlipy the time LSD1
induced epigengt conversion is frozemgne would expect a large number of OR genes hybrid state,

i.e., with some nucleosomes bearing H3K9me3 and others bearing H3K4me3. Such hybrid state is not
normally present in stable cell phenotypes, exi@nded period of exince in this hybrid state is likely
detrimental for a cell sindeéistone marks can affect higherder chromatirstructures and gene activitfés

Thus the hybrid stateust relax back to the H3K9me3 dominated stekés relaxation, however, places
OSNs in a dilemma, since a sufficiently high level of LSDieisessary for removing the H3K4 methylation,

but would destabilize the epigenetic stateh@ activated OR gene as weln the other hand, for an
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enhancebased model the molecular mechanism for negative feedback is unclear. Furthermore, all OR
genes sha similar promoter sequence and regulatory elements, vgughests thagpecific binding to
regulatory DNA sequencaone may not be sufent to regulate OR selecti®n

The present work aims to reconcile the above two proposals and provides a mechanisttiexga
singleallele OR expression. Our analysis starts with the hypothesis that OSNs have evolved an optimal
strategy for olfactory receptor activation as a mtalsik design problem: before differentiation, all OR genes
should remain transcriptionaléflent; one allele is stochastically selected to become transcriptionally active
within a biologically relevant period of time {8 days for mice) and the error rate of multiplkele
activation should be minimized; the diversity of activated OR gdmadd be maximized so each gene has
approximately equal probability of being activated; if a pseudo gene is selected, it should be recognized
and reselected until a functional allele is chosen; after differentiation the selected allele should be kept
trangriptionally active while others remains inactive for the life time of an OSN, which is about 100 days
for mice.

Through mathematical and computational analysis, we demonstrate that OSNs achieve the above multi
task problem through synergistic asehuential selection processes governed by the epigenetic competition
and enhanceregulated transcription, respectively. First, multiple alleles compete for the repiessive
active epigenetic state transition. Transient expression of the bifunctional &&Dcooperativity among
nucleosomes lead to an effective tstate transition dynamics, which results in mostly one, occasionally
two and rarely more alleles performing such transition, and others remaining predominantly in the
repressive epigenetic stathroughout the time of competition. Next, while this epigenetic activation is
sufficient for OR selection in organisms such as zebrafish, for vertebrates with more sophisticated olfactory
sensing, epigenetically active alleles still have to compete fimited number of enhancers to be
transcriptionally active. Cooperative interactions among the enhancers lead to nearly binary OR promoter
transcription activity, with negligible probability of having two or more actively expressed alleles
simultaneouslyFinally the actively transcribed OR induces a negative feedback loop to lower LSD1 level
and traps the epigenetic thus transcriptional states of OR alleles.
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3.3.Results
3.3.1.Mathematical formulation of OR activation

OSNs expressing different subsets of ORs topologically segregate into circumscribed zones. For
example, Zone 1 of the mouse main olfactory epithelium contains OSNs that express a subset of 150 OR
alleles®. Within each zone, the OR alleles in the corresponding subset are expressed with nearly equal
probability?3%33, Similar segregated distridah has been found in zebrafiéhzonal segregation reduces
the number of OR alleles competing for single allele expression from thousands to hundreds within a zone.
We therefore modeled a cell with 100 altete recapitulate the selection process from within a single zone
of olfactory epithelium.

First we formulated the following mathematical model for the OR activation problem as i#tdsina
Figure 3.1. Throughout this paper for simplicity of presentation we treat the OR genes within a cell as a
number of individual alleles. Each OR allele consists of a linear arrBly=o#1 nucleosomes, and each
nucleosome can bear repressive H3K9 (R), no (E), or active H3K4 (A) methylafiamsition between
these states is governed &yzyme concentration dependent rates. Specifically, demethyladjdh dhd
AA E can take place either through stochastic exchange between nucleosome histones and the reservoir of
unmarked histones with a turnover rate cons@nbr through demethylation reactions with rates
proportional to concentration of the catalyzing enzyme 1.S8e analyzed the real system that bifunctional
LSD1 catalyzes both H3K4 and H3K9 demethylation, and a hypothetical system in which unifunctional
LSD1 only catalyzes H3K9 demethylation for comparison. To maintain stable collective epigenetic state
of an dlele, previous studies reveal that the methylation state change on a nucleosome needs to be
influenced by the methylation states of other nucleosdmgsnd immediate neighbots®. Therefore we
set the methylation rate constakisndk; as functions ofmethylation states of other nucleosomegky)
is promoted by H3K4 (H3K9) methylation in other nucleosgnaesl the influence decreases with the

nucleosomepatial separation. Details of the model are given in the Method section.
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Figure 3.1: Mathematical model of the experimentally revealed regulatory system of olfactory
receptor activation.(A) Feedback regw@ted OR allele epigenetic activation. Each OSN contaips N

(= 30) pseudo OR alleles and: & 70) functional OR alleles. Each allele is composed of a linear
array of 41 nucleosomes. Each nucleosome bears active, no, or repressive mark, andbeasrng
nucleosome facilitates an empty nucleosome to add the same mark in a distance dependent manner.
Expression of an OR protein elicits a feedback to induce expression of enzyme Adcy3, which removes
the demethylase LSD1. (B) The corresponding mathematical fiathom. A nucleosome changes its
covalent modification state stochastically with the indicated rate constants. The methylation rate
constants kand k are influenced by nearby nucleosomdxotein level changes are simulated by
ordinary differentia equatins.H(x) is a Heaviside function which assumes value 0 for x <0, and 1

ot her wisethe fraction of a c lyiis thee cutofé fraktion af nualéosoemkese i

with active marks so an allele is regarded as epigenetically activated

We propagated the nucleosome methylation states using stochastic Gillespie simulations, and

simultaneously updated the levels of the expressed OR protein, Adcy3, and LSD1 by solving deterministic
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rate equationshown inFigure 3.1B. We assumed that the gene is only transcriptionally aetiven the
fraction of nucleosomes bearing a¢ctive mar ks, o,
3.3.2.Low Noise and lack & demethylases kinetically freeze allele epigenetic state before and
after differentiation

We first examined the model under conditions prior to and after OSN differentiation. As illustrated by
the simulated trajectoriefh Figure 3.2A, cooperation among nucleosomes biases them to have the same
histone marks. This cooperation leads to collective epigenetic state dominated by either repressive or active
marks, which is consistent with previous studfi&gs Increasing LSD1 concentratioRigure3.2A & B) or
the level of system noise due to stochastic histone turnover (RgRireupplement B-B) facilitates
removal of existing methylation marks on a nucleosome and thus destabilizes the collective epigenetic
states. Therefore, prior to and after differentiation, maintaining high levels of methyltransferases and low
level of demethylase®rces an allele to be kinetically trapped at one of the two possible epigenetic states
throughout the life time of an OSN, a@ngous to a system trapped (or frozen) in a dewelk shaped
potential with avery high barrier (se€igure 3.2C). The above mechanism is confirmeith additional
simulations through scanning 256 sets of paramefegare 3.2 supplement 1-0). In general maintaining
stable epigenetic states require that the methylation rates much faster than the demethylation rdkes, and k

1~ ko/k 5, but thelatter can be relaxed when either of the demethylation rates is reduced.
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Figure 3.2: Low Noise and demythelation enzyme concentration kinetically freeze allele
epigenetic state(A) Typical single allele @jectories of the fraction of nucleosomes with active
marks under various constant concentrations of LSD1. (B) The fraction of alleles that maintain
epigenetic state longer than 100 days under various constant concentrations of LSD1. The result
was sampledover 1000 allleles initially in the collective repressive mark dominated state. (C)
Analogous doublevell potential system with the barrier height inversely related to LSD1

concentration.
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Figure 3.2. supplemental |I: Low histone turnover ratetabilizes the epigenetic state of an allele.

(A) Typical trajectories of the epigenetic state of an allele with different values of the histone
turnover rate. (B) The fraction of alleles that maintain epigenetic state within 100 days as a function
of the histone turnover rate d.(C) Expanded model of histone modification reactions on a
nucleosome to include methyltransferases and demethylases explicitly. (D) Fraction of alleles that
maintain its epigenetic state within 100 days simulated with 256 diffesets of active/repressive

methylation/demethylation rates. For each parameter set 1000 independent alleles were simulated.

3.3.3.Elevation of bifunctional demethylase level leads to a barriecrossing like dynamics

Next we analyzed OSN differentiation with hiftional LSD1. As shown irFigure 3.3A, after
elevation of the LSD1 concentration at time 0, the OR alleles remain as repressive mark dominated, until
one allele becomes active mark dominated, which leads to the corresponding OR expression and subsequent
Adcy3 expression. Adcy3 down regulates LSD1, then the system maintains at a steady state with one OR
allele active and the remaining ones inactive. ¢¢othat the inactive alleles remain H3K9me3 dominated

throughout the time. Due to stochasticity of the histone modification process, sampling over 1000 cells
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gives a broad distribution df, the time of having the first allele epigenetically active, nagdiiom a few
to 20 or more days and rougtdgntered around day Bigure3.3B). Throughout their lifespan most of the
OSNs only have one allele epitgtically activated, while a smalattion has two and rarely 3 alleles

epgenetically activated Higure 3.3C), consistent with the functional regeinents and experimental

observations.
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Figure 3.3: Bifunctional LSD1 leads to barriercrossinglike dynamics and ensures moRo
alleletic epigenetic activation(A) Typical trajectories of the fraction ofucleosomes with active
marks on one allele for 100 alleles (represented by different colors) within a cell. The temporal
change of LSD1 level (blue curve, in relative unit) is also indica{®d.Distribution of T, the time
observing the first epigenetadly active allele (75% nucleosomes bearing active marks). Sampled
over 1000 cells. (C) Fraction of cells with various numbers of epigenetically active alleles at day
100. (D) The analogous potential system during activati¢B) Dependence of the averagé T; on

the elevated LSD1 level ([LSDd)]during differentiation. (F) Dependence of the fraction of cells
with various numbers of epigenetically active alleles at day 100 on [L&D#h]all simulations a

cell has 100 OR alleles, and at time O the LSD1eleis elevated 10 folds from its basal value to

simulate the onset of differentiation.

Close examination of the simulated trajectories reveals a simple mechanistic explanation illustrated in
Figure3.3 supplement 1A. Starting with the repressive mark dated state, transient increase of LSD1
after initiation of OSN differentiation demethylates nucleosomes, and allows resetting of methylation states
in the nucleosomes. As a consequence, small patches of H3K4me3 nucleosomes may form, but are flanked
by exended regions of H3K9me3 nucleosomes. Such H3K4me3 patches are unlikely to expand because of
the cooperativity of methylation between nucleosomes and the dominance of H3K9me3 marks at the current
stage. Nevertheless, when an H3K4me3 patch reaches d sitticaas a rare event, it is able to propagate
spontaneously and generate an epigenetic conversion of the OR gene into the H3K4me3 dominated state.
That is, LSD1 increase resembles lowering the transition barrier between thewellisleaped potentia
shown in the previous section, and allowae transition to happefifure3.3D). Orce one allele converts
to the H3K4me3 dominated state, and teiggthe negative feedback loop to remove LSD1, the system is
kinetically trapped again with high transition barrier. The converted allele is kept active with H3K4me3
marks, while the remaining alleles bear repressive H3K9me3 marks. A prominent featusebafrier
crossinglike dynamics is that throughout the process the probability of having an allele with hybrid pattern

of epigenetic marks is low, and most alleles only fluctuate around the H3K9me3 dominated state.
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Based on the above analogy todaublewell potential, we reasoned that increasing the LSD1
concentration facilitates epigenetic state transitions. Indeed simulation results show that upon increasing
the LSD1 concentration, &, the average of, decreasesH{gure 3.3E), but thefraction of cells with
multi-allele activation increasefgigure3.3F). Lyons et al. also observed fewer mature OSNs in mice with
reduced LSD¥, as what predicted iRigure3.3E. Therefore a given organism may havelegd an optimal
LSD1 concentration to compromise the requirements of salgke activation and efficient OSN

differentiation.

A B

XXX RN
‘1
sCeeesee

e
j

4
o
T
|

o
0

o
=

Evolution of time
°
w

oooioolq}o
o00000 0
v 1l

o000 0000

o
v

o

Fraction of cells with single-allele epigenetic activation

=}

2 10 50 100 200 300
Total allele number

Figure 3.3 supplement 1. Additional results of bifunctional LSD1 elicited epigenetic conversion.

(A) Schematic illustration of a conversion process elicited by bifunctional LSD1. Orange, green,
and white balls represent nucleosomes bearing repressive, active, and no marks, respectively. The
widths of arrows represent the relative values of correspgngdrates. (B) The monoallelic ratio
changes nofmonotonically over the number of the allele. Except for the total number of alleles,

the simulations are performeith the same way as those kigure 3.3D.

Next we asked how the number of permitted alleles affects the ratio of single allele activation (Figure
3.3 supplement 1B). The ratio first increases since a cell with more alleles has higher iprabdialve
at least one allele epigenetically activated during the differentiation period. Then it decreases after a peak

value since the probability of having more than one allele activated also increases with the number of alleles
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per cell. While the exct position of the peak depends on model parameters, the model results predict that

the number of OR genes within a zone is under selective pressure.

The feedback regulates a bifunctional demethylase, LSD1. It seems both -Gotwitige and
inefficient, since the enzyme moves both the repressive and active methylation marks, with the latter being
what added to an active allele. Theoretically the feedback could act on any one or any combination of the
four groups of enzymatic reactions (Figure 3.1B). €fme we simulated all the 10 cases that the feedback
regulates one or two of the reaction rates. All these cases have the same set of parameters for cells after
activating the feedback, and they differ only on value(s) of one or two rates prior to fetakiag effect.

By scanning each combination of parameter pairs over a 7 x 7 grid and performing 500 independent
simulations for each parameter set, indeed the case of negative feedback on both of the two demethylation
rate constantsi.e.,, a bifunctionalLSD1, leads to the highest monoalleleic activation ratio (Figure
Supplemental 2). A less robust scheme requires regulating the H3K9 demethylase and H3K4
methyltransferase oppositely at the same time. Both of these schemes modulate the effective transition

Abarriero without necessarily changing the relati
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Figure 3.3 supplement 2Comparative studies on all possible erate and twerate feedback regulation schemes
demonstrate that it is optimal to regulate both two demethylation reactibos.each data point, the fraction of cells

with one epigenetically active allele at day 2@adculated from 500 independent simulations.

3.3.4.Elevation of unifunctional demethylase level leads to ratchdike dynamics

To further understand the critical role of the bifunctional LSD1, we examined one of the above
hypothetical cases thainifunctional LSD1 only catalyzes H3K9 demethylatiorhe dynamics is
completely different. As revealed by a typical simulated trajectéigu(e 3.4A), stating at time 0 all the
OR alleles begin to remove repressive marks and gain active marks, while some are faster than the others.

After one epigenetically active OR allele activatesfdesiback loop and lowers the LSD1 concentration,
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some OR alleles return to the epigenetically repressive state, and a number of others propagate further to
the epigenetically active state. A significant fraction of alleles are present in some hybritegpigeite

during the activation process, and subsequently retard in the hybrid st&testhve demethylationRigure

3.4A & B). In contrast, wherL,SD1 bifunctions, the probability of catching an allele in an intermediate
stak is very low Figure 3.4B) by the time LSD1 depletes, leading to eiffict relaxation. Therefore,
bifunctional LSD1 avoids hybrid state by maintaining one single large barrier between the repressive mark
dominated and active mark dominated states. While making this comparison, we have chosen model
parameters so the distrilia of T; with a unifunctional LSD1 also censeroughly around day &igure

3.4C). Then sampling over 1000 cells shows that ~ 87% of the cellsthaver more alleles activated at

the end of differentiation Rigure 3.4D). These simulation results demonstrate that the hypothetical
unifunctional LSCL scheme is not as robust as the bifunctional enzyme scheme on achieving single allele

epigenetic activation.
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Figure 3.4: Unifunctional LSD1 leads to ratchelike dynamics and cannot ensure monralleletic
epiegnetic activation (A) Typical trajectories of the fraction of nucleosomes with active marks on
one allele for 100 alleles within a cell. The temporal change of LSD1 level is also indicated. (B)
Distribution of the fraction of nucleosomes with activearks onday 8 with bifunctional and
unifunctional LSD1. Sampled over 1000 cells. (C) Distribution gf SJampled over 1000 cells. (D)
Fraction of cells with various numbers of epigenetically active alleles at day (H)0The analogous
potential system dumng activation.

Again the above dynamics of allele selection has a simple mechanistic explanation @4gure
supplement 1A). Let us start with an allele originally in the H3K9me3 dominated state. Increased LSD1
level promotes empty nucleosomes. Followthg same argument in the previous section, an empty

nucleosome still has higher probability to add H3K9me3 compared to H3K4me3. However, once an
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H3K4me3 is added, the removal rate is very low. Consequently, the dynamics is rétdostacs
increasing the numbeaf nucleosomes with H3me3, as illustrated byigure3.4E. A praminent feature

of this ratchelike dynamics is that every allele has its total number of H3K4me3 nucleosomes increasing
with time, with a leading allele followed by other alleles lo@ way of converting their nucleosome marks,

thus intuitively it is difficult to ensure single allele epigenetic activation.

3.3.5.Mathematically controlled comparison explains why bifunctional LSD1 improves the

ratio of single allele activation.

To understand hy the effective twestate barriecrossing dynamics is advantageous over the multi
state ratchelike dynamics on generating single allele activation, we performed further mathematical
analysis based on the following reasoning. In the OR system a nufrddexle@s convert their epigenetic
state independently and stochastically under an elevated LSD1 concentration. Let us denote the activation
time separation between the first two converted allel€s&sen from an engineering perspective, a better
designto achieve singlallele activation is the one with a larggrwhich means that the two activation
events are better separated temporally, and thus more time for the first allele to elicit the feedback loop and
prevent activation of another allele.

Therefore we performed mathematically controlled comparison among a set of simple models shown
in Figure 3.4 supplement 1B. Consider two alleles transiting independently from the repressive mark
dominated state to the active mark dominated state throuiglusaumbers of intermediate states, but with
the same mean first arrival time. Figuel supplement 1C shows that the tstate model has an
exponentially shaped firstrrivaktime distributionf,, while those with 1f - 2) intermediate states have
peakel ones that at largadecrease faster with increasimgOne can randomly draw two points and g
from a distribution, corresponding to the stochastic activation events of the two independent alleles. Clearly

the temporal separation of the two poirlikjs likely to be larger if they are drawn from a broatier
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corresponding to smallet Indeed Figur&.4 supplement 1D shows that the distributiotods longer tail

for smallem. That is, a design with the twgtate dynamics is better than that with multistate dynamics.
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Figure 3.4 supplement 1. Simple mathematical analysis reveals the mechanistic advantage of
bidirectional over unidirectional demethylation enzym¢A) Schematics of a conversion process

elicited by unifunctional LSD1. Same notations as in Fig.8 supplement 1A. (B) Minimal

effective Markovian transition models for an OR allele changing from H3K9me3 dominate state to
H3K4me3 dominate state with @ = 2, corresponding to the barriecrossing dynamics with the
bifunctional LSD1), and various number (n > 2, corresponding to the ratdiket dynamics with

the unifunctional LSD1) of intermediate states. Here we compare two independent alleles that
undergo the transition. (C) The firsarrival time (t) distribution f of a single allele transiting from

H3K9me3 dominate state to H3K4me3 dominate state as a function of the overall state number n.

(D) The distribution (F) of first-arrival time separation( U) bet ween two kinetical
all eles as a function of the overall state number I
is desirable since it gives the system more response time to elicit the feedback after the first allele

becomes epignetically active and prevents the second allele from making the transition.
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3.3.6.Epigenetic competition model predicts zebrafish but not mouse experiments on
inhibiting methyltransferases/demethylases

In the illustrative doublavell potential shown irFigure 3.3D, lifting the left well allows easier
transition to the right well thus higher probability of multiple allele activation, while elevating therbar
height leads to an opposite effect. Experimentally, shallowing of the left well can be realized by reducing
the enzymatic activity of H3K9 methyltransferases, G9a and GLP. Similarly decreasing LSD1
concentration corresponds to increasing the bdragyht. The simulation results iRigure3.5A show that
reducing the LSD1 concentrationDF) impedes OR activation, which can be partially restdrgd
decreasing the enzymatic activities of H3K9 methyltransfera8e¥DF7O ), consistent with that
observed irmice??. Furthermore, partially inhibiting the enzymatic activities of G9a/GDP () leads to

increased number of cells coexpressing multiple ORs, which is confirnzetbiafisi®.
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Figure 3.5: Competition of cooperatively bound enhancers further reduces-emression of
multi-allele ORs.(A) Predicted fractions of cells with various numbers of epigenetic active alleles
under different conditions. WT: wide type. LSD1LSD1 level reduced 0 7O : H3K9
methyltransferase level reduced and further reduced. (B) Model of alletespeting for M
enhancers. (C) Simulated allele trajectories of one cell with two epigenetically active alleles. (D)
Simulated dynamics of enhancers binding to two epigenetic active alleles corresponding to the cell

in panel C with the same (left) or diffee n t ( by g@Umiddle&0d. right)kinding affinity.
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Also shown are schematic free energy profiles. (E) Simulated distribution of 1000 cells with various
numbers of epigenetically active alleles und@r O and WT on day 100. (F) Fractions of
overall protein expression of each allele simulated with a population of 1000 cells Utdderlnd

‘O comparing to those with WT. (G) The number of transcriptionally upregulated alleles under
‘0O RO and in WT. (H) Schematic illustration on the mechanism of reduced OR expression

diversity with© andO compared to that in WT.

When the left well irFigure3.3D lifts further the system resembles more and more thHagure3.4E,
and the epigenetic activation process eeshfrom a barriecrossinglike dynamics to a ratchdike
dynamicsThe simulated results in Figugsh supplement 1A & B indeed predict that in contrast to that in
wild type (WT), with further reduced level of H3K9 methyltransferages () a majoity of the OR alleles
assume a hybrid methylation pattern during the differentiation process, and thus significant iofcrease
multi-OR activation Figure3.5A). However experimental studies using G9a/GLP double knockout (dKO)
mice only observed elevated but still rare m@R coexpression compared to the WT contrahine?.

Therefore theepigenetic conversion mechanism is insufficient to explain the experimental results.

3.3.7.Competition of cooperatively bound enhancers further reduces coexpressioh multi-

allele ORs.

To explain the59a/GLP dKQOmouse experiment, we generalized the model based on stedieg>°.
We hypothesize that for terrestrial vertebrates such as humans and mice, active expres$iéh alfeda
requires both the gene bearing active epigenetic marks (H3K4me3) dochtization of a sufficient
number of enhancers to the alldiethe following, we elaborate on how we model this process.

SupposeM enhancers are available for an OR gemoduster withL OR alleles (sed-igure 3.5B).
Each enhancer can bind to the epigenetically attineOR allele with a free energy of binditigand can
interact with any other enhancer bound to the same allele with exefgghancer binding to alleles with

repressive mass is weak and can be neglecfedNotice thatenhancer binding to active alleles is
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cooperativewhen two or more epigenetically active alleles compete for the enhancers, an enhancer prefers
to binding to the pe that already has more enhancers bound since it can form more edmdrzcerer
interactions. Consequently, enhancers collectively bind to and transcriptionally activate one allele at a given
time, and switching from binding to one allele to another isnere since it requires breaking many
interactions. While the exact value bf is currently not known, the experimental observation that
ectopically introduced multiple copies of a specific H enhancer increase the probability eORulti
coexpressionlomvardas et al., 2008upports our assumption: alleles have to compete for an unsaturating
number of enhancers in WT cells; due to cooperative binding the enhancers first saturate one allele and
then etra enhancers bind to others.

We then performed Gillespie simulations for the enhaatiele bindinglinbinding dynamicdr-igure
3.5C&D give an example of a cell with two alleles batingepigeneticallyactive Figure3.5C), butonly
one of them is transcriptionalfctive at agiven time Figure3.5D). If the enhancers bind to the two alleles
with equal strength,é.,—andfdassume the same values for different allelesearhancers, the enhancers
jump stochastically and collectively between the two alleles, showing-atate dynamics alike a particle
moving in a symmetric doubleell potential (leftpanel of Figure 3.5D). The frequency of transitions
depends on the actual binding strength and the number of enhancers. However, it is likely that the values
of —andare slightly alleledependent. Then cooperative enhancer binding can amplify this difference by
many folds. For example, suppose that there exists a free energy difference of ealfeladgndingop &
Ui Ubetween allele 1 and allele 2. Then the free energy difference between allelel bolvhdntitincers
and allele 2 bound witM enhancers i81 gp,(vhich can be significant due to the fackdr So the allele
with stronger enhancer binding dominates transioriplly alike a particle moving in an asymmetric
doublewell potential (midile andright panels ofigure3.5D).

The above model reaches a surpggmnediction on the OR expression pattern when the level of H3K9
methyltransferases is reducedompared to WT cells, the cells with  tend to have more OR alleles
being epigenetiactive Figure 3.5E), asexpected. However, except for a small group of OR genes

becoming transcriptionally upregulated, most of them instead show decreased expoespamed to those
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in the WT (Figure 3.5F). Furtherreduction of the enzyme leveD( ) causes fewer OR alleles to be
expressed, but each with higher expressemel (Figure 3.5F & G). Seeminglycounterintuitive, this
prediction is what observeskperimentally?.

Thereduced diversity ifrigure3.5F hasa simple mechanistic explanation. For illustration purpose let
us consider a toy system in whicli= 4) OR alleles exist in a zone, and these alleles have strong (allele 1),
medium (aléle 2), and weak (alleles 3 and 4) binding strength torthareerstespectively Figure3.5H).
Existing experimental evidences suggest that thgeegtic activation step is stochastic and each allele has
roughly equal probability 1/to be chosen. For WT OSNs, most cells have only one epigenetically active
allele, and the allele becomes transcriptionally active as well. Therefore the overallifitiomsdr
probability of each allele in the zone is ~ ¥. On the other hand, with the H3K9 methyltransferase level
reduced @0 andO , or G9a KO and G9a/GLP dKO experimentally), an OSN may have multiple
epigenetically active OR alleles. Famgplicity of argument let us assume that in a cell three alleles compete
for enhancers. Since each allele has the same probability becoming epigenetically active, there are 4
possible combinations with equal probability, (123), (124), (134) and (234)n Adlede with stronger
enhancer binding dominates transcription, one expects that the first 3 combinations mainly express allele 1,
and the last one expresses allele 2. That is, the expression of allele 1 is upregulated while that of alleles 3/4
are down egulatedSimilarly, with more epigenetically active alleles coexisting in individual OSNs, more
OSNs are likely to have the strongest alleles active and express them; fewer OSNs have the chance to

express the weaker alleles. Consequently, the OR divarsitg OSN population becomes further reduced

In the above simulations we assumed that only the number of enhancers bound to an allele affects its
transcription. It is possible that enhancers have certain ORsgex#icity'>>%, Therefore we considered

the alternative possibility that only one of the binding enhancers, say enhancer 1, is necessary for activating
a given OR gene. Compared to the case with only enhar{Egure 3.5 supplement 1C upper panel), with

other enhancers being present enhancer 1 shows increased dwelling time of binding to allele 1 and this

binding correlates with the overall collective binding state of enhancers (Figure 3.5 supplement 1C lower
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panel). Thatis, the presence of other enhancers stabilizes the binding of the enhancer who actually affects

the allele transcription, and the above results discussed in this section still hold in this case.

s9)

Fraction of active mark
Fraction of cells

Simulation Steps

Figure 3.5 supplement 1. Enhancecompetition assures transcriptional activation of single allele.

(A) Typical singleallele trajectories of the fraction of nucleosomes with active marks for 100 allele
within an'O cell. (B) The distribution of the fraction of nucleosomes wattiive marks on day 8
averaged over 1000 cells. (C) Auxiliary enhancers stabilize binding of a specific enhancer to an
allele. For each result with M enhancers, the upper one shows the trajectory of enhancer 1, and the
lower one shows the corresponding nluen of enhancers bound to allele 1. The time is given by the
number of Gillespie simulation steps. In these simulatidiss 2@ -1 keT, & <3 keT. Similar
results were obtained with broad range of parameter values (elgand (b assuming value$rom

-2t0-0.5 kT a nadsuming values fromB to-0.5 kT), and more enhancers involved.
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3.3.8.Model studies identify multiple schemes of OR transcription switching

Thetrajectories inFigure 3.5D revealthat an OSN cell occasionally switches off an active OR allele
and chooses another one. This switching phenomenon has been widely reportéitbnatine?, thus we
examined these trajectories in detail.

For WT OSNSs, most switching takes place as a pseudo gene allele ggsetpally and
transcriptionally activated first, then a functional allele transcriptionally switoheafter certain time
(Figure 3.6A). This is because the products of a pseudo gene fail to elicit the Adcy3 mediated feedback
loop to reduce the LSD1 level, and permit another allele to lgewrgiically activatedFigure3.6B shows
another type of switch also found in simulations with WT OSN&inctional allele is activated first and
then switches to a pseudogene, the cell reenters to the selection process until an alternative functional is
activated. In both two schemes an allele remains epigenetically active even after switching off

transcriptionally
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Figure 3.6: Predicted OR expression switching schemeBypical switching examples: active
pseudo gene switches to intact gene (A), active intact gene switches to pseudo gene and then

switches to intact gene (B), and intact active gene switch off itself (C). (D) Simulated switching
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frequency under WT and Adc¥3O conditions. (E) Simulated fraction of cells expressing pseudo
genes under WT and Adcy3 KO conditions.

In Adcy3 KO mice the feedback loop is disrupted areldimulation results ifigure 3.6C reveal a
new switching pattern. First a transcriptional switch takes place between two alleles. Then the newly
activated allele switches off epigenetically and thus transcriptional, and the original alleleesvaiack to
be transcriptionally active. Mechanistically the sustained high level of LSD1 in Adcy3 KO cells leads to
collective removal of H3K4 methylation from the activated allele.

Not surprisingly, the switching frequency increases in Adcy3 KO OSNpaenhto that in WT OSNs
(Figure3.6D) since more cells have multiple epigenetically active alleles. Furthermore, the fraction of cells
expressing paglo ORs increases while that expressing functional ORs dechedsizy3 KO simulations
(Figure3.6E), consistent with the experimental restiltslechanisticallym Adcy3 KO system transcription
of a functional allele does not inhibit further epigenetic activation of pseudo gene alleles, and the latter then
competes with the former for transcription.

Therefore the simulations suggest two possible mechanisms f@ll€& transcriptional switching.

One is that an allele converts from the active H3K4me3 epigenetic state back to the repressive H3K9me3
state. Experimental testing of this mechanism requires monitoring the histone modification state of one
allele over tine. Another is that the enhancers cooperatively change their binding from one allele to another
one, with both being epigenetically active. The present model predicts that the genes showing upregulated
expression in the G9a/GLP dKO mice, such as Olfr23%e tslighter stronger interactions with the
enhancers than the remaining genes do. Then an experimentally testable prediction is that in normal mice,
OSNs that express one of these genes should have lower frequency of switching than those cells express

othe genes in the same zone do.

3.4.Discussion

Single allele activation in olfactory sensory neurons is a rdeltaddong puzzle in neurobiology.

Recently several mathematical models have been formulated to examine various proposed mechanisms for
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explairing thephenomenot¥'8, Compared to these existing modeling studies, the present model is based

on some key experimentabservations available only recently. The model, while cegageed, has every

of its components corresponding directly to an experimentally measurable quantity, which makes
comparison to experimental results and prediction test transparent. More mtipptteere are some
essential differences between the present model and the existing ones both mechanistically and conceptually.
3.4.1.A sequential threelayer regulation mechanism controls single allele activation.

Through integrating a large body of existiexperimental studies, our theoretical studies suggest that
single allele activation is achieved through a series of selection processesnfuogcsynergistically
(Figure3.7). A subset of the alleles is selected by the zonal segregation. Then they are randomly chosen to
be epigenetically activated though transient elevation of bifunctional LSD1. Most of the cells only have
one epigenetically active artus transcriptional active allele. If more than one allele are epigenetically
activated, they compete for the enhancers to be transcriptionally active, resulting in only one epigenetically
and transcriptional active allele. If the activated allele isanpseudo gene, it triggers the feedback to
prevent further epigenetic state change. Therefore, this coordinatedatrgeeegulation mechanism
faithfully assures that only one OR allele is expressed in one OSN. All other existing models consider only
epgenetic switching or competition for certain regulatory elements. For example, the epigenetic switching
model of Alsingeta’st at es t hat f#fsingular gene selection doe

elementsot r anscri ption factors to separate choice fro
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Figure 3.7: The threelayer mechanism ensures nmm-allele activation of OR genes.
3.4.2.The OR selection process is optimized to satisfy hierarchical muitask and even

opposing requirements.

All existing models recognize that OSNs needs to achieve monoallelic OR expression. Based on
extensive experimentatsults, the present model further argues that the regulation system is optimized to
achieve multtask functional requirements. Some of these requirements, such as maximum OR diversity
and minimal hybrid state, while not recognized in earlier studiesyaligt reconcile many seemingly
counterintuitive and contradictive observations and ideas in the field.

It might seem redundant to have both epigenetic activation and enhancer competition to achieve
monoallelic expression. Epigenetic activation seledsalleles with approximately equal probability, but
leads to a small percentage of cells having multiple epigenetically active alleles. On the other hand,
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enhancer competition is more effective on ensuring single allele activation, but it also intrdaduugs s

bias towards allele selection. Therefore, to achieve single allele activation as the top priority and maximize
the diversity of expressed ORs at the same time, the OR selection system has evolved a combined procedure.
The epigenetic activation stép optimized with a bifunctional LSD1 to achieve maximal single allele
activation. When multiple allele epigenetic activation does happen but with low probability, the enhancer
competition in allele sel ecti onpdsporingtheaeraldiversitgye | ast
of OR expression. Similarly our analysis reveals that other variables are also subject to ttesknulti
optimization. For example, the LSD1 concentration may be optimized as a result of compromise between
maximum singleallele activation and fast allele activation.

3.4.3.Counter-intuitive bifunctionality of the LSD1 maximizes single allele epigenetic
activation.

An intriguing feature of the OR selection system is that the selection is initialized then maintained
through regulang the level of the bifunctional LSD1. While not discussed in previous studies, our analysis
reveals that it is important to remove both repressive and active marks during the activation process. This
bifunctionality leads to a barri@rossinglike dynanics with high single allele epigenetic activation ratio
and minimization of alleles trapped in hybrid epigenetic states. Theoretically, one might conceive many
possible designs of modulating the methyltransferases to activate OR in the cell. For exaDplmid¢ht
first remove H3K9 methylation to activate the alleles, subsequently remove H3K4 methylation on those
Aunsuccessful o alleles including ps e dkeadgamces . Ho w
discussed above, it is also practically idifft to prevent the enzyme from destabilizing the activated allele
by removing its H3K4 methylation marks as well.

Therefore a central prediction of ouof-wanod eéd xii St ¢
for adding and removing H3K9-ofwado HBK4 amatl bgbati c
ultrasensitive phosphorylatiesephosphorylation cyclebserved in signal transduction netwofksand

work together with nucleosome crosstalks to generate the kinetic cooperativity during the epigenetic
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activation process. Furthermore the enzymatic activities of methyltransferases are in excess over that of
demethylase, i.e., LSD1. Lyors al. indeed observed that G9a/GLP at excessive concentration coexist
with LSD1 during OSN differentiatich

3.4.4.Seemingly subtle differences on the regulation schemes lead to qualitatively different
mechanisms.

Existence of a feedback loop has long been recognized to be necessary for maintaining the choice of
OR selection. Not surprisingly all mathematical studieduding ours contain a feedback loop. These
models, however, differ on how the feedback loop is implemented. FRjdré&Supplement 14
summarizes the basic structures of the four existing mathematical models. Some of these models differ only
in some subke details, but suggest qualitatively different mechanisms. We have already discussed models
with bifunctional and unifunctional LSD1. The two models differ only on whether H3K4 methylation is
regulated by the negative feedback loop, but lead to baraesing versus ratchéke dynamics. Similarly,
the model of Alsing et alAlsing and Sneppen 2018 mp h a s i zhe enly tequaemenfiis that the
coupling feedback must favour the silent nucleosomé sta . 74 gupplement 1E gives a
corresponding potential analogy, where activation of the feedback loop stabilizes the repressive mark
dominated well, while slightly destabilizes the active mark dominated well. On the contrary, the feedback
inthepra ent model modul ates t he fb a ofrthe aucléosome state® ut n e
(Figure3.3D). The two modelsespond differently to enzyme concentration fluctuations. In that of Alsing
et al., fluctuations of any of the methyltransferanses or demethylases affect the relatitye ataid two
states, and these fluctuations are coupled. On the other hand, in the present model fluctuations of the two
methyltransferases are largely decoupled provided that the LSD1 concentration is kept low compared to

that of the methyltransferases.
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Figure 3.7 supplement 1:Comparison of existing mathematical model§A) In the model of

Kolterman et al*®, OR promoters compete for cooperative binding of a limited number of

transcription factors, and OR expression elicits a feedback to degrade the transcription factors.

While the mechanism is not consistent with known experimental information, the model suggests the

importance of cooperative binding of traxedements. (B) The model of Tan et'dlassumes tht the

transcriptional activity of an OR allele is controlled by the epigenetic state of one nucleosome in

the promoter region. A slow LSbdependent H3K9mef2H3K4me3 transition is controlled by a

fast feedback that removes LSD1. Notice that the transiisoinreversible and LSD1 is considered

unifunctional. (C) Alsing eal.'” considers that each allele is composed of a number of nucleosomes.

Each nucleosome exists as H3K9me3 or H3K4me3, and the transitionffestad by other
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nucleosomes as positive feedbacks. A negative feedback elicited by the expressed OR decreases the
H3K9me34 H3K4me3 transition rate. (D) The present model also considers that each allele is
composed of a number of nucleosomes. Treating eamdieosome dynamics as transitions among
three states, the model is able to examine the role of bifunctional LSD1. The feedback affects both
H3K9 and H3K4 demethylation. Furthermore an epigenetically active allele needs to bind enhancers
to become transcptionally active. A hypothetical unifuctional LSD1 model differs only in absence

of the negative feedback on H3K4 demethylation (the green line and dependence of demethylation
on LSD1), but generates qualitatively different dynamics. (E) Analogous potestiatem
corresponding to the Alsing model. Initially the inactive well is shallower than the active well,
reflecting the requirement that for mice OSN differentiation takes placeif 8ays, but the choice
needs to be maintained for ~3 months. The fesd#breduces the rate of H3K9m43H3K3me3

transition, and thus stabilizes the inactive well while slightly destabilibesactive well.
3.4.5.The model makes multiple testable predictions and many have been confirmed.

A prominent feature of the present modeling study is that it is not only based on extensive experimental
information, but also makes a number of predictions and experimental suggestions. As sumnizalded in
3.1 and discusse@ b o v e, our mo d e | predicts many seemingly
selection system, which have been experimentally observed but remained unexplained. Here we discuss a
few of suggested new experiments in detail.

To reach thaliversity change prediction Rigure3.5F & G, a key ingredient in the model is thiaé
values of-and/or{ are alleledependentThe difference may come from DNA sequence, and it may be
even less than the thermal enekgl,t he pr oduct of Bol t z mahkowdver,thsonst an
free energy difference can be significantly amplifieceblhancer cooperative bindingigure3.5D). This
amplification explains why sbtng OR expression bias occursd@a/GLP dKOce while Lyonet al.could
not identify any significant differences between the promoters of the most upregulated ORs and the
remaining ones in predicting the transcriptfactorbinding-motifs 2. Another possible source of different
OR-enhancer binding strength lies in the different distances between enhancers and alleles. Different allele
enhancer distances may require slight different DNA distortion to form ther@®@Bncer binding complex,
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as implied by the observation that moving the H enhancer closer to MOR28 dramaticedigulgtes its
expression while down regulates other neighboring ®R® further test this mechanism, one can replace

an upregulated OR gene and its prtendy a dowrregulated one, and test whether the latter becomes
upregulated in a G9a/GLP dKO main olfactory epithelium. Another suggested experiment is to introduce
enhancers ectopically to G9a KO mit@ihvardas et al., 2006which should at least partially rescue the
reduction of OR diversity if the model holds.

Table 3.1 Model predictions and corresponding experimental confirmations and suggestions.

Model predictions Experimental confirmation or suggestions

OSNs need to maintain saturating levels
methyltransferases, but low levels of demethylg
and stochastic histone exchange rate before
afterdifferentiation Figure3.2 and3.2 Supplemen
1).

The number of ORalleles in a zone affects tk
singleallele ratio nonmonotonicallyHgure3.3B).

Compare the enzyme levels and histone exch
rate (e.g., using isotope labeled histones) wi
OSNs and other types of cells.

Decreasing LSD1 concentration impedes | Confirmed in mice?,
activation (less OSN d#frentiation), which can b

partially restored by inhibiting G9a/GLP.

Epigeneticswitching assumes a barrerossng-
like dynamics foWWT (Figure3.3, Figure3.4B), but
a ratchetike dynamics with G9a/GLP dK(igure
3.5 Supplementl A &B).

Following Magklara et al®, sort GFTP+ cellg
from OMRIRESGFP mice, and perform CHIP
gPCR for selected silent OR genes. Perf
similar studies with OMRRESGFP and
G9a/GLP dKO mice. We predict that silent (
alleles from the former are dominated
H3K9me3, but those from the latter have miy
nucleosomes with H3Kdnd H3K9 methylations
One can further measure the epigenetic patte
different time points before and aft
differentiation to test the prediction that it tak
long time for the alleles with mixed methylatio
to relax to one of the epigenetic stateith one
mark dominated.

A cell may have more than one epigécally active

alleles Figure3.3F).

Following Shykind et af®, cross mice bearin
MOR28IRES-Cre allele with strains bearing tk
reporter RosdoxP-stoploxP-CFP, sort CFRCre
cells and perform epigenetic histone modificat
analysis as in Magklara et’dl.

Inhibition of H3K9 methyltransferases G9a/G
leads to mliiple allele activation Figure3.5A).

Confirmed in ZebrafisA! and mice?2
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With enhancer competition, Inhibition of H3K
methyltransferases G9a/GLP leads
transcriptional downregulation of most OR gel
upregulation of a smallumber of genes, and th
lead to decrease of divesdf expressed OR geng
(Figure3.5E-G).

Confirmed in mice?

Multiple epigenetically active alleles compete fo
finite number of enhancers, which contributes to
diversity reduction in G9a/GLP KO mic&ifure
3.5).

Introduce enhancers ectopically to G9a KO
(Lomvardas et al., 2006which should at leagd
partially rescue the reduction oRQliversity if the
model holds.

The proximity difference of enhancers to a g¢
leads to different ORNnhancer binding strength.

Replace an upregulated OR gene together with
promoter by a dowianegulated one, and te
whether the latter becomes upregat in a
G9a/GLP dKO MOE.

The binding strength differences between an
promoter and individual enhancers can be si
thus experimentally hard to detect, but are ampli

Lyon et al. could not identify any significan
differences between the promoters of the n
upregulated ORs and the remaining ones

by cooperativeenhancer bindingHigure3.5D). predicting the transcriptiefactorbinding
motifs??
The switching frequency increases in Adcy3 K Confirmed®

OSNSs corpared to that in WDSNSs Figure3.6D).
Furthermore, the fraction of cells expressing pse
ORs increases while that expressing functionas (
decreases in Adcy3 KO micEigure3.6E).

The genes showing upregulated expression in
G9a/GLP dKO mice, such as OIfr231, have sligk
stronger interactions with the enhancers than
remaining genes do. Then in normal mice, Of
that express one of these genes should have |
frequency ofswitching than those cells expre
other genes in the same zone do.

Follow the study procedure of Shykind efllt

can reveal more information if one use techniq
such as the CRISPRas9 gene editing approa
to fluorescently label genes like OIfr231, a
perform timelapse studies.

To test the prediction given in FiguB5 supplement 1A&B, one may sort GFeells from OMP-

IRES-GFP control mice and G9a/GLP dKO ONIRES-GFP micé®, respectively, then perform CHIP

gPCR for selected silent OR genes. We expect that H3K9me3 dominates on silent OR alleles from the
contol mice, but H3K4 and H3K9 methylations mixed at various extent on silent OR alleles from the dKO
mice (Figure3.5 supplement 1B). One can further measure the epigenetic pattern at different time points
before and after differentiation to test the predictthat it takes long time for the alleles with mixed

methylations to relax to a steady state distribution.
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3.4.6.Future studies may revealfine-tuned regulation on OR and other allelespecific
activation processes.

This work aims at revealing the essenti@iments that regulate the OR selection process. Therefore we
adopted a coarggrained model without specifying many details. For example, the model requires kinetic
cooperativity of epigenetic mark change among nucleosomes, and energetic cooperatige dfiradi
limited number of enhancers. Molecular details of these cooperativities require clarification. For simplicity,
we did not distinguish possible differences among enhancers and their OR specificity, and leave the
effective enhancer number in a cel an unspecific parameter. The molecular mechanism for zonal
segregation is unclear. All these unresolved questions require further studies.

Besides the mechanisms discussed in this work, living organisms have likely evolved additional
mechanisms for finrkuning OR expression. For example, chromatin structures in OSNs are highly dynamic
to expose or sequester specific OR genes. Specific patterns of DNA methylation and other histone covalent
modifications have been observed for OR promoters and enhancegen@®Rare not expressed with exact
equal probability, and coordinated expression migigf®. Further studies are needed to reveal these subtle
regulation mechanisms.

Our model studies reveal some design principles to achieve robust single allele activation, which may
apply toothe single allele systems as wéllStochastic monoallelic expression has been widely observed
in diploid organisms, with arsimate of >20% of the autosomal genes, and OResgjfmn is one prominent
examplé®. Further studies can examine whether the regulatory mechanisms discussed here are adopted in

other cell types.

3.5.Method:
Each OSN is modeled to havg 30 pseudo gene alleles and=\v0 functional OR alleles, with the
only difference being that the product of the former does not elicit Adcy3 mediated feedback.
Epigenetic dynamics: For simplicity we treated stepise methylations/demethylations on a

nucleosome as single steps, and treated participating enzymes ahetSB1 implicitly. Denote
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methylation state of a nucleosome R, E, and Aas 011, respectively. We set the methylation rate
constants for an empty nucleosonaes

(oo 7o § e &7

chLili-i] ™ = igh 1

where the sum is over al | -ddltdfenctionn That Is,eack af theeather a n d
nucleosomes influences the nucleosome to add the same mark of the latter, and the influence decreases with
the nucleosome spatial separation. Anliaisg boundary is assumed, and three nucleosomes in the middle
form a nucleation region with higher enzymatic rate constants than other nucleosomes have. We modeled
O andO by reducing the value (C- for the WT to 90% and 80%, respectively. A theoretical
justification of the model from a more detailed physical métlisl given below, and values of the model
pamameters cabe found inTable3.2.

Table 3.2 Values of model parameters used in this work

Parameter Value
within nucleation region 0.125%
Active mark methylation rate constadat outside nucleation region 0.025.h
within nucleation region, 0.125™(WT),
Repressive mark methylation rate constant outside nucleation region, 0.025 WT)
Active mark demethylation rate constént 0.125 ht
Repressive mark demethylation rate
0.125 K
constank.
Nucleosome correlation length 0.64
Histone turnover ratd 0.002 K
Cutoff fraction of nucleosomes with active marks 0.75
an allele is regarded as epigenetically activated '
Adcy3 synthesis ratie. 1nt
MichaelisMenten constant of OR induced Adcy| 08
expressiorKa '
LSD1 basal degradation rate constant 0.5kt
Adcy3 facilitated LSD1 degradation rate constal 8 It
Q
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Prefactor for the enhancer switching rate constar| 1nt
Free energy of enhaneenhancer interactiog -0.5ksT
Free energy of enhaneallele interactior) ~-1keT
Total number of enhanceké 12

* This parameter is only uden generatind-igure 3.5D for illustration purpose, and its actual value
can be better estimated if tinseurse of OR switching becomasgailable.

Three nucleosomes located at the center of the nucleosome arrdigdaracleation region. Existence
of this nucleation region reflects the observattmat some DNA sequence specific molecular species, such
as transcription factors and noncoding RNAs, help on recruiting histone modification enzymes. We also
performed simlations with the nucleation region and the found no qualitative change of the mechanisms
discussed in the present paper.

Enhancer binding dynamics: For simplicity we assumed that there is no free enhancer. This
assumption is not essential for the preséstussions and can be easily removed at the expense of a few
additional parameters. Also we treated the enhancers equally, although generalization is straightforward
when additional experimental information becomes available. An enhancer can jump ffeirta]leith
rate, o vVAga® - - 0 p 0 - to satisfy the detailed balance requirement, wiére
andM; are the number of enhancers bound to alleledj before the jump, respectively, aB 0 0.

We chose the factor 0.5 tatisdly the detailed balance requiremere, 0 % equals to the Boltzmann
factor corresponding to the system free energy after the transition divided by that prior to the traasition.
each Gillespie simulation step, one of all possitieancer binding changes is randomly selected. Since an
allele with higher enhancer binding affinity dominates enhancer competition, for computational efficiency
we only simulated enhancer dynamics extlidor the results inFigure 3.5D andFigure3.5 supplement

1. For othersimulations inFigure3.5 and6 we adopted a simplified procedure as scitémally illustrated

in Figure3.5H. Thatis, we obtained the probabilities of having a cell wahious numbers of epigetneally

active alleles Figure 3.5E), and stochastically ranked the enhancer binding affinities of the 100 alleles,

Assuming that each allele has the same probability of being epigenetically active, we consider all the
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possibé combinations and the associated weights of having two or more alleles being epigenetically active,
and for each case the allele with strongest enhancer binding affinity is chosen to be transcriptionally active.
Gene expression dynamicsAll gene expressin is modeled by solving ordinadyfferential equations
(Figure3.1B). Forsimulationswith enhancer bindingynamics inFigure3.5, Figure 3.6, we multiplied to
the first synthesis term of OR expression a Krorselka function, which assumes 1 if theeddl is
epigenetically active and other alleles are epigenetically silent, or if its enhancer binding affinity is stronger
than that of other epigetically active alleles, and O otherwise. For Adcy3 KO simulatiknis, set to be
0. All concentrations ardimensionless values
3.5.1.Mathematical analysis of simple models
Here we show how to calculate the results in Fi@#esupplement. Consider the process (also shown

in Figure3.4 supplement B)
pO ¢O g0 8o 1

Denotepi the probability of an allele in statewhich is given by

Q O n nnmn i p
5% 2 L1388 & owm g
n T T o Qm N n T
The solution of theystem is,
no Q h
n o Q Qb
n OOE'Q Qo h
q
8
. P ~
o ,
n o : oA Q o

The firstarrival time distribution igEI0  —n 0 hand fn is normalized ( "Q& Q06 p). Then
A® °Q Qh
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8
T p D 7
AElo © — Q Q 0
€ CA
The mean first arrival time T is given By _ "Q¢& 02 'Q ORequire that the mean first arrival time T
is the same for differentn, one Has 1 p 74.

The formula below gives the distribution that the arrival time difference betweenltlas aéz

& ¢ "QE0zQEd0 t2Q0

Thus,

Choose the time unit so that T = 1, one has
&¢ Q
&oc Q p ¢t

&1 9‘0 ot T
m P p

& v pﬂcQ pu ttpu Yyto ¢t

& @ Q ¢putgp vtw vtg T

q U
oYt
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Supplemental rulebased model:

I Select a random nucleosome nl I

Rule-based modeling:

Feedback

Select another random nucleosome The working model is based on
n2. If n2 is R then change n1l from U

very general physics of a dynamic

system: barriecrossing dynamics

y y

v

versus ratchelike dynamics.

Noise
R then change it to

S
X‘ "
If n1is M or

Therefore we anticipate that many

model details are irrelevant. To test

this irrelevance, instead of our

_ physical interactiofbased model we
Figure S1. Rule-based model for LSD1 controlled nucleosome

L will repeat the above comparison with
modification.

a muchsimplified rulebased model

generalized from the work of Dodd al.
Here is the detailed description of how we set up thelrased model.

Since she LSD1 enzyme demethylate both repressive dind atstone marks, we want to add the
LSD1 influence to both the active and repressive remove rule.

During the OR differentiation process, LSD1 concentration will beegplated first and then down
regulated after one OR turns on and elicit the feedbaskllustrated in Figuré&1, here is the detailed
mathematical rule for this process:
Step 1. A random nucleosome nl is selected to be modified among N nucleosomes. The selected
nucleosome nl has a probabil ity probbilitW Ut oo og og ot o ot hte
noise module. As Dodetalused, -BF téndtes the signal to noise |
Step 2A Recruited conversiorAnother random nucleosome n2 is selected from anywhere within the

region. If n2is R, if nl is A, then n1 withange to U with probability LSD1; if n1 is U, then n1 will change
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toR. If n2is A, if nlis R, then n1 will change to U with probability LSD1; if n1 is U, then nl will change

to A.

Step 2B: Noise conversion. If nl is A or R, change it to U with prababily b . El se if n1l is
it to U with probability 2/3*LSD1.

From the following figure S2, we can see that-#sed model also could achieve the one allele activation

scenario.

alleled

alleleS

dllelet
0z ———allele?
alelet
aleled

——aliele 10

Fraction of Active Mark

Distritbution of T1

2
Num of epigenetic active alleles

Figure S2. Simulation result with rulmsed model of 1alleles.
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4.1. Abstract

Systematic investigation of the developmental stage from human embryonic stem cells (hESCs) to
definitive endoderm (DE), through which liver organogenesis occurs, may shed light on the underlying
mechanisms of human liver development. Remtnore, these investigations may lead to more efficient and
effective production of hepatocytes for cell therapies. Here, usingditwensional difference gel
electrophoresis in conjunction with mass spectrometry, we identified two significantly invaitesgd
splicingrelated gene products during the differentiation process, heteronuclear ribonucleoprotein Al
(hnRNP Al) and KkKype splicing regulatory protein (KSRP). Combined bioinformatics and micreRNA
Array data analysis suggests hnRNPA1 and KSR&ganizing each other through m#R5 and miRL35a
respectively. Further mathematical modeling analysis demonstrated that this motif could generate switch
like responses to the differentiation signal, which can serve as a noise filter to control hES&eseif
and differentiation. Simulations predicted that elevated hnRNP Al or miRNrexpression lead to rapid
and efficient differentiation of hESCs into DE was further experimentally validated. Taken together, we
revealed a novel mechanism which funefoin postranscriptional level to regulate stem cell

differentiation.

4.2.Introduction

Human embryonic stem cells (hESCs) can-satew and differentiate into any cell type found in the
three embryonic germ layéfs making them an attractive source of cells for use in regenerative medicine.
For example, hESs are capable to generate definitive endoderm cells (DECSs), the precursor cell type to
the liver, pancreas, lungs, thyroid, and intesfifiéd/ithin these organs, chronic shortage of liver donors
limits the transplatation of whole liver organs and isolated hepatocytes, also makes deriving endoderm
with hepatic potential for therapeutic and pharmaceutical applications of great clinical imporfance
substantial effort has been made to develop protocols that promote hepatic differéntiatieever,in

vitro differentiation of hESCs toward the hepatic lineage has been challenging. More efficient ways of
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controlling the hESC differentiation to DECs are required. Thus, understanding the underlying mechanism
of hESC diferentiate into DECs is not only of fundamental importance, but also of great clinical importance

Numerous studies have been performed about the stem cell fate decision process. It is well known that
transcription factors Oct4, Sox2 and Nanogtaeecoreregulators of pluripotency and could be regarded
as the hallmark for ESC% These trio of transcription factors, known as master regulators, cooperate and
antagonize each other during ESC setfew and lineage specification process. Similar to ESCs, different
lineage specifiers, are idéitd in Pu.l and Gatal will determine the choice of erythroid and
myelomonocytic fates in haematopoietic progenitor tefisnaie CD4* T celluse Foxpaind RORo2t as
master regulators to determine the cell fate during differentfatiéor definitive endoerm differentiation,
transcription factors Sox17 and FoxA2 have been reported to facilitate differentiation of hEJ0EGsto
and are considered as the hallmark B&Cs>!4. Directing embryonic stem cell differentiation towards
definitive endoderm has been achieved by manipulating the Nodal and Wnt signaling pathways. Activin A,
which activates the Nodal pathway, directs DE formation from mesendoderm predarsamouse and
human ESCS. In human ESCssynergistic activation of Nodal and Whtcatenin signaling promotes
more efficient DE generatiéh Besides the transcription factor master regulators, in recent year,
microRNAs also emerge as important factors controlling the differentiation process and serve as hallmarks
of different cellphenotype, e.g. m#R90 and miR302 are hallmarks for ESEsSimilar to transcription
factors, microRNAs usually have plenty of downstream targets. Together with other regulators, they could
form multiple negative feedback loops which will generate rich dynamics of different molecules involving
in the cell fate decision proced¥hile most previous studies in this area have been focused on identifying
gene expression and signalling pathways, we want to investigate the key proteins and microRNAs
associated with the differentiation process.

Here, wereport results of a comparative proteomic analysis on DE derived from hESCs in feeder layer
free conditions, using twaimensional difference gel electrophoresis RIBE) and mass spectrometry
(MS). We identified two significantly inversely altered spigrelated gene products during the
differentiation process, heteronuclear ribonucleoprotein A1 (hnRNP Al) anypésplicing regulatory

88



protein (KSRP). Combined bioinformatics and microRN&ay data analysis suggests hnRNPAL1 and
KSRP antagonizing eadther through miR875 and miRL35a respectively. Based on these analyses, we
revealed a potential regulatory motif in the piwanscriptional level to regulate the differentiation process.
Furthermore, simulation results and experiments demonstratquethatbing this motif could increase the

differentiation efficiency of hESCs towards DE.

4.3.Results

4.3.1.Differentially expressed proteins hnRNP Al and KSRP were identified from inversely
altered proteins in DE derived from hESCs

My collaborators identified twdifferentially expressed RNA binding proteins hnRNPA1 and KSRP.
These two proteins act as spliciagsociated factors and are responsible for the alternative splicing
programs of genes. They have been found to interact with Drosha and Dicer to reglimigeihesis of a
subset of MIRNAs, and may play a role in the gene regulatory network that controls the level of microRNA
expression in response to intracellular or extracellular stitnMie report here, for the first time, that
differential expression of hnRNP Al and KSRP was idexatiby 2DDIGE and mass spectrometry in the
differentiation of hESCs into the DECs. In order to further verify DIGE results and investigate protein
expression levels in the H1 and H9 cell lines, these protein spots were undergone western blotting and
immunocytochemistry. Consistent with 2DIGE results, the upegulated protein hnRNP Al was found
to be immunolocalized touclei Figure4.1A andB) and &pressed ilDECs figure4.1E and F)put not
in undifferentiated H1 and H9 hESCs. In contrast, KSRP was found to be expressed but down regulated in
DECs, compared to that in undifferentiated hESCs. The decreased amount of KSRP in DECs was confirmed
by immunocytochemistryHigure4.1C andD), and tke results were consistent with findings from western
blotting (Figure4.1E and F).

Interestingly, expression of hnRNP Al and KSRP proteins was not changed in the embryonic body
from hESCsH9 (Figure4.1G). Similarto hESCs cultured in monolayer, hESCs within embryonic bodies

undergo spontaneous differentiation and cell specification along the three germ lineages (endoderm,
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ectoderm, and mesoderm), which compiadl somatic cell types. The expression of hnRNP Al and KSRP
in definitive endoderm also implies that they may be involved in germ layer specification and initiation of
endoderm formation.

The hnRNP Al and KSRP are known to regulate microRNA expré&&idn the case of hnRNP A1,
promotion of microRNA expression is achieved by antagonizing Wnt signaling, whereas KSRP regulates
cyclin-dependent kinases (CDK) to promote microRNA expressitrirherefore, we hypothesized that

these proteins may also regulate the microRNAs of hESCs and DECs.
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Figure 4.1: Validation of differentially expressed proteins bynmunofluorescenceand WB. (A,B)
The expression of hnRNP Al the H9 (A) and H1 (B) hESCs as well abe definitive endoderm

cells derived from them was showed by immunofluorescstai@ing. Nucleiwere stained by DAPI
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(Bars: 100um). (C, D)The expression of KSRP ithe H9 (C) and H1 (D) hESCs as well athe
definitive endoderm cells derived from them was showed by immunofluoresstaineng. Nuclei

were stained by DAPI (Bars: 100um). (E, MYesten blotting was performed to analyze the protein
expression of hnRNP Al and KSRP time H9 (E) and H1 (F) hESCs as well athe definitive
endoderm cell s der i-adidasfan ioternal stamdard. (G)sWestern Hotting was
performed to analyzéhe protein expression of hnRNP Al and KSRP in hESCs and embryonic body

cel | s, -actin asmg intBrnal standard.
4.3.2.Bioinformatics analysis predicted potential (nRNPA1 and KSRP target microRNAs

To find out the potential mroRNAs regulated by hnRNPAL1 aidSRP during DE differentiation
process, we adopted a strategy schematically illustrimte€igure 4.2A. In order to investigate the
microRNA behavios during the DE differentiation process, we carried out microRNA microarray
experiments, and identified that mB®a, miR186 and miR375 were significantly upegulated while
miR-584, miR583 and miR936 were dowswregulated during the DE differentiatipnocessFigure4.2B
summarizes the microRNA expression profile and correlation with hnRNPA1 and KSRP.

Secondly, we collected potential microRNA targets of hnRNPA1 and KE&RPand constructed a
predicted microRNA targets set of hnRNPA1/KSRP by literature review and TargetSassis Figure
4.2C). Comparingthe measured correlation microRNA dataset and predicted microRNA dataset, we
identified the microRNAs, such as miR373, miR135a, miR29c, miR30a &@i/impotentially regulated
by the twoproteins as shown iRigure4.2D.

Further pathway enrichment analysis of candidate target microRNAs shdwedhe target
microRNAs were enriched in multiple signal transduction pathways, such a8&@Fwnt, FGF, MAPK

and SMAD, which are important for hESCs s&lhewal and DHlifferentiation Figure4.2E).
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Figure 4.2 Identification of potential microRNAs regulates and regulated by hnRNPA1l and KSRP

during hESCs differentiation to DE process{A) Schematic representation of target microRNAs
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identification process. From literature search, we get the potential microRNA targets of hnRNPAL1 and
KSRP. Prediction of potential hnRNPA1 and KSRP target microRNAs based on microRNA microarray data
expreswn data during ESC to DE. Intersection of literature predicted microRNA datasets and potential
targets based on microRNA microarray analysis. (B) Heatmap depicting microRNA expression profile
during hESC to DE differentiation process. (C) Potential mitédRargets of hnRNPA1 and KSRP
collected from literatures. Green ones are potential targets of hnRNPAL, red ones are potential targets of
KSRP, and yellow ones are potential targets of both proteins. (D) Intersections of predicted targeted
microRNAs and ghificantly expressed microRNAs during hESC to DE differentiation process. (E)
Pathway enrichment analysis of candidate target microRNAs datasetFigure 4.2(A) Top enriched
pathways are listed (palue < 0.01). (KEGG pathway enrichment analysis is performed using the DAVID
bioinformatics tool)
4.3.3.Mathematical modeling suggests a switchke motif formed by hnRNPA1-miR375
KSRP-miR135a

To study the potdial mechanism underling the atrrelated hnRNPAL1 / KSRP pairs, we used
TargetScansand predicted that miB75, the candidate targets of hnRNPAL protein, has target sites in
30UTR of KSRP -p3bapthescandidate tanged of KBRR proteinthasr get si tes i n
hnRNPAL protein.

Integrating the above information and reported functional roles of the two proteins, we constructed a
regulatory network shown fRigure4.3A. KSRP catalyzes maturation of its own mRNA and miR135a. The
latter inhibits hnRNPAL expression through binding its mRNA for degradation. Similarly, hnRNPA1
catalyzes maturation of its own mRNA and miR375. The lattebitshKSRP expression through binding
its MRNA for degradation. Through the ActiiiiWnt pathways, the stimulation sign&ttivin A/Wint3a
(AW) activates hnRNPA1 and/or inhibits KSRP, with the exact molecular mechanism to be determined. A
high hnRNPA1 andow KSRP expression pattern may induce BSOE differentiation. The overall

network has the structure of a toggle switch, with @adivation of hnrnPA1l and KSRP, and mutual
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inhibition between them. This network structure can generate bistable befagioe 4.4B): the system

can be in two types of steady states, high hnrnPAl/low KSRP (state 1), or low hnrnPA1/high KSRP (state
2); the system remains at state 1 until the stimulation signal readivesladld, where it jumps to state 2;

within the bistable region, the two states coexist. The supporting text gives more details of the model. We
also performed parameter sensitivity analysis to show that the model can generate bistable behavior over a
range of parameter values. Alternatively, the network can generate a sigmoidal shapedilgvitch
stimulatiorresponse curve, as exemplifiedAigure4.9, which again predicts that cells differentiate only

under signal concentrations above a threshold value. Indeed it has been well documented that a threshold

concentratiorof Activin A exists on inducing ES@-DE differentiatiod*?".
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hnRNPA1/KSRP protein could promote the biogenesis of3MMiR135a, on the other hand, miB¥5/miR135a

could repress KSRP/hnRNPA1 mRNAs. (B) Bifurcation diagram of hnRNPAL (Uppergrah€BRP (lower panel)

on the level of exogenous Activin A/Wnt3a signal level. Bifurcation analysis demonstrates that the system undergoes
a two state transition process during hESC to DE differentiation. (C) Influence of hnRNPAI/mdverexpression

on the system dynamics. The bifurcation point shift left upon hnRNPA1-37BiRynthesis rate increment. (D)
Population level stochastic simulation demonstrates the influence of exogenous WA signal and hnRNg7A1/miR
overexpression on the system. We useNfi#R low, KSRP high denotes ESC state, and hnRNPAL high, KSRP low
denotes DE state. The two hnRNPAL level distributions reflect the cell phenotype distribution under different

conditions.
4.3.4.Priming hESCs with AW and hnRNP Al or miRNA-375induces rapid and dficient
differentiation into the DE

If the above network regulates ESC differentiation to DE, varying the level of one or more components
of the network should affect thdifferentiation processkigure 4.3C shows a modeprediction that
increasing hnRNPAL1/miR375 synthesis rate leads to transition from the ESC branch to DE branch at a
lower AW concentration. Considering cétkcell variation, we furter simulated the model with each
model parameter randomly and uniformly chosen with Latin Hypercubic sampling centered around the
currentparameter selectiéh Figure 4.3D showssimulation results with 2000 cells. The first two lanes
show that the ESC differentiation efficiency increases with higher hLnRNPAL1 (left panel37miRight
panel) synthesis rate. The backward two lanes demonstrate that at a fixed AW concentratalonyhe c
with increased hnRNPAL level has more cells differentiated to DE. Similar results were obtained with
increased miR375 level.

To test this prediction experimentally, H9 hESCs were treated with AW alone or AW plus hnRNP A1,
and were transferred toedia that is known to specify differentiation into the endoderm. The number of
DECs in culture was assessed morphologically, by their polygonal shape and prominent nucleoli, and
confirmed by Sox17 and FoxA2 staining and western blotting. Cells wereainaidtin culture for 2 days

and then underwent western blotting to assess protein expreSsitsprimed with AW plus hnRNP Al
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exhibited endoderm morphology thday 2 Figure 4.4A Uppen, while cells primed with AW alone
exhibited endoderm morphology after 3 days in cultbrgthermore, on day 2, hESCs primed with AW

and hnRNP Al yielded more Soxp@dsitive and FoxAzositive endodermKigure 4.4A Middle and

Lower) than hESCs primed with AW alone, which was confirimediestern blottingRigure4.4B). In this

study, we also used a cell surface marker, CXCR4, to identify the definitive endoderm population. The
CXCR4 can be used to distinguish early definitivaladerm in both human and mouse ESCs. To
investigate the expression of CXCR4, we used FACS analysis to sort fractions usiogjiRfated sorting
antibodies. FACS analysis showed that on day 2, CXCR4 expression in hESCs primed with AW plus
hnRNP Al was grear than CXCR4 expression in hESCs primed vt alone Figure4.4D Left). Our

results show that priming hESCs with AW plus hnRNP Al indeed promajad and efficient
differentiation into DECs, consistewith the model predictions iRigure4.3D.

We further performed experiments with miRKBX5. HOhESCs were treated with AW plus scramble
mimics or AW plus miR375 mimic, and were transferred to media that is known to specify differentiation
into the endoderm. Cells were maintained in culture for 2 days and then underwent western blotting to
assess iptein expression. On day 2, hESCs primed with AW and-37R yielded more expression of
Sox17 and FoxA2 than hESCs primed with AW and Scramble mimics, which was confirmed by western
blotting (Figure 4.4C). We also detecthe expression of CXCR4 to identify the definitive endoderm
population and we used FACS analysis to sort fractions usirgpRjEgated sorting antibodies. FACS
analysis showed that orayl 2, CXCR4 expression in hESCs primed with AW plus 488 mimic was
greater than CXCR4 expression in hESCs primed with AW $tramble mimicsKigure4.4D Right).

Our results show that priming hESCs with AW plus WiF5 indeed promotes rapid and efficient

differentiation into DECs, consistent with the mopeddictions inFigure4.3D.
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(upper, Bars: 100um). The expression of Sox17 and FoxA2 in H9 and H1 hESCs primed with AW alone or AW plus
hnRNP Al was showed by immunofluorescestaming. Nuclei were stained WYAPI (middle and lower, Bars:
100pm). (B)Western blotting was performed to analyze the protein expression of Oct4, Sox17 and FoeA2SCs
primed with AW al one or-acth\ds gnlintermal standarid. RC) Weastern blattingrwgas b
perfamed to analyze the protein expression of Oct4, Sox17 and FoXA2HESCs primed with AW plgsramble
mimicsor AW plus miRB 75 mi mi eagtin as @an intgrnalbstandard. (D) FACS analysis showed CXCR4
expression in hESCs primed with AW alone or AW plus hnRNP Al (left), and in hESCs primed withs&¥&mhle

mimicsor AW plus miR375 mimic (right).

4.4.Discusson

For this study, we focused on proteins that are involved in or related to differentiation. Two proteins,
hnRNP Al and KSRP, showed significantly different expression levels depending on the state of cell
differentiation (hESC or DE). The presence bARNP Al and KSRP was confirmed by
immunocytochemistry and immunoblottingigure4.1andFigure4.2). To our knowledge, this is the first
study to identify differentially expressed proteins using proteomic techniques, and to suggest a role for
hnRNP Al and KSRP during differentiation of hESCs in® . Notably, microRNAs (miRNAs) are
endogenous singlgtranded RNAs that bagair with target mMRNAS to negatively regulate their expression.
Production of miRNA is a tightly regulated process that can be modulated at different steps during the
biogeness pathwayf. One step related to the discussion in this work is thah{i®NA precursors need to
be procesed by RNase enzymes such and Drosha. Failure of this step correlate with cancer pfdgression

The hnRNP Al protein, which has w&hown functions in nucleocytoplasmic shuttling and mRNA
metabolism, has been found to play a role in the production of mMiRNAs. Guil and C&eres recently reported
that hnRNP Al specifically binds to a miRNA cluster containing #i#a and facilitates the Drosha
mediated processing of miR8a, but does not affect any other member of the chistdrey showed that
hnRNP Al binds to the conserved terminal loop ofnpiiR-18a and induces a relaxation at the stem,
creating a more favorable cleavage site for Drosha. Furthermore, they found that 14% of all human pri

miRNAs have terminal Iqus that are well conserved throughout evolution. This group also reported that
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hnRNP A1 binds the terminal loop of fet-7a miRNA®, which harbors a perfect hnRNP Al consensus
binding site (UAGGGA/U). Thus, they suggest that hnRNP Al could act as a landing pat$acting
factorsthat regulate biogenesis of miRNAs. It is also of interest that hnRNP Al has been shown to have
roles in the maturation of certain miRNAs, including rii& and let74.

The splicing factor KHype splicing regulatory protein (KSRP) contains four K homology RNA
binding domains and promotes exon inclusion ofdsec alternative exon through an intronic splicing
enhance®. KSRP has recently been shown to be a compooebbth Drosha and Dicer complexes,
whereby it positively regulates the biogenesis of a subset of miRNAs, includind56iRnd lef34%,
Altogether, there is ample evidence to suggest the existertcansfacting factors that bind conserved
terminal loops can influence the processing of specific miRNAs. The remaining challenges in this realm
will involve elucidating the regulatory networks involved in controlling inducible splicing events and
exploring the involvement of candidate miRNAs that have recently been implicated in regulating hESC
differentiation toward the endoderm. Powerful tools are now avaitablurther explore functional links
between splicing factors and miRNA.

The two microRNA, miRL35a and miRB75, has also been widely studied for the embryonic stem cell
differentiation. miR135a has been identified to target FoXDwhich is esserdl for maintenance of
human stem cell and know to participate in suppressing the mesoderm and endoderm lineage cdmmitment
While miR-375, is know to be the hallmark of definitivendoderm. It is highly upegulated in endoderm
and its expression level decline later in the differentiation prét®sslow miR-375 participated in the
endoderm differentiation process is not very clear.

Our combined bioinformatics analysis and mathé&mahimodeling suggest that the two enzymes
antagonize each other. This miRNA mediated antagonization, which leads to either bistable or sigmoidal
switchtlike behavior in response to differentiation signaling molecules, could function in different ways, as
summarized irFigure4.5. When the extrinsic differentiation signal (AW) is above the threshold, the cell
differentiates into DE, otherwise the steeil cemains selfenewal. The ESC state needs to be delicately
maintained. Accumulating evidences suggest that an ESC cell stochastically transit among subphenotypes
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carrying different competing lineage properties. It is intriguing how an ESC can matetatemness

despite the large fluctuations of competing transcription factor expressions. Our work suggest that
antagonizing enzyme pairs can serve as a noise filter to set a threshold of signal strength on differentiation
initiation, and prevent inadvemt differentiation due to transientifttuations from the Activin AW/nt3a

signaling pathway.

Activin A/ Wnt3a

| Threshold

%l_

miR-375

miR-135a

Threshold

Figure 4.5 A posttranscription level toggle switch may act asnoise filter during the differentiation
processDue toits property of switcHike behavior,the module could filter outxtrinsic noise to help
maintain the ESC setkBneval process (shownrothe leftside of the figure The module may further
integrate the exogenoégtivin A/Wnt3asignals nto theposttranscriptional level regulatory network and
facilitate the hES to DE differentiation (shownnathe rightside of the figure

The present work is the first direct proteomic comparison of hESCs and their differentiation into the
definitive erdoderm by 2BEDIGE proteomics. The 2IDIGE proteomic approach coupled with mass
spectrometry proved to be an effective tool for studying differentiation into the definitive endoderm by

allowing us to identify specific proteins implicated in this procesgatticular, hLnRNP Al and KSRP were
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confirmed to have significant differential expression, suggesting their importance in the differentiation
process and thus highlighting their potential for use as biomarkers during definitive endoderm derivation
from hESCs. Bioinformatics and mathematical modeling further suggested these two proteins as part of a

network motif buffering noises leading to ESC differentiation.

4.5. Model and methods

KSRP: hnRMPAL:
yl:pre-mRNA  x1:pre-mRNA
y . y2 : mRMNA X2 1 mRNA

y3 : protein; X3 i protein;

Y
° o miR-135a (promoted by KSRFP):
° nl: pri-miRNA
n2 : pre-miRMNA
n3 : mature microRMNA;
miR-375 (promoted by hnRNPAL):
S - g M PrmRNA

l m2 : pre-miRNA
m3 : mature microRMA,;
Signal: Activin A and Wnt3a;
Figure 4.6 Identified posttranscriptional regulatory networkFor simplicity, different molecules are
represented by X, y, m, n as illustrated on the right panel. This network is the skigarag.3A.

The posttranscriptional regulatory network we identified is showeigure4.6. RNA binding protein
KSRP and hnRNPA1 could bind to primary microRNA of riiB5a and miR375 respectively and
facilitate the maturation of the microRNA. Meanwhile, it is assumed that the two RNA binding protein
could promote the alternative splicing of thevn mRNA.

The network motishown inFigure4.6 canbe decomposed into 3 modules:

(1) X, Y protein seHactivation: Proteins hnRNPA1 and KSRP are@okvn to facilitate mRNA

alternative splicing events, and hnRNPA1 is known to havespétfing®. Here we assume that KSRP also
binds to its own prenRNA and facilitate the alternative splicing events. Therefore, these two proteins bind

to their own prenRNAs and promote mRNAs matuat, and have sekictivation behavior.
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Here %, X2, X3 represent prenRNA hnRNA1, mRNA hnRNPAL, and protein hnRNPAL; y», y3
represent prenRNA KSRP, mRNA KSRP, and protein KSRR:;xx / ys:y1 represent the enzyme binding
intermediate states; kko, ks, ks represent enzyme binding on/off rates; k3, k6 represent enzymatic reaction

rate; KiansiaioraNd Krransiaionfepresent the mRNA translation rates.

(2) X, Y proteins promote microRNA biogenesiBIRNPAL1 and KSRP are RNA binding proteins.
They ae also well known to bind to pmicroRNAs to facilitate Dicer / Drosha cutting events and promote
the microRNA maturatiod®. Fromin silico predication and experiment report, we get ~150 microRNAs
as potential microRNA targetsf the two proteins***®, Combined with our microRNA microarray
experiment results, we assume that hnRNPA1 binds4miR875 and promotes miB75 biogenesis, and

KSRP binds to primiR135a and promotes miE35a biogenés.

k7 ke
Xg 1+ 1y T—J X4, — My + Xg
»
k10
my —> 1M,
k11 ki3
Y3+ 5= yzn, —> 0y £y
k12
k14
Here m/ n represent prmiR375 / primiR135a, x.m: / ys:n; represent the enzyme binding complex,
my / np represent preniR375 / premiR135a, ma/n; represent miR375 / miR135&, ks, ki1, ki represent

enzyme binding on/off ratesp,kus represent enzymatic reaction rates angldnd k4 are premicroRNA

processing rates to mature microRNA.
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(3) Mutual Inhibition:miR-375 and miR135a silence KSRP and hnRNPAL atfpasscription level.

After the microRNA binds to the mRNA and form microRNA:mRNomplex, the mRNA will be

degraded and the microRNAs will be fully recycled.

r k1s N kdig { T
Nm; +y, = mj3 1y, — ¢ + Nmy,
‘16

k7 i kdag r
Nng + X, = nj X, —> ¢+ Ny
‘18

Here N is the number ofmicroRNA binding sites number on the mRN#ér protein KSRP and
hnRNPAL kis, kis, ki7, kig are enzyme binding on/off rates, dnd Kdo are microRNA:mRNA complex
turnover ratesHere we assumid microRNAs will cooperatively bind to the mRNA target and lead to the
degradation of the mRNAs, all microRNAs are recycled. We do not discuss the intermediate states of the
intermediate state of NN\ bound byl é M microRNA(s) and the degradation resulting from the
intermediate states.

The corresponding rate equations are listed below.

% = koxy + kuy x S/(Kx + 8) — ky * [23] % [11] + ko * [x123] — Kaz, * [241]

Aoz o 2] % [wg] — (b + k) * [2123]

dxz]

P kﬁxg * [Il] + nlu'g * [.I'll'g] — k17 * ['?’13]"\" * [:1,-2] + le * ['?’13][(1”-2} — kd.rg * [21,-2}

d[‘;za] = kptr[wa] —Fpx[xy | [3] 4 (ko +Eg )% [w 23] — Ky g] s« [my |+ (ks ko ) x [w3my | — Kgay 23]
—d[n;fg] = ky7 = [na]) # [wa] — Kis * [naxa] — kago * [na3xs]

% = koy, + kyy * Ky/(Ky +S) — kg * [ys] * [y1] + ks * [y193] — Kay, * [v1]

% = K * [ys] * (1] — (ks + ke) * 1193

% = oy, * (1] + Ko * [y1ys] — ks * [ms]™ * [ya] + ki * [maya] — Kay, * [y2]

JE?] = kyrrs*[y2] —kax[ys]*[y1 |+ (ks +ke ) * [y1ys] — kra# [ys ] *[na ]+ (k12 +Eis) « [ysna | — kay, *[ys]
% = ks % [ms]N * [y2] — k1e * [maya] — karo * [msys]
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% = kom, — k7 * [z3] * [mq] + kg * [wamy] — kg, * [m4]

d[J:;:H] = k? * [1’3} * [T”l] _ (‘!‘-8 + ng) * [ZC3TT'I|]

% = kom, * [m1] + ko x [x3my] — k1o * [ma] — Kam, * [ma]

% = kyg * [ma] — N x kys x [mg|™ x [ya] + N % kig % [maya] — Kams * [ma] + N = kqio * [m3ys]
d[;d = kon, — ki1 k ys * [n4] + kio * [ysna] — g, * [04]

d[ygﬂ = kuy * [ys] * [n1] — (kiz + kuz) * [yzn]

d[;f] = ko, * [n1] + k13 * [yani] — ki = [ng] — kan, * [n2]

,;[;;3] = kg x [na] — N % kyp * [ns]™ = [20] + N * kig * [n3xa] — kg, * 3] + N * kgog * [n324]

Here [ X] denotes the concentration ofTable4l ecul e >

4.6.Parameter robustness and sensitivity analysis

To demonstrate that the model can generate robust bistable behavior, not duetuniritnef
parameters, we performed sensitivity analysis against different parameter selections.
4.6.1.Local Sensitivity Analysis:

We first performed local parameter sensitivity analysis by perturbing each parameter by 15% around
the control parameter set to examine torresponding impact on the bifurcation threshold. Feaqare
4.7, we see that the system still have two bifurcation points. That is, the swhelitreis robust to
parameter variation. Specifically, the bifurcation points are not sensitive to the enzyme binding rates, but

sensitive to the mRNA and miRNA synthesis/degradation rates.
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Figure 4.7 Loca parameter sensitivity of the two bifurcation pointSN1 and SN2 denote saddle node
bifurcation poins on the left and right respectively &igure 4.3B. Blue bar and red bar show the
percentage change of exogenous AW signal in the presence of a 15% decrease and increase of the
parameter value respectively.
4.6.2.Global Sensitivity Analysis:

We used LatinHypercubic sampling to draw 1,000,000 parameter sets from the parameter space as
shown inTable4.1. We run the simulation with 2 differemtitial conditions, X%nY ot and XY on, fOr each

parameter set. After the system reaches a steady state, we consider the syststabés d&md the
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corresponding parameter set as good parameter setstkdxbm T [X] ssxoffvon)™> & Here we use=5. We
finally get around 5,000 good parameter sets.

Since the halfife of MRNA, protein, miRNA are in 280h scal& 5, the parameters regarding the
turnover rate (K1, Kaxz, Kaxa, Kay, Kayz, Kaya, Kam1, Kamz, Kams, Kdni, Kanz, King) are assigned with range of
[0.035 0.35] with the unit of hout (hr?), other parameter ranges are based on these turnover rates. The
concentration wunit i s Table4N shoves thd patameteeranges e used sxthé h o ur

sensitivity analysis.

Table4.1 Parameter description and corresponding control value and uncertainty range

Parameter
Parameters Parameter Descrijon Control Value uncertainty
range
kdxl, kdxz, kdx3 0.09,0.09,0.17
Kays, Kay2, Kays mRNA/miRNA/protein 0.09,0.09,0.17
[0.035, 0.35]
Kama, Kamz, Kams turnover rate 0.035, 0.035, 0.03
kdnl, kdn2, kdn3 0.035, 0.035, 0.03f
MiIRNA:mMRNA complex
K1, Kazo 1,1 [0.035, 0.35]
turnover rate
Basal mRNA transcription
kOxl, kOyl 0.3, 0.2 [O.l, 1]
rate
Basal premRNA processing
Koxa, Koy2 0.05, 0.05 [0.01 0.1]
rate
Kxurs, Kytrs MRNA translation rate 15,15 [0.5-5]
Basal miRNAtranscription
kOml, kOnl 0.6, 0.6 [O.l, 1]
rate
Basal Transition rate from
Koma, Kon2 o , 0.001, 0.001 [0, 0.01]
pri-miRNA to premiRNA
Transition rate from pre
Kio, kia MiRNA processed to 0.5,0.5 [0.1, 1]
mMiRNA
Ki,kz,ks 1,1,1 [0.01, 10]
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Ka,Ks,Ks Enzyme binding on/off rate 1,1,1

k7, ks, Ko (proten x,y bindso pre 0.01, 0.2, 0.01
MRNAS; proten X,y binds tq
K11,Ki2,Ki3 . i 0.01, 0.2, 0.01
pri-miRNAs and miRNA
Kis, ke, kuz,Kis binding rates to mMRNAS) 1,2,1,2
S Signal strength 0-10 [0, 6]
Number ofmiRNA binding
N sites to mMRNAs 3 [1,5]
Kx, Ky Coefficient of signal strengt| 2,2 [0.5, 5]
Kx1, Kyl Coefficient of signal strengt| 0.5,0.2 [0.1, 1]

After we get good parameter sets, we nondimensionalized the data witttalibg, removed the units
of the data and made them comparable. We then performed principal component analysis (PCA).

PCA summarizes variation in the system with uncorrelatedipahcomponents (PCs). From the first
PC up to the last PC, the variance of the parameter space in that direction decreases asFsporen in
48A. Thef i r st sever al PCs specify the direction witt
direction. The | ast several PCs specify the direc
direction. For sensitivity analysis, we mainbok for the stiffest directiortHowever, the PCA analysis
results shown in Figure 4.8A didndt s MWeevalmated i gni f i
the contribution of each parameter to the system based on PCA loading analysis as $tiguva48B.
From the last several columns Eifjure4.8B, we get similar conclusion to the local sensitivity analysis.

The parameters representing mMRNAs/MIRNAs synthesis rates are the most sensitive parameters.
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Varaiation

0 5 10 15 20 25 30 35 40 45 50 15 20 25 30
Principal Component (PC) Principal Component (PC)

A B
Figure 4.8 Global sensitvity Analysis. Panel A demonstrates varniauon or ail the principal components.

Panel B shows the PCA loading factor heatmap for all the parameters. The x axis, from left to right, denotes
PC1, PC2, PC3 up to PC46. The y axis, ftomto bottom denotes Kx, Ky kx1, Kk, ko, Kix1, ks, koxz, Ki7,

Kis, Kixz, Kuirs, Kaxa, Kazo, i1, Ki2, Kis, Kon1, Kan1, Kon2, Kia, Kanz, Kana, Koy, Ky, K, ks, kaya, Ke, Koyz, Kis, Kie, Kayz, Ktrs,

Kays, kirg, k7, Ks, ko, kom1, Kiams, komz kao, kime, kams Each grid represents the parameter coefficient of the
corresponding parameter in that principal component. We use different colors to denote the magnitude of
the principal loading coefficient of each parameter in that direction. The deeper thre tb@ more that

parameter contributes to that principal component.
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4.7.The model could also leads to sigmoidal response under different parameter

selections

40

= hnRNPAI
KHSRP

30

e [*]
=3 th

Protein Expression Level

[

10

Activin A/Wnt3a Signal Strength

Figure 4.9 Sigmoidal transition of the systenUnder different parameter choices, the system can also
demonstrate sigmoidal behavior with the increase of AW signal strength. As the signal strength reaches
certain threshold value, the system jumps into DE State.

Additional research can uncover how thetvo proteins act in the signaling pathways and
developmental processes that regulate differentiation into the definitive endoderm. In the future, this
information may help shape understanding of the underlying differentiation mechanisms and encourage the

development of new derivation strategies for hepatocytes.
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Chapter 5. Mathematical modeling ofthe epithelial-to-mesenchymal

transition

Manuscript in preparation

5.1. Abstract

The epitheliatto-mesenchymal transitiofEMT) is an important biological process during
development, wound healing and cancer metastdisismo r progression is modul
microenvironment, which (as is well known) is typically enriched with inflammatory cytokines. Recently,
several studies hawevealed the crucial roles of inflammatory cytokines in inducing EMT. Cytokige IL
when bound tolL-6 receptor IL-6R) activates the transcription factor STAT3, which demggulates
microRNA-34a (miR34a) and upregulates the expression of Lin28 prateimhibitor of the maturation
of microRNALet-7. miR34a and.et-7 directly inhibit the expression of {6R and IL-6 respectively. These
two doublenegative feedback loops, together wath w o fAnoutual mhibitiors between transcription
factor Snail ad miR34a andranscription factor ZEB1 and microRN200 (miR200), regulate the It6
induced EMT process. We have constructed a mathematical model of these multiple positive feedback
loops, and the model suggests that the signaling network proceedsttwolgtermediate states between
the initial epithelial state and the final mesenchymal state. This model prediction suggests thd#t the IL
pathway contributes ta spectrum of partial EMT states, which possess both epithelial and mesenchymal
features. Fuhermore, Ik6 and TGFb signaling may work synergi s
model analysis demonstrates that for developing more efficacious cancer therapies, it could be of great

clinical importance to fully characterize the dynamic regulationot he ¢ o mp o6sakisz. e TGFb [/ |

5.2.Introduction

Epithelial to mesenchymal transition (EMT) is a central biological process required for fetal
development and wound healinyloreover, dysregulated EMT has been linked to fibrosis, tumor

progression and metasts. During this process, cells lose many epithelial characteristics, e.g. close
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junctiorsto neighbor cells, and gain mesenchymal characteristics, e.g. spindle cell shape, loose cennection
with neighbor cells, which could be reflected and measured l®radenveltknown surface markers, such

as Ecadherin, Ncadherin and \fhentin. During the EMT process;dadherin is downregulated while- N
cadherinand Vimentin are ugegulated.

During the EMT process, at least three cell states couldlizervedan epithelial state (E), a partial
EMT (pEMT) statecharacterizing the intermediate stateda mesenchymal (M) stat&dhe pEMT state is
believed to be connected to stemness and tumor circulation in the bloodstrefwasattracedintensive
attention from thdield recently. Actually accumulating evidences suggest thaintermediatestateis not
a single pEMT state but is composed of multiple intermediate Statésang et al. chracterizedovarian
cancer cell lines into foutifferenttumor categories (E, Intermediate E, Intermediate M, M) according to
EMT genes and cell surface mark€E-cadherin, PCKand Vimentin).. In a recent studytHong et al.
theoreticallyidentified four sates in EMT when they add the newly discovered Ovol2Zi8l mutual
inhibition into earlier models, which they also verified experimenfallhese intermediate statesay
resultfrom crosstalks amondifferent sgnaling pathways aneixistence ofmultiple positive feedback loops
in the regulatory networkMoreover,a new study has shown that cells in different statethe EMT
spectrum respahdifferently to therapeutic regimes, which may provide new drug taimgéte futuré.

There are multiple stimuthat caninduceEMT#, andcytokine interleukin6 (IL-6) is one of ther®.

IL-6 is known to play important roles in immune respéhsictivated STAT3 which is downstream
transciption factor of IL-6 signaling pathwayis found in tumor cells and inflammatory cells, particularly
on the invasive edge of tumétsThis observatiorindicates that IL-6 may povide an autocrinend
paracrinestimulus for the migration and infiltration of inflammatory cEifg

Moreover,eevatedserum IL-:6 concentrations in patierteve beemassociated witkumor progression
and prognosis, anadvanced stages of various cancarsh asnultiple myelomagsophageal squamous
cell carcinomanonsmall cell lung carcinoma, renal cell carcinoma, colorectal cancer, prostate cancer,
breast cancer and ovarian cant¥r IL-6 is also found tbeclosely relatd to cancer patient survival rate
Higher level of circulating IL6 indicates worse survival rate in patients with metastatic breast ancer
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Level of secreted H6 from monayte in patients also predidise survival rate focolorectal carcinoma
and squamous cell carcinoth®.

Over the past decade, cancer immunotherapy hadiiteesivelystudied and appears to be a promising
tool to cure tumor. IL6 signaling pathway, as a pathwiayolved intheimmune responsenay also be a
therapeutic target for differemiancers.Therefore, blocking IE6 signaling (i.e., antliL-6 therapy) is a
potential therapeutic strategy for cancer charzed by pathological H6 overproduction. Preliminary

clinical evidence has shown that antibody targete€l therapyis well toleratecby cancer patients.
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Nature Reviews | Molecular Cell Biology

Figure 5.1: Signaling pathways involved in EMT(from 4).

It is well known thatheT G FIb-6 axisis crucial for tumor thera). Due to the critical nature of the
cytokines, clinical trials havbeen performed to tebiological therapies targetl toward these signaling
molecules. Interestingly, arfiGRb t her api es al one are not sthccessf L
Hence, mechanistic study dif -6 induced EMT and its possible cressa | k  wi t hhep@F b may
improving the treatment efficacy

Previously we have studied the EMT ptegiotedand c a | pr
verified theexistence of aimtermediate pEMT state during the ENMifocessWeuncoveredhat acascade

of two positive feedback loop&SNAIL/mMiR-34a and ZEB1/miRR00) govern the two sequential bistable
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switcheghat regulate the E to pEMANdPEMT to M transition shown in Figure 5223 Recently, Rokavec

et al.8 revealed that one positive feedback loop composed-6RISTAT3/miR34a could promote EMT

in colorectal cancer (CRQEll lines, and suggest&NAIL may be one downstream effector of STATS.

Also, Liu et al. demonstrated that6. si gnal i ng pat hway coul d enhance
activating Smad3 and Smad4, thedesvb r e am e f f e c t o rpathwayf. HefeGNebegia byg nal i n
studying the IL6 induced EMT process, aiming to understiag the linkagebetweeninflammationand

EMT from a systemperspective
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Figure 5.2: Schematic illustration of TGFbiinduced EMT.(A) Three states of EMT. (B) The core
regulatory network of TGHiinduced EMT. The input of the system is exogenous-bBGF wh i ¢ h
inducesSNAILL expressionSNAILL and miR34 participate in a doublenegative feedback loop (17,

18). SNAILL also inhibits itsown expression (36)SNAILL stimulates expression odEB1 and
inhibits expression of mif200. Another similar doublmegative feedback loop is formed between
ZEB1 and miR200 (19 21). Furthermore, miR0O inhibits the autocrine productionof TG ( 1 3 ) ,
forming another feedback loop.-&dherin, an epithelial cell marker, is inhibited ISNAILL and

ZEB1, whereas Ncadherin and vimentin, markers of mesenchymal cells, are promotegiNgy L1

and ZEBl. (C) Different functional roles ofSNAILL and ZEB1 modulesare proposed in the
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fiCascading Bistable SwitcheCBS modef? (blue lines) and/ Ternary Chimera Switclo (TC9Y

modePf® (orange lines) SNAILL and miR34 form a bistable switch (blue line) in the CBS model but

a monostable noise filter (orange line) in the TCS mo@#B1/miR-200 is bistable (blue line) in

the CBS model but tristable (orange line) in the TCS model. (D) The predicted bifurcditignam

of CBS model The thick blue, greenand red lines correspond to E, pEMTand M states,
respectively. The blue and purple arrow lines show how cell fates flip or maintain when the

exogenous TG dose i ncr easReproduced domié.r eases.

5.3.Model and methods

Figure 5.3 gives a schematic diagram of the core regulatory networkéahtluced EMT. Cytokine
IL-6 binds to the cell membrane recepto6IR, which then activates STAT3 to its phosphorylated form.
Dimerized phosphorylated STAT3 (pSTAT3) promotes transcription of SNAIL, ZEB1 and Lin28, and
represses transcription of miiRla al miR-200. miR34a can silence+4R by binding to the F6R mMRNA
30UTR. -bR pSTAT3 &nt miB4a form a double negative feedback loop, shown as module 1 in
Figure 5.3. In our previous studies, we analyzed another two pairs of mutual inhibitiorofotips core
regulatory network of EMT. One mutual inhibition is between SNAIL and-84R, and the other is
between ZEB1 and mi00, shown as module 2 in Figure 5.3. A fourth double negative feedback, which
could lead to the autocrine production of@lis composed of R6/pSTAT3/Lin28 and Let7. The RNA
binding protein Lir28 inhibits the maturation of L&t, while Let7 silences translation of &8 mMRNA,
shown as module 3 in Figure 5.3. We expect that crosstalks among these feedback loops lead to

multistability of the network.
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Figure 5.3: Influencewiring diagram of the gene regulatory network of H6 induced EMT based

on experimental studieslL-6 binds to the IL6 receptor (IL6R) on the cell membranevhichthen
triggers activation ofthe downstream STAT3. Activated STAT3 sem®a transcriptional factor,
which binds to the promoter regions a3NAIL ZEB, Lin-28 and miR34a, activate or repress their
transcription as shown in the diagram. (Orangeraw indicates activation and blue line with a bar
indicates repression). The four proteins in orange promote the EMT process while the three
microRNAs in blue antagonize the process. Yellow icons are extracellular input cytoki®ehid

its receptor IL6R on the cell membrane.

As shown in the previous paragrapgie network can be decomposed into three different modules. The
first oneis the IL-6R/STAT3/miR34a module to dowregulate miR34a and activaBNAIL in turn. The
second onés the core cascade switches regulate@&BWIL/miR-34a andZEB1/miR-200 as westudied
in the previous papers. The third oisethe autocrine module for 6, which stabilize the final cell

phenotypeWe will discuss these three modules in detail below.
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5.3.1.IL -6R/pSTAT3/miR34a feedback loop:

Rokavec et al. find that direct repressionStAIL in DLD-1 (colorectal cancecell line) cells does
notaffect the repression aiiR-34aby IL-6, butdoesreducetheexpression levedf the cell surface marker
E-cadherifi. They postulate thaBNAIL may be one downstream effector of6LSTAT3 pathwayThey
also suggeghat transcription factsiSTAT3 andSNAIL work asan AiOR0logic gatefor repressing miR34a.
Thus, we proposehait animmunerelated EMT undergoea STAT3mediated switch followed by the
cascading switches we demonstrated in the previous papers. Also, in contrast to functioning as a
proportional integrator, the switch could filter out noise and link the immune responses with the EMT
process.
5.3.2.Core mutual inhibitory regulatory motifs of SNAIL /miR-34a andZEB/miR-200

Themutual inhibitionbetween SNAILandmiR-34, andbetween ZEB and mH200 has ben verified
in many publications, and we already study this part in our previous model.
5.3.3.1L -6 autocrine secretionmodule (IL-6/pSTAT3/Lin28/Let-7):

Autocrine of IL-6 can cause multidrug resistance in breast cancet®@lisnd malignant progression
in liver cancet’? It is well documentedhat IL-6 activats NFkB, which in turn activate It6 itself 2%
IL-6 canalso activate Lir28, which downregulateLet-7% Lin-28 can bind to le¥ miRNA precursors,
both primary microRNA prlet-7 and precursor microRNA ptet-7 to inhibit the maturation of Let.
Furthermore, Lir28 can increase the decay of the-mi&@NA32 Let-7 candegradehe mRNAs of IL-6%".
Put all togetherlL -6 promota its own synhesisthrough the I6-Lin-28-Let-7 double negative feedback
loop. In this work, we only consider the sei€tivation of IL-6 throughSTAT3 activate Lin28 pathwayas
shown in Figure 5.3.

We useordinary differential equations (ODES) to motted regulatoy network of each module. Similar
to our model framework i, we employHill equations ad massactionequilibrium equations to model

the system. SpecificallynicroRNA binding sites on their targedse explicitly considered in the model.
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Bifurcation analysis was performed with Oscillftp://sourceforge.net/projects/oscjli8ists of equabns,

parameters and assumptions can be fousdpplementarynaterials.

5.4.Results

5.4.1.IL -6 induced EMT in a sequential manner

We begin the model withouhe IL-6 autocrine loopas shown in Figure 5.4Aigure 5.8 clearly
demonstrates that in 1& induced EMT, hallmark factors tfie E state (hereniR-34a and miR200) are
downregulatedwhile hallmark factors ofheM state (hereSNAIL and ZEB) are upregulated. Similar to
theT G Fibduced EMT IL-6 induced EMT &0 has stepwise activation process. From FigurB,5vé
can see that upon 16 treatment, miFB4a decreaseover the course of 10turs thenSNAIL begins to
increase. With the increment S8NAIL, miR-200 begins to decrease, which lead to the finalgidation
of ZEB. Whenwe only model module 1 and module 2-@Linduced EMT is a reversible process (Figure
5.4C). After the removal of the stimulus 16, the system reverts back to its initial st&text, we want to

find out whether there exists diffetahreshold in the sequential activation process.
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