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Abstract
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Department of Bioengineering

During development, eukaryotic cells undergo a series of state transitions that transform a stem
cell into a diverse set of differentiated progenitors with distinctive biological functions.
Disruption of these processes can drive cancer and autoimmune diseases. Yet it is incompletely
understood what molecular mechanisms lead to maintenance and transition of cellular states and
how scientists can effectively identify these states in novel biological systems. This thesis aims
to address these challenges using hematopoietic cells as a model system. | start by investigating
an epigenetic mechanism controlling activation timing of the fate determining gene Bcl11b
during early T-cell development (Chapter 1). | then explore the potential of such mechanism to
generate diverse temporal schedules and patterns of population size control during development
(Chapter I1). Lastly, I build a machine learning workflow for the discovery and exploration of
phenotypic states and their dynamics from brightfield movies of unmanipulated cells. This
technique is applied to identify phenotypic states in primary patient acute myeloid leukemia stem
cells during differentiation (Chapter I11). This work lays the foundation for further understanding
of how the timing of mammalian gene expression is regulated. Finally, it provides a robust

method for recognizing important cellular phenotypes associated with development and disease.
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INTRODUCTION

During development, eukaryotic cells undergo a series of state transitions that transform a stem
cell into a diverse set of differentiated progenitors with distinctive functions. Disruption of this
process underlies various disorders such as cancer and autoimmune diseases. Yet it is
incompletely understood which molecular mechanisms are responsible for the maintenance and
transition of cellular states, and what the implications of such mechanisms are for multicellular
development and function. Furthermore, it remains challenging to identify and monitor cell state
transitions. This is especially true for primary cell populations, as the dynamics can be highly
variable from cell-to-cell.

My thesis aims to address these challenges using hematopoietic cells as a model system. First, |
dissect the molecular mechanisms behind an epigenetic timer controlling the activation timing of
a lineage-specifying gene during early T-cell development. By integrating experiments and
modeling, | describe a switching mechanism which involves active removal of repressive histone
H3K27 trimethylation. This weakens inter-nucleosomal contacts at the Bcl11b locus, leading to
gene decompaction and activation. The mechanism generates gene activation delays that are
independent of cell cycle length and are tunable by both chromatin regulators and transcription
factors. | propose that this division-independent epigenetic switch, with its robust operation over
long timescales and regulatory flexibility, is broadly utilized to control differentiation timing in
multicellular eukaryotes.

| then investigate how this mechanism can be employed to enable developmental population size
control while preserving proportions for different cell types. | show that networks of timed

epigenetic switches robustly uphold complex timetables for gene activation and lineage



specification. Through a series of evolutionary case studies, | present evidence that mutations in
epigenetic switching network can adjust developmental schedules to engender variation in
organism sizes and proportions across species. These findings suggest that epigenetic switching
networks represent central targets through which evolution manufactures diversity in organism

size and form.

Finally, I designed a method for systematic characterization of phenotypic states and their
dynamics from timelapse imaging of unmanipulated cells. This technique is applied profile
morphological state changes in primary leukemic stem cells (LSCs) in acute myeloid leukemia
(AML) during differentiation and drug tolerance. | identified, without human supervision,
distinct morphological states associated with different blood cell types and elucidated important
morphological features underlying these states. | used this technique to analyze the self-renewal
dynamics of leukemic stem cells (LSCs) derived from an acute myeloid leukemia (AML) patient.
Through our analysis, | identified key interpretable morphological features associating with
stemness and differentiation, clustered them into distinctive phenotypic states, and elucidated the
rates of interconversion between these states. These results demonstrate the utility of this method
as a tool for unbiased exploration of cellular morphologies and their dynamics from large, time-

resolved imaging datasets.



CHAPTER I. TUNABLE, DIVISION-INDEPENDENT CONTROL OF DEVELOPMENTAL

TIMING BY AN EPIGENETIC SWITCH

11

INTRODUCTION

During multicellular development, stem and progenitor cells often differentiate many
days and cell divisions after receiving instructive signals. These differentiation delays
must be robust, yet tunable over timescales spanning multiple cell generations, for precise
control over differentiated population sizes. In diverse contexts, cell differentiation delays
are generated by timing mechanisms operating autonomously in single cells. In classic
studies of oligodendrocyte differentiation, precursor cells exposed to signals delayed their
differentiation by up to eight cell divisions, due to a cell-autonomous timing mechanism
(Gao et al., 1997; Temple and Raff, 1986). Such autonomous timing control is seen in
diverse systems, from brain and muscle development to adaptive immunity (Burton et al.,

1999; Heinzel et al., 2017; Otani et al., 2016).

While timing delays in some embryonic systems are generated by mechanisms that count
cell divisions (Amodeo et al., 2015; Newport and Kirschner, 1982), differentiation delays
during later vertebrate development or in adult stem cells are often uncoupled from cell
cycle progression, such that changes to rates of cell division do not affect delay duration
(Burton et al., 1999; Gao et al., 1997; Heinzel et al., 2017; Li et al., 2019; Okamoto et al.,

2016; Osmond, 1991; Otani et al., 2016). A mechanism for setting the elapsed time to



differentiation apart from cell division could provide functional advantages to cells,
including operation in non-dividing cells and an ability to modulate cell expansion while
maintaining a constant temporal schedule for differentiation. However, it is unknown

how division-independent timing control is implemented on a molecular level.

Polycomb repressive mechanisms, involving histone H3 lysine-27 trimethylation
(H3K27me3), are important for differentiation timing control. H3K27me3 modifications
are often found at the loci of lineage-specifying genes in stem cells, where they restrain
the expression of these genes and resultant differentiation (Boyer et al., 2006; Lee et al.,
2006). During differentiation, instructive signals activate transcription factors that bind to
lineage-specifying genes and initiate H3K27me3 removal. However, while transcription
factors usually bind rapidly upon signal exposure within minutes, H3K27me3 loss and
gene activation often occur much more slowly, such that gene loci can heritably maintain
a silent state over multiple cell generations prior to activation (Berry et al., 2017,
Kaikkonen et al., 2013; Mayran et al., 2018). In a prevailing view, this epigenetic
maintenance of the silent state before activation results from the passive dilution of
H3K27me3 modified histones through serial cell division (Gaydos et al., 2014; Jadhav et
al., 2020; Sun et al., 2014). However, while passive dilution mechanisms can delay
differentiation over multiple cell divisions, these delays would depend on cell cycle
duration and be inconsistent with the division-independent timers found in vertebrates.
Alternatively, H3K27me3 loss may be actively controlled by the opposing PRC2
methyltransferase and Kdme6a/b demethylase activities (Li et al., 2014; Park et al., 2014;

Seenundun et al., 2010). However, it is unclear whether such active mechanisms could



generate differentiation delays spanning many cell divisions and whether these delays

could be both tunable and cell-division independent.

To address these questions, we investigated the mechanism of a time-delayed epigenetic
switch controlling the activation of Bcl11b, a transcription factor essential for T cell
lineage commitment and identity (Hosokawa et al., 2018; Ikawa et al., 2010; Li et al.,
2010) (Figure 1A). Inearly T cell progenitors, Notch signals activate Bcl11b, both
directly (Ikawa et al., 2010; Li et al., 2010) and indirectly, by activating its upstream
regulators Gata3 and TCF-1 (Garcia-Ojeda et al., 2013; Germar et al., 2011; Zhou et al.,
2019). However, while these upstream regulators become active shortly after thymic
entry, Bcl11b activation and T cell lineage commitment occur ~5-10 days later, during
which progenitors proliferate a thousand-fold (Manesso et al., 2012; Porritt et al., 2003;
Zhou et al., 2019). Using a dual-allele Bcl11b reporter strain, where each endogenous
gene copy is tagged with distinguishable fluorescent protein reporters (Ng et al., 2018),
we found that this long delay in Bcl11b activation arises partly because of an epigenetic
switch acting at individual Bcl11b loci, in cis. This epigenetic switch activates
probabilistically, with a multi-day time constant that is controlled by Gata3 and TCF-1
(Kueh et al., 2016), together with a distal enhancer to which these factors bind (Ng et al.,
2018). However, our previous studies did not clarify the mechanism of the timed
epigenetic switch itself or its basis for generating controllable timing delays in gene

activation. We address these outstanding questions here.



1.2

A TIMED EPIGENETIC SWITCH DELAYS BCL11B ACTIVATION AND T CELL

LINEAGE COMMITMENT

The dual-allelic Bcll1b reporter system we previously described provides a unique tool
to resolve epigenetic switching dynamics in living cells (Ng et al., 2018). To study the
cis- epigenetic event controlling Bcl11b activation timing in isolation from other events
occurring in trans, we analyzed Bcl11b locus activation dynamics in progenitors that
already have one Bcl11b allele active and must therefore contain all trans-factors
necessary for expression (Figure 1.1B). Using fluorescence-activated cell sorting
(FACS), we purified monoallelic expressing Bcl11b DN2 progenitors from dual-allelic
reporter mice (RFP+/YFP- or RFP-/YFP+) and analyzed the activation of the silent allele
by co-culture with OP9-DL1 cells, an in vitro system that recapitulates early transitions in
T-cell development (Holmes and Zuniga-Pflucker, 2009). In agreement with previous
work (Ng et al., 2018), inactive Bcl11b alleles turned on after a long time delay, such that
the fraction of expressing cells increased progressively over the course of five days
(Figure 1.1C-D). Activation kinetics were similar for both YFP and RFP alleles (k =
0.025 +/- 0.005 hrs™* for YFP allele and k = 0.034 +/- 0.009 hrs™ for RFP allele) and were
well-described by a single exponential curve, consistent with activation being controlled

by a single stochastic event occurring with equal likelihood at each allele.
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Figure 1.1. A timed epigenetic switch delays Bcl11b activation and T cell lineage
commitment. (A) Schematic of early T cell development. Delayed activation of the T



1.3

cell commitment transription factor, Bcl11b, enables early progenitor expansion. (B)
Dual-allelic Bcl11b reporter mouse (top), along with flow cytometry plot showing levels
of each Bcl11b allele in DN2 progenitors (bottom left), along with strategy to purify
monoallelic progenitors for live-cell analysis of timed epigenetic switch timing, Keis. (C-
D) DN2 monoallelic progenitors were purified by cell sorting, cultured on OP9-DL1
feeders with 5 ng/mL IL-7 and FIt3L, and analyzed by flow cytometry at the indicated
timepoints. Mean values and 95% confidence intervals are plotted for n = 3 independent
experiments. Curves represent fits to the equation y = F(1-e*!), where F is the final
percentage of cells positive for assayed allele (represented by the dotted grey lines); k =
0.025 hrs™ +/- 0.005 for Bcl11b-YFP and k = 0.034 hrs +/- 0.009 for Bcl11b-RFP.

H3K27ME3 MODIFICATIONS TUNE BCL11B ACTIVATION TIMING

The repressive histone modification H3K27me3 is highly enriched at silent Bcl11b loci in
hematopoietic progenitor cells but not in committed T-cells, where Bcl11b is expressed
(Zhang et al., 2012); thus, its removal could regulate the epigenetic event controlling
Bclllb activation timing. To test this possibility, we first determined whether
H3K27me3 marks are removed from the Bcl11b locus at the same time it turns on. To
pinpoint when H3K27me3 loss occurs relative to locus activation, we measured
H3K27me3 levels in three populations having different numbers of active Bcl11b alleles:
hematopoietic progenitors from bone marrow, which have both Bcl11b alleles inactive;
monoallelic Bcl11b expressing DN2 progenitors; and biallelic Bcl11b expressing DN2
progenitors. We employed CUT&RUN, a nuclease-based method for mapping DNA-
protein complexes that can be combined with spike-in controls to provide quantitative
readouts of H3K27me3 genomic abundance comparable across samples (Skene et al.,
2018). If H3K27me3 marks are removed concurrently with Bcl11b activation, but not

any sooner or later, we would expect H3K27me3 levels in monoallelic DN2 progenitors



to fall to approximately half of the initial levels found in HSPCs and to approximately
zero in biallelic DN2 progenitors. In bone marrow progenitors, where both Bcl11b
alleles are inactive, there was an abundance of H3K27me3 across the 5° end of Bcll1b
(Figure 1.2A, yellow shaded region). These broad H3K27me3 peaks were roughly
halved in monoallelic Bcl11b expressing cells and were almost completely absent in
Bcll1b biallelic cells (Figure 1.2A). While these results suggest that removal of the
repressive H3K27me3 modification from the Bcl11b locus occurs concurrently with gene

activation, it remains unclear if H3K27me3 removal is the cause of activation.

H3K27me3 loss may control the timing of Bcl11b activation; alternatively, it may simply
be a consequence of gene activation, due to clearance of methylated nucleosomes by
active transcription (Hosogane et al., 2016; Kraushaar et al., 2013). To determine
whether H3K27me3 modifications play a causal role in controlling Bcl11b activation
timing, we cultured monoallelic Bcl11b expressing DN2 progenitors with small
molecule inhibitors targeting H3K27me3-modifying enzymes, and analyzed the effects
on activation of the silent Bcl11b allele. These inhibitors, which target either the PRC2
methyltransferase subunit Ezh2 (UNC1999, 3 uM) or the H3K27 demethylases Kdm6a/b
(GSK-J4, 3 uM) (Figure 1.2B), resulted in a ~40% increase and ~60% decrease,
respectively, in H3K27me3 abundance at the Bcl11b promoter in Belllb monoallelic
cells (Figure 1.2C), indicating that they indeed modulate H3K27me3 levels at inactive

Bcl11b loci.

To determine whether H3K27me3 levels regulate Bcl11b activation timing, we assayed



Bcll1b reporter expression by flow cytometry over the course of four days. In the
absence of any inhibitors, the silent Bcl11b alleles in monoallelic progenitors activated at
an average rate of 0.022 hrs and 0.019 hrs™* for YFP and RFP alleles, respectively
(Figure 1.2D-F). Kdm6a/b demethylase inhibition decreased the activation rate for each
silent allele in graded manner (27% reduction in YFP activation rate, p = 5.9 x 10*; 32%
reduction in RFP activation rate, p = 5.9 x 10-%). Conversely, Ezh2 inhibition increased
the activation rate for each silent allele (41% increase in YFP activation rate, p = 3.4x10-
5: 58% increase in RFP activation rate p = 1.5 x10°%). Similar graded decreases or
increases in Bcll1b activation probabilities were observed for another structurally
unrelated Kdm6a/b inhibitor, 10X-1, and other Ezh2 inhibitors GSK-126 and GSK-343
(Figure S1.1A), arguing against off-target effects of the inhibitors. Furthermore, short
hairpin RNA mediated knock-down of another essential PRC2 subunit, Eed, significantly
increased the activation rate of silent Bcl11b alleles, arguing against non-specific
pharmacological effects. Notably, all H3K27me3 perturbations tested affected Bcl11b in
a graded manner, indicating that these modifications exert tunable control over activation
rates. Furthermore, none of these perturbations affected Bcl11b expression levels after
activation (Figure S1.1A) nor did they have any differential effect on apoptosis frequency
among different populations (Figure S1.1B), indicating a specific role of these
modifications in controlling gene activation timing. Taken together, these results show
that the time constant for Bcl11b activation is tunably set by the balance between PRC2

and Kdm6a/b demethylase activities at the gene locus.
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Figure 1.2: Histone H3K27me3 modifications tunably control epigenetic switch
timing. (A) H3K27me3 distributions were profiled by CUT&RUN in Lin- bone marrow
progenitors (HSPCs), as well as purified DN2 monoallellic and biallelic Bcl11b
expressing cells with UCSC Genome Browser tracks showing H3K27me3 densities at
Bclllb, as well as at Ebfl, a B cell regulator that is repressed during T cell development.
Relative read densities of shaded areas are shown. H3K27ac levels in thymocytes,
obtained from a previ-ous study (Davis et al., 2018; Accession: ENCSRO00CCH), are
shown. Data are representative of two independent experiments. (B) Schematic depicting
inhibiton of H3K27 demethylases Kdm6a/b or H3K27 methyltransferase PRC2. (C) DN2
monoallelic progenitors treated with the indicated inhibitors were sorted for anti-
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H3K27me3 CUT&RUN followed by gPCR at the Bcl11b promoter. Mean values are
presented with n = 3 experimental replicates (two-sample t-test, one-tailed: * p < 0.05,
*** < 0.001). (D) Purified DN2 monoallelic cells were recultured with the indicated
inhibitors over the course of 4 days and analyzed by flow cytometry. Histograms show
results from one representative experiment. (E-F, left) Mean activation percentages and
95% confidence intervals are plotted with curves representing fits to the equation y =
F(1-e™Y), where F = maximum percentage of cells positive for assayed allele (represented
by the dotted grey lines). (E-F, right) Mean rate constants, k, with 95% confidence
intervals (two-sample t-test, one-tailed: ** p < 0.01, *** p<0.001; n = 4-6 independent
experiments).
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Supplementary Figure S1.1. Perturbation of activation timing of Bcl11b by small
molecules affecting epigenetics modifiers. (A) DN2 Bcl11bRFP+YFP- monoallelic
cells were sorted, re-cultured in the presence of different small molecule inhibitors and
analyzed by flow cytometry 3 days later. Structurally unrelated inhibitors show similar
effects of decreaseing or increasing Bcl11b activation probabilities as observed in Figure
2E-F (left). All histograms show that while the perturba-tions affect the all-or-none
activation probability for the initially inactive alleles (top), the pertubations have no
effect on the expression maintenance nor magnitude of the initially active alleles
(bottom). (B) Mean percentage of cells remaining Bcll1lb YFP-negative (n = independent
experiments, *p < 0.05, **p < 0.01, two-sample t-test, two-tailed). (C) Relative mRNA
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levels of Eed were measured by gPCR. (D) Mean percentage of cells remaining YFP-
negative after DN2 Bcl11bRFP+/YFP- monoallelic cells were transduced with retroviral
constructs and recultured for 3 days (two-sample t-test, one-tailed, **p <0.01,n =3
independent experiments, error bars = 95% confidence interval). (E) Small molecule
inhibitors have no effect on the frequency of apoptotic cells as measured by Annexin V
staining.

BCL11B ACTIVATION TIMING IS REGULATED INDEPENDENTLY OF CELL

DIVISION

Activation delays of polycomb-repressed genes have been proposed to result from the
passive dilution of H3K27me3 modified histones with cell division (Coleman and Struhl,
2017; Jiang and Berger, 2017; Strome et al., 2014). However, the observed regulation of
Bclllb activation timing by H3K27 demethylases that counteract PRC2-mediated
methylation suggests an alternative mechanism, where gene activation timing may be
regulated independently from cell division (Figure 1.2E). To determine whether Bcl11b
activation timing depends on cell division or not, we accelerated the cell division rate in
DN2 RFP+/YFP- progenitors by transducing them with the proto-oncogene c-Myc, then
used quantitative live-cell imaging to measure the activation kinetics of the silent YFP
allele (Figure 1.3A-B). While a passive dilution mechanism would result in activation
times that increase with the cell division rates, an active mechanism could potentially
allow for activation times to be uncoupled from cell division. As expected, c-Myc
overexpression resulted in a ~two-fold increase in the cell division rate (Figure 1.3C, left;
see also Figures S1.2, Supplementary Table 1.1 and Quantitative and Statistical
Analysis). However, despite accelerating cell division, c-Myc transduction did not

change Bcl11b activation timing, with control and accelerated progenitors activating the
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silent Bcl11b allele with indistinguishable dynamics, and with the same exponential time

constant (~136 hrs, Figure 1.3C, right). Therefore, in contrast to the passive dilution

paradigm, these results show that the epigenetic switch controlling Bcl11b activation

generates time delays in gene activation that are independent of cell division.
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Figure 1.3. Epigenetic switch timing is regulated independently from cell division.
Bcl11bYFP-/RFP+ DN2 progenitors transduced with either a MSCV empty vector (EV)
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or MSCV c-Myc overexpression vector were purified and re-cultured on DL1-retronectin
coated plates and monitored by timelapse imaging. (A) Timelapse images show
brightfield (BF) and YFP fluorescence of progenitors. White boundaries show automated
cell segmentation. Numbers show elapsed time in hours. (B, left) Time evolution of live
and dead cell numbers from one representative imaging experiment. Data was fitted to
population dynamics as modeled in Figure S2. (B, right) Mean and standard deviation of
cell division rates (n = 3 independent experiments, two-sample t-test, one-tailed, * p <
0.025). (C, left) Fraction of cells Bc11b YFP+ over time for one representative
experiment. (C, right) Mean and standard deviation of Bcl11b YFP activation rates (n = 3
independent experiments, two-sample t-test, one-tailed, n.s. not significant).
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1.5

timing at a single cell level using live imaging. (A) Cyan fluorescent protein (CFP)
signals from transduced cells are used for segmentation of individual cells. Segmented
populations were analyzed using imaging processing tools in MATLAB, and specific
features such as object area, perimeter, and CFP intensity were collected. Approximately
10% of the total individual cells were then manually labeled as live or dead and fed into
classification tree machine learning algorithm to generate a classification model. The rest
of segmented cells are classified subsequently via the trained model. (B) Mathematical
model describing the population dynamics of Bcl11bRFP+/YFP- cells transduced with c-
Myc and empty vector (EV). The model includes a population of live cells (X) with a
birth rate kb and a death rate kd that generates the dead cell population (Y). This
population then has a permanent clearance rate of 9, indicating the process in which CFP
degrades in these cells and the dead cells become undetected. (C) Experimentally
determined decay of dead cells’ detectability in time-lapsed movies. Individual dead cells
were followed until their CFP level completely diminished and was undetectable by the
segmentation algorithm, and the elapsed time was recorded. Thirty different individuals
cells were recorded for each c-Myc and EV populations. Data was fit to an exponential
decay function P(t) = e with & = 0.032 per frame for c-Myc and & = 0.030 for EV for
EV population. (D) Bcl11bRFP+/YFP- transduced with either EV or c-Myc were
recultured on OP9-DL1 stromal monolayers for 3 days before analyzing by flow
cytometry.

chMyc

Live Rate (K] [95% CI Death Rate (k, ) [95% CI Division Rate [k, =K+K,) [95%Cl
Triall  [0.031hrs?  [+0.001 0.034 hrs? +0.001 0.065 hrs! +0.001
Trial2 (0043 hrs? [+ 0.001 0.013 hrs™ +0.000 0.057 hrs? +0.001
Trial3  [0.035hrs? [+ 0.001 0.027 hrs* +0.001 0.089 hrs™? +0.001

EV

Live Rate (K]} |95% C1 Death Rate (k, ) [25% CI Division Rate (k, =K+K,) [95% Cl
Trial 1 0.017 hrs* |+ 0.001 0.028 hrs! +0.001 0.045 hrs +0.001
Trial 2 |0.014 hrs? | 0.001 0.007 hrs™ +0.001 0.027 hrs* +0.001
Trial 3 |0.024 hrs? | 0.001 0.019 hrs? +0.001 0.043 hrs? +0.001

Supplementary Table S1.1. Tabulated doubling (K) and death (ka) rates calculated
from data fitting of live and dead populations from three independent imaging
experiments. Data was fitted to population dynamics model described in Statistical and
Quantitative Analysis section.

A METHYLATION-COMPACTION MODEL FOR TUNABLE, DIVISION-

INDEPENDENT TIMING CONTROL

17



The molecular mechanism underlying the timed Bcl11b epigenetic switch must account
for its observed emergent properties, namely: 1) its ability to robustly set time delays that
span multiple cell generations; 2) its stochastic nature; 3) its tunability by histone-
modifying enzyme activities; and 4) its cell division independence. To identify
mechanisms with these emergent properties, we analyzed a series of candidate
mechanisms using mathematical modeling. H3K27me3 can bind PRC2 at an allosteric
site to stimulate its methyltransferase activity (Margueron et al., 2009), a cooperative
mechanism that is thought to maintain repressive H3K27me3 marks across cell division.
Therefore, we first considered a simple model in which individual nucleosomes in a one-
dimensional array undergo H3K27 methylation (catalyzed by the presence of nearby
methylated nucleosomes), demethylation, as well as H3K27me3 loss due to random
nucleosome segregation during DNA replication (Figure 1.4A, left; see Mathematical
Appendix) (Coleman and Struhl, 2017). Similar models have been shown to support
multi-stable histone modification states that are heritable across cell division (Dodd et al.,

2007; Zhang et al., 2014).

From simulations, we found that single loci could switch from a repressed H3K27
methylated state to a demethylated state with stochastic time delays spanning multiple
cell divisions (Figure 1.4A, center). However, in our simulations, the average activation
timing was extremely sensitive to H3K27 methylation levels in the silent state (Figure
1.4B). The sensitivity coefficients far exceeded those derived from experimental data

(methylation-only model s ~14 vs. experimental results s ~ 0.5-1.0 derived from Figures
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1.2C and 1.2F) such that minor changes in methylation levels (~10%) caused dramatic
changes activation timing (~300 fold) (Figure 1.4B). This extreme sensitivity was found
across different length scales of methylation enzyme L action (Figure S1.3A-B), and was
also generally observed in other studies (Dodd et al., 2007; Zhang et al., 2014), indicating
that it represents a general feature of such switching models. By analyzing this system
using a transition state theory framework (see Mathematical Appendix and Figure S1.3B-
C), we found that switching times scale exponentially with methylation or demethylation
rates, thus explaining the observed extreme sensitivity. Thus, models that consider
histone modification dynamics alone are inconsistent with the tunable control of

activation by H3K27me3-modifying enzymes observed experimentally (Figure 1.2C-F).

H3K27me3 modifications repress gene expression by promoting the association of
nucleosomes to form compacted assemblies that are inaccessible to the transcription
machinery. For instance, H3K27me3 recruits the Polycomb Repressive Complex
(PRC1), which can self-interact to form compacted, phase-separated chromatin domains
(Plys et al., 2018; Tatavosian et al., 2018). Therefore, we considered a second model,
where H3K27me3 levels do not directly repress gene transcription per se but promote the
self-association of nucleosomes at the Bcl11b promoter to maintain a compacted, silent
state (Figure 1.4C, left). In addition to methylated and demethylated nucleosomes, this
methylation-compaction (MC) model also incorporates the association and dissociation
of nucleosomes in a compacted assembly. Here, the methylation status of nucleosomes
influences their affinity for each other, with methylated nucleosomes self-associating

with stronger affinity compared to demethylated nucleosomes. We do not explicitly
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model the spatial conformation of the compacted assembly; instead, following a chemical
kinetics framework, we approximate the assembly to be sphere with a minimum nucleus
size, using established approaches to describe self-assembly of cytoskeletal polymers

(Howard, 2001; Mitchison, 1992) (see Mathematical Appendix for details).

From simulations of the methylation-compaction mechanism, we found that the gene
locus can maintain a H3K27 methylated and compacted state for multiple cell divisions
before switching in an all-or-none manner to a decompacted, low-methylation state
(Figure 1.4C, center). As with the methylation-only model, the time delay in switching is
well described by a first-order stochastic process, with a constant probability of activation
per unit time (Figure 1.4D). However, in contrast with the methylation-only model, but
in concordance with our experimental results (Figure 1.2C-F), changing H3K27me3
levels by varying methylation or demethylation rates changed gene activation timing in a
much more graded manner (Figure 1.4B, right; sensitivity coefficient = ~0.6), though it
caused marked changes in H3K27me3 levels prior to activation (Figure 1.4E). This
tunability was robust over different parameter ranges (Figure 1.4B, right), different
degrees of assembly disruption after DNA replication (Figure S1.5), and different degrees
of cooperativity for H3K27 methylation (Figure S1.4). From a transition state theory
analysis (see Mathematical Appendix and Figure S1.3D-E), we identified a critical
requirement for this tunability in activation timing: specifically, nucleosomes must be
able to associate with each other even without H3K27me3 modifications, such that
methylated and de-methylated nucleosomes can associate with each other with

comparable affinities. Consistent with this idea, there are multiple mechanisms for
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nucleosomal interactions that work independently of H3K27me3 modifications: PRC1
and other heterochromatin-associated proteins can bind nucleosomes independently of
H3K27me3 (Francis et al., 2004; Gibson et al., 2019; Larson et al., 2017; Sanulli et al.,
2019; Strom et al., 2017); furthermore, nucleosomes themselves can also bind directly

with each other through histone-tail dependent interactions (Gibson et al., 2019).

As the Bcl11b epigenetic switch activated with timing delays that were unaffected by cell
cycle speed changes (Figure 1.3), we tested whether the methylation-compaction
mechanism also generates activation delays that were cell division-independent. As a
comparison, we analyzed a passive dilution model for H3K27me3 loss and gene
activation, and in both cases varied cell cycle rates and measured effects on activation
times (Figure 1.4F). In agreement with our experimental data, we found that the
methylation-compaction model generates gene activation times that remain relatively
constant amid variable cell cycle lengths ranging from 10-30 hours (Figure 1.4G). This
independence between activation timing and cell cycle duration held even when we
adjusted the model such that DNA replication led to partial disruption of the compacted
nucleosome assembly (Figure S1.5A-E). In contrast, when H3K27me3 is removed due to
passive dilution by DNA replication, activation time delays increase with increasing cell
cycle lengths (Figure 1.4F-G), effectively implementing a cell cycle counting mechanism
for control of activation. Histone methylation and nucleosome compaction dynamics
occur with reported timescales of minutes and seconds (Kristensen et al., 2011; Larson et
al., 2017; Sneeringer et al., 2010), respectively, which are far faster than the typical cell

division rates which range from hours to days. This explains why the epigenetic state
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recovers rapidly after DNA replication as observed in our simulations (Figure 1.4A-B,
right). In agreement with this prediction, we found that the activation timing can be
coupled to cell cycle speed by dramatically reducing histone methylation and

demethylation rates such that they are slower than the cell division rates (Figure S1.5F).

Together, these modeling results clarify how a H3K27me3-dependent epigenetic switch
can give rise to timing delays in gene activation spanning multiple cell divisions, that are
both tunable by chromatin regulators and are cell division independent. First, H3K27me3
loss does not directly result in gene activation, but instead modulates a separate
cooperative process that acts as the gatekeeper for gene transcription. Given recent
insights into how nucleosomes can self-associate to form phase-separated structures
(Gibson et al., 2019), and how this self-association can be modulated by histone tail
modifications and their associated binding proteins (Larson et al., 2017; Strom et al.,
2017), we propose that H3K27me3 loss weakens inter-nucleosomal contacts at the
Bcll1b locus, leading to gene locus decompaction and gene activation. Second, the
compaction process itself must be partially independent from H3K27me3 such that the
compacted nucleosome assembly is maintained and modulated by other chromatin-

associated proteins (Francis et al., 2004; Larson et al., 2017; Strome et al., 2014).
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Figure 1.4. A methylation-compaction mechanism generates tunable, division-
independent time delays in epigenetic switching. Two candidate mechanisms for the
Bcl11b epigenetic switch were analyzed using mathematical modeling, a methyl-ation-
only mechanism (A), and a coupled methylation-compaction mechanism (C-G). (A)
Methylation only model, along with fraction H3K27me3 nucleosomes over time from a
stochastic simulation, inset shows H3K27me3 loss and recovery after DNA replication.
(B) Sensitivity analysis of the methylation-only model (gray) and methylation-
compaction model (red). Simulated H3K27me3 time traces for indicated parameters in
the methylation model (left). Mean simulated activation time as a function of H3K27me3
levels (top right) and calculated sensitivity coefficients for this relationship compared to
that of experimental results (bottom right). (C) The methylation-compaction model, along
with time traces of the fraction of H3K27me3-marked nucleo-somes (top middle), and
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the fraction of nucleosomes in a compacted assembly (bottom middle). Inset (top right)
shows H3K27me3 recovery after cell division. (D) Histogram shows distribution of
activation times, along with fit to the exponential function y = e* with k = 0.012 hr. (G)
H3K27me3 time traces (top) and bar charts (bottom) show impact of simulated PRC2 or
Kdmé6a/b inhibition on initial H3K27me3 levels and mean activation times. Results
represent average of 200 simulations. (F) Representative simulation of methylation
dynamics for cell division dependent (passive dilution) and independent (methylation
compaction) models of gene activation. (G) Mean simulated activation time as a function
of cell cycle length.
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methylation compaction models (A) Mean activation time as a function of the
methylation/demethylation ratio derived from methylation-only model simulations while
decreasing the number of nulceosomes within ‘reach’ of a PRC2 Complex L. (B)
Sensitivity coefficient (AlogX/ AlogY) as a function of L. (C) Potential energy
landscapes of methylation model. (D-E) Potential energy landscapes of the methylation-
compaction model. Parameter F dictates how sensitve nucleosome compaction affinity is
to demethylation (i.e. when F is high, the compaction affinity is only moderately affected
by demethylation; see Mathematical Appendix for more details). The activation energy
barrier (Ea) is defined as the potential energy (V) height between the local maximum and
local minimum of the potential energy landscape. Each potential curve was plotted with
demethylation parameter set to 20 hrs™ and methylation rate parame-ter as indicated by
the curve’s color see Mathematical Appendix).
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Supplementary Figure S1.4. Methylation compaction model with cooperative
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methylation rate (A, top) Methylation model enables gene activation via complete
eviction of methylation marks. (A, bottom) Methylation compaction model with
cooperative methylation rate. A nucleosome's methylation rate increases with the number
of methylated nucleosomes in the system. (B) Average switching time as function of
methylation (B) and demethylation rate (a) ratio for methylation (black) and methylation
compaction models (red). Sensitivity coefficient AlogX/AlogY) for each plot was
calculated by taking the slope of the linear fit y = ax + b for the methylation dataset and
the last 5 data points for the methylation compaction model.
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Supplementary Figure S1.5. Methylation compaction model with assembly
disruption at cell division points. (A) Modified methylation compaction model where
every cell division leads to 50% reduction in methylation state and 10% reduction in
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compaction state. (B-C) Model’s compaction and methylation states as a function of time.
Zoomed in first replication event. (D) Average switching time of the system as a function
of cell cycle length. (E) Average switching time as a function of methylation and
demethylation rate ratio. Tunability coefficient S (AlogX/AlogY) for each plot was
calculated by taking the slope of the linear fit y = ax + b for the methylation dataset. (F)
Fractions of methylation histones are shown for the methylation only model with the cell
division lengths set to be 10 hrs (blue) and 20 hrs (orange). Methylation and
demethylation rates were set to 0.001 per hour (see Mathematical Analysis).

THE BCL11B LOCUS SWITCHES TO AN EXTENDED CONFORMATION WITH

ACTIVATION

Here, we test a key prediction of the methylation-compaction mechanism, described
above, that the Bcll11b locus is compacted prior to activation, but switches to an
extended, decompacted state during activation. To test this prediction, we measured the
end-to-end distances between genomic regions at the Bcl11b locus using DNA
fluorescence in-situ hybridization (FISH), an established approach to estimate the degree
of chromatin compaction at a gene locus (Eskeland et al., 2010; Giorgetti et al., 2015).
For example, a study of the repressed Hoxd gene cluster, a locus that is highly compacted
in stem cells, revealed that the distance between two ends of the gene cluster increased
upon transcriptional activation (Eskeland et al., 2010). We initially utilized a pair of
FISH probe sets flanking the gene body (i.e. at the 5° and 3’ ends of the gene body
separated by 100kb) (Figure 1.5A). However, active promoters can interact with
downstream regions of the gene body through RNA polymerase Il (RNAPII) mediated
contacts (Lee et al., 2015; Zheng et al., 2019), and such interactions are indeed observed
in chromosome conformation capture data for the Bcl11b locus in its active state (Hu et

al., 2018) (Figure S1.6). Therefore, to estimate the degree of compaction independently
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from RNAPII-mediated DNA looping, we also utilized an additional pair of FISH probe
sets flanking a 100kb region upstream from the promoter. This upstream region resides at
the edge of the putative compaction domain that encompasses Bcl11b, and is enriched for
H3K27me3 and H3K9me3 modifications (Figure S1.6). We performed DNA-FISH in
early T cell progenitors (DN1), as well as in DN2 progenitors before or after Bcl11lb
activation (RFP-/YFP- vs. RFP+/YFP+), and measured end-to-end distances for both

regions using three-dimensional imaging.

From these experiments, we found that Bcl11b upstream region showed similar end-to-
end distances in DN1 and Bcl11b RFP-/YFP- DN2 progenitors, consistent with the locus
adopting a similar degree of compaction in both Bcl11b non-expressing populations.
However, in Bcll1lb RFP+/YFP+ progenitors, where Bcll1b first turns on, this end-to-
end distance increased significantly (Mann Whitney U test significance: DN1 (RFP-
/YFP-) vs. DN2 (RFP+/YFP+), p =0.043; DN2 (RFP-/YFP-) vs. DN2 (RFP+/YFP+), p
=0.035), consistent with the Bcl11b locus switching to an extended conformation. In
contrast, the end-to-end distance of Bcl11b gene body was greatest in DN1 progenitors,
and decreased progressively both before and after transcriptional activation at the DN2
stage (Figure 1.5B, left). This observation is consistent with the formation of RNAPII-
mediated DNA loops within the body that may obscure potential effects of chromatin
decompaction (Hu et al., 2018). However, the results from the Bcl11b upstream region
measurements are consistent with a key prediction of the methylation-compaction model,
namely, that the locus switches from compacted state to an extended, decompacted state

concurrently with transcriptional activation.
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Repressed heterochromatic regions of the genome frequently reside at the nuclear
periphery, where interactions between nuclear lamina proteins and nucleosomes are
thought to facilitate chromatin compaction (van Steensel and Belmont, 2017; Ulianov et
al., 2019). In contrast transcriptionally active regions tend to reside in the nuclear
interior. Therefore, we used our DNA-FISH data to examine whether Bcl11b moves
from the nuclear periphery to the interior as it decompacts and turns on, as suggested
from previous studies (Isoda et al. 2018). Indeed, the distance between the Bcl1lb
promoter and the nuclear periphery was higher in DN2 progenitors expressing Bclllb
compared to those inactive for Bcl11b expression, consistent with a transition from the
nuclear periphery to the interior upon gene activation (Figure 1.5D). This finding, in
conjunction with the observed increase in the end-end distance of the Bcl11b upstream
region, suggests that the Bcl11b locus transitions from a compacted to decompacted state
during transcriptional activation (Figure 1.5E), consistent with a separate cooperative
process working together with H3K27me3 modifications to regulate gene activation

timing.
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Figure 1.5. The Bcl11b locus switches to an extended conformation upon
transcriptional activation. (A) Oligopaint probes span-ning 20kb were designed to
separately label each end of the Bcl11b gene body (3" and 5°) or the upstream region (5’
and U) . (B) Violin plots show the results from 3D Euclidean distance measurements
between each probe pair (Mann Whitney U test significance: *p < 0.05 and ** p <0.01, n
= number of foci pairs). T cell progenitors were sorted based on cell surface markers and
Bcl11b reporter expression (either Belllb OFF (RFP-/YFP-) or Bclllb ON
(RFP+/YFP+)) before performing DNA-FISH with probes above. (C) Repre-sentative
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images for each condition. Centroids for each foci pair shown exist in the same z-plane
and thus provide visual representation of the Euclidean distance (pixel size = 110nm). (D)
Violin plots show the results from 2D measurments between the promoter and the nuclear
periphery (Mann Whitney U test significance: ** p < 0.01, n = number of foci). (E)
Schematic depicting decompaction model. In the OFF state, Bcl11b exists in a compacted
conformation residing at the nuclear lamina. In the ON state, the locus moves away from
the nuclear periphery and becomes decompacted resulting in increased distance between
the promoter, 5°, and the upstream, U, regions. As a result of Polll-mediated loop
extrusion during transcriptional elongation (Zheng et al. 2019), the end-end distance at
the gene body decreases
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Supplementary Figure S1.6. Bcl11lb activation timing in the presence of H3K9me3
small molecule inhibitors. (A) UCSC Genome Browser view of ChIP-seq results for
H3K9me3 (Mouse ENCODE, Ross Hardison), H3K27me3 (Zhang et al., 2012) and Hi-C
representation maps interactions between the Bcl11b TSS and other DNasel
hypersensitivity sites (DHS) in Bcl11b+ DN3-DP T-cell progenitors (Hu et al., 2018). (B)
DNZ2 progenitors, either Bcl11bRFP-/YFP- (top) or Bcl11bRFP-/YFP+ and
Bcl11bRFP+/YFP- (bottom), were purified and re-cultured on OP9-DL1 cells for 3 days
in the presence of OG-L002 or B1X01294 before analyzing reporter expression. (C)
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Relative fraction of progenitors RFP+/YFP+ after 3 days normalized to the respective
DMSO controls.

H3K27ME3-INDEPENDENT REGULATION OF BCL11B EPIGENETIC SWITCH

TIMING

The methylation compaction model predicts that, in order for activation time delays to be
tunable, nucleosomes must retain an ability to self-associate, even without H3K27me3
modification. Methylation of H3K9 (H3K9me2/3) is also associated with repressive
heterochromatin domains and can serve as a binding site for HP1a, which could facilitate
nucleosome adhesion in the absence of H3K27me3 (Poleshko et al., 2013; Sanulli et al.,
2019; Wang et al., 2019). H3K9me3 is enriched at the Bcl11b locus in non-T cell
lineages (Figure S1.6); therefore, we tested whether H3K9 methylation also regulates
Bcll1lb activation timing, and could potentially provide additional nucleosomal
interactions necessary for tunable timing control, as predicted by the model. To do so,
we sorted DN2 progenitors with one active Bcl11b allele (Bcl11lb RFP+YFP- and Bclllb
RFP-YFP+), as above in Figure 1.2, recultured them with inhibitors targeting H3K9me3-
modifying enzymes, and assayed for activation of the Bcl11b locus after three days. We
targeted Lsd1, an H3K9 demethylase, and G9a, an H3K9 methyltransferase. We found
that Lsd1 inhibition dampened Bcl11b activation, decreasing the fraction of Bcl1lb
RFP+/YFP+ cells, whereas G9a inhibition enhanced Bcl11b activation, increasing the
fraction of Bclllb RFP+/YFP+ cells (Figure S1.6). The degree to which H3K9me
inhibition affected Bcl11b activation timing was similar to that for H3K27me inhibition

(Figure 1.2), suggesting that these two repressive modifications may contribute similarly
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to the nucleosomal self-interactions posited in the methylation compaction model. Thus,
as predicted by the methylation-compaction model, other histone modifications work

together with H3K27me3 to modulate the timed epigenetic switch at the Bcl11b locus.

TRANSCRIPTION FACTORS SET TIME DELAYS IN EPIGENETIC SWITCHING

The activation time constant of the Bcl11b epigenetic switch is tunably controlled not
only by chromatin modifying enzymes, but by two transcription factors, Gata3 and TCF-
1, that act via a distal enhancer (Kueh et al., 2016; Ng et al., 2018). These findings are
consistent with a broader literature showing that transcription factors and the number of
their binding sequences can modulate target gene activation probabilities (Dufourt et al.,
2018; Walters et al., 1995; Weintraub, 1988), though it remains unknown how they
achieve such tunable timing control. Here, we tested whether the methylation-
compaction mechanism could integrate information about transcription factor levels to
control activation timing. We first considered a scheme, where transcription factors bind
to free nucleosomes, and block their association with other nucleosomes in the
compacted assembly (Figure 1.6A). Indeed, a class of transcription factors, termed
pioneer factors, can possess affinity to nucleosomes in addition to specific DNA
sequences (Fernandez Garcia et al., 2019; Meers et al., 2019). Such disruption of
compaction could also occur via the activation of gene or non-coding RNA transcription
(Rinn et al., 2007; Tu et al., 2017), or by recruitment of factors that disrupt interactions
between nucleosomes (Kraushaar et al., 2013; Talbert and Henikoff, 2017; Zhou et al.,

2016). In our simulations, we adjusted the number of transcription factor binding sites,

34



each of which occupies a different nucleosome; for each binding site number, we also

varied transcription factor concentrations in the nucleus.

From simulation results, we found that the rate constant for epigenetic switching, which
varies inversely with the activation time delay, varies in a graded manner with both
transcription factor concentration and the number of transcription factor binding sites
(Figure 1.6B). For a given number of binding sites NB, the activation rate increased with
transcription factor concentration until it reached a maximal activation rate Kmax.
Increasing the number of binding sites increased the activation rate in a synergistic
manner, with about a 2.5 fold increase in the maximal activation rate with addition of
each binding site (Figure 1.6B, top right). Interestingly, increasing the number of binding
sites also increased the transcription factor concentration at which half-maximal
activation occurred (Figure 1.6B, bottom right). These findings show that transcription
factors, when binding to multiple nucleosomes to prevent their self-association, can
tunably control the timing of gene activation as controlled by a methylation-compaction

mechanism.

Besides blocking nucleosomal interactions, transcription factors could also promote
activation by inducing histone demethylation. Histone demethylation could occur by
direct recruitment of Kdm6a/b demethylases (Estaras et al., 2013; Seenundun et al., 2010;
Williams et al., 2014), or through PRC2 eviction by chromatin-remodeling enzymes
(Kadoch et al., 2017). Therefore, we considered a mechanism, where transcription

factors induce the demethylation of a fixed number of nucleosomes NR around their
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binding vicinity. In simulations, we varied both this number of nucleosomes reached and

transcription factor levels, and measured resultant effects on epigenetic switching rate.

From simulations, we found that transcription factors can control activation rates, but
only if they induced demethylation of a relatively large number of nucleosomes (Figure
1.6C-D). When only five nucleosomes were accessible to a bound transcription factor,
activation rates shifted only slightly when transcription factor levels increased (Figure
1.6D); in contrast, when twenty-five nucleosomes were accessible, activation rates now
increased by over five-fold (Figure 1.6D). Taken together, these results show that
transcription factors can alter chromatin modifications or compaction states to control

switching times in the methylation-compaction model.
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Figure 1.6. Transcription factors can tunably modulate epigenetic switching time
delays set by a methylation compaction mechanism . (A) Model in which transcription
factors can prevent a number of nucleosomes (NB) from entering the compacted
assembly. (B) Mean simulated gene activation rate as a function transcription factor
concentration (left). Maximal activation rate (kmax) and half-maximal concentration (k)
as a function of the number of nucleosomes bound (NB) (right). (C) Model in which
transcription factors can recruit demethylases to a number of nucleosomes (NR). (D)
Mean simulated gene activation rate as a function of transcription factor concentration.
mean activation rate (hrs) TF demethylase NB ki [TF] activation rate Kmax

1.9 METHODS

1.9.1. EXPERIMENTAL TECHNIQUES
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Cell purification

To isolate hematopoietic stem and progenitor cells (HSPCs) for in vitro differentiation or
CUT&RUN experiments, bone marrow cells were harvested from femurs and tibias of 2
to 4 month-old Bcl11bRFP/YFP mice. CD117 MicroBeads (Miltenyi Biotec) were used
to enrich for HPSCs which were frozen in 90% FBS and 10% DMSO at 106 cells/mL.
For CUT&RUN experiments, HPSCs were further purified by staining with anti-CD117
APC-eFluor780 (ThermoFisher Scientific) and with biotinylated antibodies against a
panel of bone marrow lineage markers (CD19, CD11b, CD11c¢, NK.1.1, Ter119, CD3¢,
Gr-1 and B220 (BioLegend)). Cells were then washed with HBH (Hank Balanced Salt
Solution (HBSS) with 0.1% bovine serum albumin (BSA) and 10mM HEPES) and

stained with streptavidin-PerCP/Cy5.5 (BioLegend).

In vitro Differentiation of T cell Progenitors

To generate double-negative (DN) T cells in vitro, thawed CD117+ cells were cultured
on OP9-DL1 stromal cell monolayers as described before using standard culture medium
[80% oMEM (Gibco), 20% Fetal Bovine Serum (Sigma-Aldrich), Pen-Strep-Glutamine
(Gibco)], grown at 37°C in 5% CO2 conditions]. All in vitro T cell generation cultures
were supplemented with 5ng/mL FIt3-L and 5 ng/mL IL-7 (Peprotech), and were sorted
after 6 or 7 total days of culture before transducing with retroviral vectors or treating with
small molecule inhibitors. DN2 cells were re-cultured in the same conditions following

all cell sorting experiments.
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Flow Cytometry and Cell Sorting

Fluorescence activated cell sorting was used to isolate DN2 cells of interest with the
following protocol. Bone marrow derived cell cultures were scraped and incubated in
2.4G2 Fc blocking solution and stained with anti-CD25 APC-eFluor 780 (Clone PC61.5,
eBioscience) and with biotinylated antibodies against a panel of lineage markers (CD19,
CDI11b, CDI11c, NK.1.1, Ter119, CD3¢, Gr-1 and B220 (BioLegend)). Stained cells were
washed with HBH (Hank Balanced Salt Solution (HBSS) with 0.1% bovine serum
albumin (BSA) and 10mM HEPES and stained with streptavidin-PerCP/Cy5.5
(BioLegend). Stained cells were washed, resuspended in HBH, and filtered through a 40-
um nylon mesh for sorting with a BD FACS Aria Il (BD Biosciences) with assistance
from the University of Washington Pathology Flow Cytometry Core Facility. A benchtop
MacsQuant VYB flow cytometer (Miltenyi Biotec) and a benchtop Attune Nxt Flow
Cytometer (ThermoFisher Scientific) were used to analyze time course and perturbation

experiments and acquired data were analyzed with FlowJo software (Tree Star).

Retroviral construct and transduction

Overexpression of c-Myc was achieved using cMyc H2B-mCerulean MSCV retroviral
vector which was described previously(Kueh et al., 2016). Retroviral mir30-based
constructs (a gift from J. Zuber) were used as a backbone for delivering short hairpin
RNA (shRNA)(Fellmann et al., 2013). pPBAD-mTagBFP2 (a gift from V. Verkhusha,
Addgene plasmid #34632) was used to substitute mTagBFP2 for the existing GFP using

PCR cloning with the restriction enzymes Ncol and Sall. The RetroE-shEed retroviral
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construct was generated by PCR cloning as previously described(Fellmann et al., 2013)

with the following PCR template:

TGCTGTTGACAGTGAGCGAAGGCATTATAAGAATAATTAATAGTGAAGCCA

CAGATGTATTAATTATTCTTATAATGCCTCTGCCTACTGCCTCGGA.

Retroviral particles were generated using the Phoenix-Eco packaging cell line as
previously described(Kueh et al., 2016). Viral supernatants were collected at 2 and 3 days
after transfection and immediately frozen at -800C. To infect bone marrow derived T cell
progenitors, 33 ug/mL retronectin (Clontech) and 2.67 pg/mL of DL1-extracellular
domain fused to human IgG1 Fc protein (a gift from 1. Bernstein) were added in a volume
of 250 pL per well in 24-well tissue culture plates (Costar, Corning) and incubated
overnight. Viral supernatants were added the next day into coated wells and centrifuged
at 2000 rcf for 2 hours at 320C. Bone marrow derived derived T cell progenitors used for
viral transduction were cultured for 6-7 days according to conditions described above,
disaggregated, filtered through a 40-um nylon mesh, and 106 cells were transferred onto
each retronectin/DL1-coated virus-bound well supplemented with 5 ng/mL SCF

(Peprotech), 5 ng/mL FIt3-L, and 5 ng/mL IL-7.

CUT&RUN H3K27me3 profiling
CUT&RUN experiments were carried out as previously described28 with the following
modifications: 1-2.5x105 cells were isolated by FACS as described in sections above,

bound to Concanavalin A coated magnetic beads (Bangs Laboratories), and

40



permeabilized with 0.025% (wt/vol) digitonin. Permeabilized cells were incubated
overnight at 40C with 5ug of anti-H3K27me3 (Active Motif 39156) and then washed
before incubating with protein A-MNase fusion protein (a gift from S. Henikoff) for 15
minutes at room temperature. After washing, cells were incubated in CaCl2 to induce
MNase cleavage activity for 30 minutes at 00C. The reaction was stopped with 2XSTOP
buffer (200 mM NaCl, 20 mM EDTA, 4 mM EGTA, 50 mg/mL RNase A and 40 mg/mL
glycogen) with 2pg of yeast spike-in DNA per sample. Histone-DNA complexes were
isolated from insoluble nuclear chromatin by centrifugation and DNA was extracted with
a NucleoSpin PCR Clean-up kit (Macherey-Nagel). For CUT&RUN quantitative PCR,
human Kasumi-1 cell line (ATCC CRL-2724™) were added before binding the cells to

Concanavalin A beads for internal standard instead of yeast spike-in DNA.

CUT&RUN Library Preparation and Sequencing

Library preparation from CUT&RUN products was completed with KAPA Hyper Prep
Kit (KAPA Biosystems) following standard protocol with PCR amplification settings
adjusted so that annealing and extension steps are combined into one step at 600C for
10s. Library products were size selected to be within 200 - 300 bp range using AMPure
beads (Agencourt). Libraries were sequenced using an lllumina MiSeq system with
paired-end 25 bp sequencing read length and TruSeq primer standard for approximately 5

millions reads per sample.

CUT&RUN sequencing analysis

Paired-end sequencing reads were aligned separately to mouse (NCBI37/mm9) and yeast

41



(SacCer_Apr2011/sacCer3) genomes using Bowtie2 (Langmead and Salzberg, 2012)
with the following setting: --local --very-sensitive-local --no-unal --no-mixed --no-
discordant -1 10 -X 700 as suggested for mapping CUT&RUN sequencing data (Skene et
al., 2018). The alignment setting was designed to specifically search with high stringency
for only appropriately paired reads with the proper orientation. The resulting alignments
were converted to BAM files with SAMtools (Li et al., 2009) and then converted to BED
files with BEDTools. Reads were sorted and filtered to remove random chromosomes.
BEDTools genomecov was used to generate histograms for the mapped reads using a
scaling factor that is the product of the number of spiked-in yeast reads and the number of
input cells. The resulting bedGraph files were visualized using the UCSC Genome

Browser (Davis et al., 2018; Kent et al.).

CUT&RUN gPCR

Extracted DNA from CUT&RUN samples was size selected with Ampure XP magnetic
beads (Beckman Coulter) to remove fragments >800bp. Primers were designed to detect
the the mouse Bcll1b promoter (F - TCCACCTACCAGACCCCGAA, R -
CTTCTTCAAAGTGCTTGGCCTC) and the human PAX5 promoter (F -
CCAGGATGTGCTGCTGTCCCAG, R - CTCCCTGGTGCTGTGCACTGA). PowerUp
SYBR Green Master Mix (ThermoFisher Scientific) and CFX96 Real-Time PCR
Detection System (Bio-Rad) were used for quantitative PCR. Since Kasumi-1 cells were
used as internal standard, relative enrichment of H3K27me3 at Bcl11b was quantified by
the AACq method using the human PAXS promoter for normalization to account for

differences in efficiency and sample loss during processing.
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Cell Preparation for Time-lapse Imaging

T cell progenitors underwent in vitro differentiation protocol as described above. Cells
were then harvested and infected with either a MSCV empty vector or cMyc
overexpression vector harboring an IRES-H2B-mCerulean reporter cassette. 16-24 hours
later CFP-positive cells were purified by FACS and seeded onto PDMS micromesh (250
um hole diameter, Microsurface) mounted on top of 24-well glass bottom plate
(MatTeck). To prepare the stromal-free differentiation system, the top face of PDMS
micromesh was first blocked by incubating in solution of 130 pg/ml BSA while mounted
on top of a 24-well plate overnight at 40C. This step prevents subsequent binding of
retronectin to the side of the meshm, allowing the cells to climb out of the microwells.
Blocked micromesh was then transferred to a clean 24-well glass bottom plate. The well
and mesh constructs were incubated in a solution of 10 pg/ml retronection and 3 pg/ml
DL-1 overnight at 40C. The well was then washed with PBS, and culture media [80%
oaMEM (Gibco), 20% Fetal Bovine Serum (Sigma-Aldrich), Pen-Strep-Glutamine
(Gibco), 5 ng/ml IL-7 (Clonetech), 5 ng/ml Flt-3 (Clonetech), 50 ng/ml mSCF
(Clonetech), 50 uM beta-mercaptoethanol (Sigma) grown at 370C in 5% CO2 conditions]
was added, and sorted cells were introduced at a concentration of 5-10 cells per

microwell.

OligoDNA-PAINT FISH
The OligoMiner pipeline was used to design oligopaint libraries (Beliveau et al., 2018).

35-52bp probes were designed to target 20kb regions at a density of approximately 12-14
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probes per kilobase. Bone marrow progenitors were grown on OP9-DL1 stromal cells for
8 days under normal growth conditions. Cells were filtered through a 70uM filter and
incubated with 2.4G2 blocking buffer before staining with anti-CD25 APC-eFluor 780
(Clone PC61.5, eBioscience), anti-CD117 APC (Clone 2B8, ThermoFisher), and
biotinylated antibodies against a panel of lineage markers (CD19, CD11b, CD11c,
NK.1.1, Ter119, CD3¢, Gr-1 and B220 (BioLegend)). DN1 progenitors
(CD25+/CD117hi/CD44-/Bcl11b RFP-YFP-), DN2a progenitors (CD25+/CD44+/Bcl11b
RFP-YFP-) and DN2b progenitors (CD25+/CD44+/Bcl11b RFP+YFP+) were purified by
FACS and centrifuged on top of poly-L-lysine coated 18-well chambered glass coverslips
(Ibidi). Cells were then fixed with 4% paraformaldehyde for 10 minutes and
permeabilized for 10 minutes in 0.1% TritonX-100 before performing the OligpDNA-
PAINT protocol (Beliveau et al., 2017). Permeabilized cells were incubated in 0.1N HCI
for 5 minutes, followed by RNaseA (100ug/m) for 1 hour at 37C. Cells were then washed
with 2X SSCT and incubated with 2XSCCT/50% formamide for 20 minutes at 60C. A
hybridization mixture was prepared containing 50% formamide, 2XSCC, 0.1% Tween-
20, 300mM sodium azide, 10% dextran sulfate, 100nM of adapter oligos, 100nM of
fluorescently labeled reporter oligos, and 500nM of probes. The hybridization mixture
was added and incubated for 3 minutes at 78C before incubating overnight in a
humidifier chamber at 37C. Approximately 18 hours later, cells were washed with pre-
heated 2XSCCT for 5 minutes at 60C. This step was repeated four times before
performing the final wash at room temperature. Cells were then stained with 10ug/mL
Hoechst 33342 (ThermoFisher) for 15 minutes before washing with PBS and imaging in

with a photoprotective buffer (10% glucose, 200mM Tris, glucose oxidase (GLOX),

44



tris(2-carboxyethyl) phosphine (TCEP), 1mM methyl viologen hyrdrate, 1mM ascorbic

acid).

FISH imaging and analysis

Cells were imaged with a Leica DMi8 using a 100X oil objective, a pixel size of 110nm x
110nm, and a z stack step size of 100nm. Chromatic aberrations were corrected for using
BUnwarpJ (Arganda-Carreras et al., 2006) as described previously (Giorgetti et al.,
2015). After nuclei segmentation, the z slice with the maximum intensity for each foci
was chosen as the z coordinate. Each selected z slice was then fit to a two-dimensional
Gaussian to determine the xy coordinates for the centroid of the foci. Euclidean distances
between each pair of foci and between each labeled promoter focus and the nearest

nuclear edge were calculated.

1.9.2. QUANTIFICATION AND STATISTICAL ANALYSIS

Modeling simulations

All models were simulated using Gillespie algorithm provided in the Tellurium package

in Python 2.7(Choi et al., 2018). Plotting of simulation results were done in MATLAB. A

detailed description of the models can be found in the mathematical appendix.

Image analysis of time-lapse movies

Image segmentation

45



Segmentation of progenitor cells were performed in MATLAB (Mathworks, Natick, MA)
using custom scripts previously (Kueh et al., 2016; Ng et al., 2018). The segmentation
algorithm was performed on CFP fluorescent signal as all transduced cells carried a H2B-
CFP reporter cassette. Briefly, images undergo (1) correction by subtraction of uneven
background signal stemming from the bottom of the glass plate or the side of the PDMS
microwells (2) gaussian blur followed by pixel value saturation to fix uneven signal
intensity within the nucleus of the cell and (3) Laplacian edge detection algorithm to
identify the nucleus boundary. Non-cell objects were excluded via size and shape limit
exclusions, and segmentation parameters were chosen such that the number of non-cell

objects are <1% of the total segmented cells.

Identification of live and dead cell population

While imaging cMyc or empty vector (EV) transduced cells, we noticed that live and
dead cells possess different CFP nuclear signals. Particularly, live cell nuclei have CFP
fluorescence constituting a round, smooth oval shape while dead cell nuclei CFP tend to
be more granular, containing distinctively small but very bright puncta. To provide
unbiased recognition of live and dead cells, individual segmented cell’s CFP image patch
underwent Laplacian mask filer to delineate the ‘smoothness’ of the signal and then
threshold-cutoff to identify regions with high CFP signal. Resulting features such as the
object's areas, perimeter, log(CFP), and puncta numbers are recorded for each cell object.
Approximately 100 individual cell image patches (10% of each data set) were then
manually annotated as ‘live’ or ‘dead’ by trained scientists. The results were then linked

to the above feature matrix. Decision tree supervised machine learning algorithm
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implemented by fitctree function in MATLAB was then used to generate a model based
on the annotated live/dead classification and matrix features of the training images
(Figure S3). Finally, built-in MATLAB model evaluation functions resubLoss and
crossval were used to validate that mis-assignment error is below 15% for all data sets.
Such an approach offers an objective, automated method to distinguish between live and

dead populations. All scripts for this procedure are available upon request.

Bclllb activation rate fitting

To measure Bcll11b activation rate, experimentally, Bcl11b RFP+ cells were cultured on
stromal cell-free, DL1-coated system(Varnum-Finney et al., 2003), and activation of
Bclllb YFP allele was monitored in time-lapsed imaging. This stromal-free system
enables a greater fold enhancement of cell division rate by cMyc transduction and better
resolution for imaging as well as recapitulating Bcl11b activation and T cell lineage
commitment, but supports a lower baseline rate of proliferation in unmodified cells

compared to the OP9-DL1 system.

For quantitative measurement of this activation rate, first, the YFP and RFP signal
intensity of segmented cells were calculated. Then each cell object underwent live/dead
classification prediction by trained model as described in the previous section. Only cells
that are classified as ‘live’ were selected, and their YFP RFP fluorescence 2D histogram
is fitted to a two-component mixed 2D Gaussian model to obtain the fraction of YFP
OFF and ON cells in the population at a given time. All the following procedures were

implemented in MATLAB. Specifically:
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To calculate fluorescent values of the Bcl11b YFP and Bclllb RFP signals, pixel
intensity of an annulus surrounding the segmented cell were calculated and subtracted
from the raw signal intensity of the cell interior. This is to eliminate autofluorescence
from the bottom of the glass plate as well as the PDMS microwells’ edge.

To obtain the time evolution of Bcl11b biallelic population fractions from initial Bcl11b
YFP-RFP+ population, cells were first filtered based on their ‘live/dead’ category, and
only ‘live’ cells were included in further calculation. We used a modified version of
least-squares fit of a two-component mixed 2D Gaussian function described by (Ng et al.,
2018) to fit the 2D histogram of Bcl11lb YFP and Bcl11b RFP fluorescence levels.
Specifically, let y and r be the intensity of Bcl11lb YFP and Bclllb RFP fluorescence,

respectively, the overall fit, F(r,y), is given by:

2

Fry) = ) fir) ()
=1

Each 2D gaussian f is given by:

N;
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Here, i=1,2 correspond to the red mono-allelic and biallelic populations, since all starting
cells are red mono-allelic, we excluded the other two populations (non-expressing and

yellow mono-allelic). Ni is the volume under the gaussian curve when integrated over r
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and y and is the approximation for the number of cells in each population in Bcl11lb RFP

mono-allelic and biallelic states.

To fit our data to F(r,y), we followed a two-step process described previously (Ng et al.,
2018): (1) We fitted Bcl11b YFP/RFP 2D histogram at early time point (0 <t < 20) to
f1(r,y) to obtain the means, standard deviations, and correlation coefficients (w1, or.1, Hy.1,
oy,1, p1) of the Bcl11b RFP mono-allelic population. At this time point, all cells have
inactive Bclllb YFP allele. (2) Next, we fitted the 2D histograms of Bcll1lb YFP/RFP
levels at successive time bins of 20 hours, fixing the parameter of the first Gaussian
fi(r,y) , and enabling the parameters for the second Gaussian f2(r,y), to vary within
bounds observed in the fluorescent distributions of Bcl11b biallelic populations. After

fitting, the fraction of biallelic cell at a given time window centered on time t is given by:

fibe () = AN ©
‘ N, (1) + Na(t)
The confident bounds for £,°25(t) is given by:
| 6NAE YL 6N
aﬁuh.ﬁ' ij = JIrEm'J_'.' ||( l) + i=1 i {4)

NAR TN - 'Ok

Afterward, the resulting fraction of biallelic cells as a function of time window centered
at time t from the mixed Gaussian fit was then fitted to the probability density function of

a first order process:
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F(t) =1 — e (5)

Where is the activation rate of Bcl11b from RFP-monoallelic to biallelic state. We chose
this function for activation rate fitting since our histone dynamics simulations suggested
that Bcl11b activation can be estimated as a first order stochastic process (see Figure 4D).
For this function, fitting was done using MATLAB fit function, and 95% confidence

interval for the fit was recorded.
Population dynamics model and fitting

We built a mathematical model to describe the population dynamics of progenitor cells
transfected with an empty vector (EV) and c-Myc. From initial inspection of time-lapse
movies (Figure 3), progenitors transduced with c-Myc appear to expand more quickly
than control progenitors, as expected. Faster expansion of c-Myc-transduced cells could
be due to faster cell cycling or slower cell death. To disentangle these two effects, we
quantified numbers of both live and dead cells over time (Figure S4) and fit these data to
population dynamics models to obtain division and death rates:

In general, the model includes a population of live cell (X) with a birthrate k, and a death
rate kq to generate the dead cell population (Y). This population in turn has a clearance
rate 6 denoting the process in which CFP level degrades and the dead cells become

undetected.

X - Y -
Live population at a given time T can be described as a simple first order process:
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Where K = Kkp-kg and Xo is the initial number of live cells at the start of imaging. On the
other hand, we adopt a stepwise approach to model the dead cell population:
Y(T) = Y,P(T) + ) X(©) kg - P(T=10) 7

=l

Here Y, is initial number of live cells at the start of imaging and P(t) is an exponential
decay function describing the fraction of CFP-positive dead population remaining after a
period time from its first appearance. Since dead cell’s fluorescent signal is dim,
segmentation of these cells tends to ‘fickle” before completely disappear. In this model,
whenever a cell starts to die, its probability of being detected decreases as per function
P(T), and the number of dead cells at a given time T is the sum of all the still-detected
dead cells generated since the start of imaging up until T. This discrete approach allows
us to fit cell death data to a relatively simpler function compared to a more sophisticated
two-component system of ODE model without sacrificing the complexity of dead cell

detection phenomenon.

We determined P(t) empirically for EV and cMyc population separately by manually
following 30 different dead cells and record the time period in which it was detected and
undetected until complete disappearance. Then we plotted how many dead cells out of 30
were detected after a given time has elapsed. An exponential function decay function was
used to fit this ‘fraction detected’ curve and to estimate value for clearance rate (Figure

S4B):
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P(r) = e " (8)

Here, P(7) is the probability of a given dead cell to be detected under the CFP fluorescent
channel after period of time since its initial death. is the clearance rate of this process.
To fit imaging data to equation (6). We classified segmented cell object as live or dead
using trained machine learning model as described in ‘Image analysis of time-lapse
movies’ section. Number of live cells as a function of time was fitted to equation (6)
using MATLAB fit function to estimate , and 95% confidence interval for the fit was

recorded.

To fit imaging data to equation (7), we performed fine scanning of candidate kq,i values
from the set Kp={0,0.0005,0.001,0.0015,...,0.0495,0.05}. For each kq,i, a predicted Y,,i(T)
curve was generated based on equation (7) where T = ty,to,t3,... with ti being the time
point at which experimental measurement took place. Y,,i(T) is then compared to the

experimentally observed dead cell number Yexp(T) using sum square error method:

sse; = Z [V () =Y, . (O] (9)

t=ty1.tz.L1,..

The best fit kq value is chosen to be the kq,i value whose ssei is the smallest.
In order to calculate the confidence bound of the fit, we utilized nonlinear regression

method by first calculating the residue of the model’s predicted values Yp(ti):
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Then we calculate to the Jacobian of the model function to estimate the covariance at

each time point and is given by:

aYp“[j
=— 11
' d kg (11)

These inputs were used to estimate 95% confidence interval using MATLAB ‘Nonlinear

regression parameter confidence intervals’ function nlparci.

Summary of results from fitting of data to activation rate and population models are

tabulated in Table 1.

1.9.3. MATHEMATICAL APPENDIX

Modeling of the polycomb-dependent epigenetic timer

Introduction

To understand the epigenetic timer controlling the Bcl11b activation, we used
mathematical modeling to analyze a series of candidate biophysical mechanisms. In this
modeling, we seek to explain the essential emergent properties of the switch, namely (1)
its irreversible, all-or-none nature; (2) its long, stochastic time delay; (3) the heritability
of its inactive and active states over DNA replication; and (4) its tunability with respect
to changes in H3K27me3 levels and modifying-enzyme activity.
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We consider two main candidate mechanisms. In the methylation only mechanism
(Model 1), individual nucleosomes within in a one-dimensional lattice can be methylated
or unmethylated. Gene expression is assumed to occur when the total fraction of
methylated nucleosomes in this lattice falls below a threshold value. In the coupled
methylation compaction mechanism (Model Il), individual nucleosomes are also
methylated and demethylated; in addition, these nucleosomes also interact to form a
compacted assembly with rates dependent on the H3K27me3 marking. Unlike Model I,
gene expression does not depend directly on H3K27me3 levels, but on the compaction
state of the nucleosome assembly, which in turn depends on methylation states of
individual nucleosomes . Both models explicitly model DNA replication as a process
involving random segregation of modified nucleosomes into daughter strands. From our
analysis, we find that the coupled methylation-compaction mechanism alone explains the
emergent behaviors of the Bcl11b epigenetic timer we observe experimentally, and thus

represents our favored model for polycomb based timing control.

Model I: The Methylation Only Mechanism (M)

Here, we adopt a standard framework for histone modification dynamics previously
shown to generate multi-stability (Angel et al., 2011; Dodd et al., 2007). In this model,
individual nucleosomes reside in a one-dimensional lattice, and exist in two states, a
methylated state, corresponding to an H3K27 tri-methylated state, and demethylated
state. We do not describe multiple demethylated states in our model (i.e. mono-
methylation, di-methylation, and an un-methylated state), though our analysis, together

with previous work (Dodd et al., 2007), indicates that our main conclusions hold in more
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complex models with additional states. As with previous models, the methylation rate of
a given nucleosome depends on the number and distance of methylated nucleosomes in
its vicinity, reflecting observations that PRC2 can bind and be activated by H3K27me3-
marked nucleosomes to write H3K27me3 on neighboring nucleosomes. Demethylation
is taken to occur at a first order rate. In this model, we assume there is no spontaneous
methylation in the absence of existing methylated nucleosomes; thus, once all
nucleosomes are demethylated, no more remethylation is possible and the system enters

an irreversibly activated state.

Methylation. We explicitly model mark binding and cooperative activities of the PRC2
complex, as well as the methylation state of each individual nucleosome. Let p; be the
methylation state of the ith nucleosome. p; = 0 denotes the de-methylated state while
p; = 1 denotes the methylated state. Let " and u denote the transitions between the

methylation state and demethylation state, respectively. The model is set up as follows:

Forie {1,..,100}:
u":pi[0] - pi[1]
u:p;[1] - p;[0]

With:

2

Pru’) = Bow (1 —p) Suip;e(D) (D)

Pr(u) = agpr i (2)

The parameter L can be interpreted as the ‘reach’ of the PRC2 complex to neighboring

nucleosomes. Large value of L indicates a long length scale for interaction with nearby
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nucleosomes. This effect is set to have a gaussian shape so that nucleosome closest to the
anchored PRC2 complex has the highest methylation rate. Similar distributions of activity
have been reported for artificially tethered enzymes (Hass et al., 2015), as well as for
histone modifications around transcription factor binding sites (Heinz et al., 2010).
Moreover, we assume periodic boundary conditions for the one-dimensional lattice,
though similar results were observed with other non-repeating boundary conditions (not

shown).

Cell division. To model the transmission of histone marks across cell divisions, we
assume that methylated nucleosomes segregate randomly to the two daughter DNA
strands upon replication; thus, each nucleosome position has a probability p = 0.5 of
inheriting a nucleosome that is methylated. Experimental evidence suggests that
approximately 50% of total global H3K27me3 partitioning of parental marks to the

subsequent generations (Alabert et al., 2015).

From stochastic simulations of this model, we find that this methylation only mechanism
can generate a slow, heritable, and stochastic gene switch (see Results and Figure 1.4);
however, switching times are hypersensitive to mild changes to methylation and de-
methylation rates, and therefore inconsistent with experimental results. To understand
the origins of this hypersensitivity, we re-formulate this model using a chemical kinetics
framework amenable to analysis using transition state theory. By considering the limit
where L — oo, such that each H3K27me3-bound PRC2 methylates all other un-
methylated nucleosomes with the same reaction rate. In this limit, given N as number of

unmethylated nucleosome, we can completely describe the state of the system by the
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number of methylated nucleosomes N’. As the rates of adding or subtracting one
methylated nucleosome from the system would reduce to become a function of N’,

independent of spatial arrangement. Consequently:

ky
N —* N’
ka
where
ki = BN'(Np —N') )
ky, = aN’ (4)

and Nris the total number of nucleosomes. The master equation describing the time

evolution of this system is given by:

0P
Jat

= —[ks(M) + ko(M)] " + k1(n — Dpp_q + ko(n + Dpryy (5)

where p,is the probability of having N’ methylated nucleosomes. When the total number
of nucleosomes is large, we can approximate the number of methylated nucleosomes to
be a continuous variable x. In this limit, we can rewrite the master equation as Fokker-

Planck equation:

ap(x,t) 0 1 092

o o [v(x)p(x)] + > a2 [D()p(x)] (6)
d

where, we have ignored third and higher order terms, and where:

v(x) = ky(x) — ko (x) (7)

D(x) = kqi(x) + k2(x) (8

Given the velocity and diffusion constants for this system as a function of methylated

nucleosome number, the switching of the system is essentially given by the first-passage
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time of the system to reach the absorbing state x = 0. However, a closed-form solution of
this first-passage time distribution for the given rate functions is hard to obtain;
Nevertheless, we note that our system operates in the regime where the timescales of
individual methylation and demethylation reactions are much shorter than switching
times for this system. In this regime, switching times are well described by the Kramer’s
theory for escape of a Brownian particle over a potential well (Kramers, 1940), and
would thus approximately scale exponentially with the height of a potential energy
barrier. We can obtain the functional form of this potential barrier by relating it to the
velocity function:

dv

mr v(x) 9)

From equations (3), (4), and (7), we can then integrate the system to explicitly derive the

potential function:

a— [N
V(x) = §x3 +#x2+W

(10)

Where W is an arbitrary number. A plot of V(x) is demonstrated in Figure S1.3C. The
energy landscape possesses a local minimum at a nonzero value of x, indicating the
metastable state. The landscape has a local maximum near x = 0. State switching
occurs when the system reaches the absorbing state x = 0. Thus, we define E, as the
height in VV(x) between the local maxima and the metastable state minima. When we
plotted this potential energy for different values of g (Fig. S1.3C), we found that

moderate changes in  led to significant changes in potential well height. As switching

rates scale roughly exponentially with well height, we would expect this system would
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show extreme sensitivity in switching times with respect to changes in methylation rate

changes.

Model Il: The Methylation Compaction Mechanism (MC)

As the methylation only mechanism above does not fully explain the tunable
characteristics of the Bcl11b activation timing switch, we considered a second model,
where histone methylation is coupled to chromatin compaction. Indeed, H3K27me3 has
been suggested to meditate a condensed, polymerase-inaccessible chromatin
conformation. For instance, the polycomb repressive complex 1 (PRC1), which binds
H3K27me3 and is important for compaction and gene silencing, oligomerizes through
contacts on its Bmil or Phc subunits (Eskeland et al., 2010; Gray et al., 2016; Isono et al.,
2013; Kahn et al., 2016), and may also undergo weak, multivalent interactions on Chx2
that result in liquid-liquid phase separation and gene silencing (Howard, 2001; Larson et
al., 2017). This model consists of two main modules: (1) a H3K27 methylation and
demethylation mechanism, and (2) a dynamic chromatin decompaction mechanism linked
to H3K27me3 modification stat that ultimately underlies gene switching. In our
description of compaction dynamics, we do not explicitly model the spatial extent of the
compacted assembly; instead, we adopt a mean-field approach that is established in
models of cytoskeletal polymer dynamics (Erickson and Pantaloni, 1981; Jackson and
Berkowitz, 1980). With this approach, the numbers of un-methylated and methylated
nucleosomes within a compacted assembly are given by C and C’ respectively, along
with those outside the assembly are given by D and D’ respectively. As a result, the
dynamical system is described by four states: 1) Compacted-Methylated 2) Compacted-
Demethylated 3) Decompacted-Methylated and 4) Compacted-Demethylated:
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ks

k4
Here, C’, C, D’, and D denote the number of nucleosomes in these states, respectively.

K1-g denote the transition rates between them, which will be defined below. Gene
activation is defined to be the system state where all nucleosomes exist in a decompacted
state. The two mechanisms are intertwined so that methylation states affect compaction

rates and vice versa. Detailed descriptions of the rates are given below:

Methylation. In this model, un-methylated nucleosomes convert into a methylated state
with a first-order rate constant . We assume this rate constant is the same regardless of
whether nucleosomes are inside or outside the compacted assembly. Methylated
nucleosomes convert into a de-methylated state with a rate constant of « if the
nucleosome is outside the assembly (D’), or a lower rate constant of fa, (f < 1) if the
nucleosome is inside the assembly. This lower rate constant assumes that the
demethylation reaction is less efficient on compacted nucleosomes, possibly due to
competition for demethylase binding by compaction proteins, or due to the exclusion of
demethylases through steric occlusion or phase separation. The rates describing these

reactions on the four nucleosomal species are given by:

ks ks
e D) D
ks ko
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Where:

ks = fa C' (11)
ke =B C (12)
k,=aD' (13)
kg =p D' (14)

H3K27 methylation and demethylation rates are based on the catalytic activity of the
EZH2 subunit the PRC2 complex and JIMDJ3/UTX proteins, respectively. Specifically,
these rate constants were chosen to represent the conversion between H3K27me2 and
H3K27me3. For simplicity, we do not model the H3K27me-binding dependent H3K27
methylation activity previously described (Margueron et al., 2009), though we show
below that explicit modeling of this cooperative effect would not significantly alter the
conclusion of the model. JIMJD3 and UTX demethylate H3K27me3 (Agger et al., 2007),

and to our knowledge no cooperative activity of these complexes have not been reported.

Compaction. We adopt a mean-field description of the compacted nucleosomal
assembly, following kinetic models of multi-stranded cytoskeletal polymer assembly
(Howard, 2001). This description assumes that the nucleosome assembly is a roughly
spherical structure held together by weak, multivalent interactions between individual
nucleosomes, and can add or lose individual nucleosomes at its surface. Both methylated
and demethylated nucleosomes can incorporate into the assembly; thus the assembly has

a total size of;

Cr=C+C (15)
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where C and C' represent the number of methylated and demethylated nucleosomes in
the assembly, respectively. Unlike other polymer models (MacPherson et al., 2018;
Nuebler et al., 2018) , we do not explicitly model physical connections between
nucleosomes due to DNA,; such connections would be expected to result in a spatial
dependence of reaction rates within this chromatin domain; however, as the entire
domain (100 nucleosomes) has a length scale greater than the persistence length of
chromatin (~15-20 nucleosomes, from (Arbona et al., 2017), and would thus enable free
interactions between non-neighboring nucleosomes, we would expect the essential
properties of our minimal model in a more realistic physical model that incorporates

nucleosome connectedness.

The addition and removal of methylated and demethylated nucleosomes from the

assembly is described by the following rate equations:

kq k3
' «—————* D c ——— D
ks ks
Where:
5
k= —C (16)
cr3
2
k2 = ACTED’ (17)
k=2 C (18)
Cr3
2
ko =FACy3D (19)
ifCr > Cy
6 r
ky=—C (20)
Cr3
k,=0 (21)
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ks=—3C (22)
cr3
k,=0 (23)
if Cr < Cy

Here, methylated nucleosomes incorporate into the compacted assembly with a rate
constant A; however, importantly, demethylated nucleosomes can also incorporate into
the assembly with a reduced rate constant FA (where F < 1). The effect of methylation
state on compaction rate is experimentally observed in instances such as recruitment of
PRC1 complex by H3K27me3 marks (Kahn et al., 2016). The complex’s subunits such as
Ring1B and Phc-1 have been shown to be important in chromatin compaction and gene
silencing (Eskeland et al., 2010; Francis et al., 2004; Isono et al., 2013). However, as
PRC1 recruitment is not the only compaction mechanism in vivo, and because PRC1 can
bind to nucleosomes independently of H3K27me3 (Francis et al., 2004), this model treats
methylation as only a part, but not solely responsible for chromatin condensation. In
choosing rate constants; we assume that compaction and decompaction is faster than
histone methylation and demethylation rates, though timescales for both processes are
assumed to be much faster than that for cell division. Fast compaction Kinetics relative of
modification is supported by in vitro studies of H3K27me3 methylation and
demethylation kinetics, as well as in vitro DNA compaction by HP1a and chromatin
condensation experiments (Kristensen et al., 2011; Ladoux et al., 2000; Larson et al.,

2017; Sneeringer et al., 2010).

2

The reaction rates for nucleosome incorporation (loss) scales with assembly size as ~Cr 3

1
(~Cy "3), as these reactions only take place on the surface of the assembly. Assuming a
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compacted nucleosome complex is spherical, the compaction rate would thus be
proportional to the surface area. Likewise, the decompaction rate is also proportional to
the surface area but reversely proportional to the total number compacted nucleosome in

the complex.

In this description, there is a critical threshold number of compacted nucleosomes, Cy,
below which the complex is thermodynamically unstable. The existence of a minimal
nucleus size is a fundamental property of multivalent polymers, whereby addition of a
new subunit to an already formed complex is thermodynamically more favorable than
formation of the initial nucleus itself (Erickson and Pantaloni, 1981; Jackson and
Berkowitz, 1980). Below this critical threshold Cy, the compacted assembly

disintegrates, and gene turns on.

Cell division. Heritability of histone marks and chromatin states are crucial in
maintaining gene expression states across cellular generations. As with the methylation
only model above, we assume that methylated nucleosomes partition randomly between
two daughter strands upon replication; the total number of nucleated nucleosomes is then
obtained by sampling from binomial distribution with p = 0.5 and N equal to the total
number of nucleosomes at the point of DNA replication. Furthermore, we assume that
compacted nucleosomes persist within a compacted assembly reside upon passage of
DNA polymerase. This model feature assumes that new nucleosomes rapidly incorporate

into a compacted assembly after passage of DNA polymerase; however, in the
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1)

2)

subsequent version of this model below, we will relax this assumption to allow for

disruption of compaction state by DNA polymerase passage (see below).

From Monte-Carlo simulations, we found that this dynamic methylation compaction
model can recapitulate all the essential emergent properties of the Bcl11b activation

switch. Specifically, this model shows the following dynamic properties:

Irreversible all-or-none switching to an H3K27me3-low, de-compacted state. From
simulations, we found that the system adopts a stable compacted assembly of
nucleosomes with higher H3K27me3 marking density, but switches abruptly to a de-
compacted state with lower H3K72me3 levels. As there is no re-nucleation of the
compacted assembly after its elimination, this de-compacted state represents an
absorbing, permanently active expressing state. The abrupt decrease in the H3K27me3
levels arises because compacted nucleosomes demethylate at a lower rate; thus, upon
total decompaction, the percent of methylated nucleosomes lowers to a new steady state

level.

Noise induced gene activation. Transition to the completely decompacted state, or gene
activated state, occurs via stochastic deviation of the system from its compaction meta-
stable state. Activation is triggered when the system reaches below the threshold number

of compacted nucleosomes.
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3)

4)

Tunable activation rates. The model is able to generate a gene switch with slow, tunable
activation rate. Delay in activation is in order of days and can be finely adjusted by
modifying methylation and demethylation rates, and/or changing H3K27me3 levels at the
gene locus (Figure 1.4E), as experimentally observed (Figure 1.2 ). This ability to tune
activation rates by changing H3K27me3 densities uniquely distinguishes this methylation
compaction model from the methylation only model above, and thus represents a more
plausible model for describing the activation mechanism of this switch. Why is this
model uniquely tunable? In this model, locus de-compaction and gene activation are
determined by a dynamic balance between rates of nucleosome entry or exit from a
compacted assembly. The system still be sensitive to changes in these rates; however, as
demethylated nucleosomes can still enter and exit a compacted assembly at a reduced
rate, changes in the fraction of demethylated nucleosomes would cause a fine change in
these entry or exit rates, and thus represent a plausible tuning parameter for controlling

activation timing.

Division-independent timing control. When the cell cycle length is changed in this
model, activation kinetics remain largely unaffected, implying that the methylation-
compaction mechanism functions as a cell division-independent delay timer. These
conclusions hold, as long as the dynamic methylation and compaction mechanisms

operate on timescales much faster than the cell cycle length.

Why is the methylation compaction tunable? To answer this question, we adopt an

approach, where we reduce this problem to using the Fokker-Planck approach, as utilized
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to analyze the Methylation only mechanism (Figure S1.3C). The full system with both
methylation and compaction reactions would correspond to diffusive motion of a particle
in a three-dimensional state space describing both chemical and physical states of
nucleosomes. However, to simplify this problem to gain intuition, we will first take the
methylation and demethylation reactions to be fast compared to the compaction and de-
compaction reactions, such that the system can be described a single parameter NC,
corresponding to the total number of compacted nucleosomes. At any given time, the
number of methylated and demethylated nucleosomes in the compacted state is at quasi-

steady state, with values:

,_ B

C_ﬁ+fa Cr (24)
and

__Ja

C_B+fa Cr (25)

Similarly, assuming quasi steady-state, the number of methylated and demethylated

nucleosomes in the uncompacted state is given by:

D’=ﬁia-DT (26)
and

a
D=ﬂ+a-DT (27)

Let N = Cr + Dr. With this approximation, the averaged rate of adding or removing a

nucleosome from the compacted assembly is then given by:
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Let the total number of compacted nucleosomes C; be x. By writing down the master
equation for this system, and by further applying the Fokker-Planck approximation, as

performed in (5) and (6) we then have:
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As before, we define a potential energy for this system:
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The analytical solution for the potential energy V' (x) for the methylation compaction

model is:
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A plot of V(x) is demonstrated in Figure S1.3B-C. We found that increasing methylation
rate results in a much more attenuated increase in activation energy E, with the
methylation compaction model. This confirms that the improved switching rate tunability
in the MC model stems from the decreased sensitivity to changes in activation barrier
height by methylation rate. This result intuitive explains why this system shows
significantly more graded changes in switching times when methylation rates are
changed.

This tunability of switching times with respect to histone methylation depends on the
relative association strengths of demethylated and methylated nucleosomes for each other
in forming a compacted assembly. In our initial simulations, demethylated nucleosomes
show only a moderate decrease in affinity for other compacted nucleosomes relative to
methylated nucleosome (F = 0.85). However, when the binding strength of a
demethylated nucleosome is much weaker than that of a methylated nucleosome (F =
0.2), we find changes in potential well heights become more significant, indicating that
the system loses its tunability with respect to methylation changes (see Figure S1.6E-D).
This prediction, that methylated and demethylated nucleosomes have comparable
strengths of association for a compacted assembly agrees well with evidence that
unmethylated nucleosomes can nonetheless aggregate through a variety of H3K27me-

independent mechanisms (Larson et al., 2017; Strom et al., 2017).
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Model I1.1: The Methylation Compaction Mechanism, with Compaction Disrupted
by Division (Figure S1.5)

This version of the model includes modified cellular division process in which upon
replication, 50% of methylated nucleosomes become demethylated and 10% of
compacted nucleosomes become uncompacted. This exit of nucleosomes from a
compacted assembly due to DNA replication reflects the possibility that as the DNA
replication machinery enters the compacted nucleosomal structure, it creates
decompaction ‘defects’ in the condensed locus because nucleosomes near the replication
forks are replaced. However, we reason that such defect would have a small effect to the
overall stability of the structure because, at any given time, the site of replication would
only take up a small region of the entire compacted domain.

In order to simulate both changes in methylation and compaction at the point of DNA
replication, we must describe probabilistically how each of the four nucleosomal species
are affected: 1) The Compacted-Methylated species (C’); 2) the Compacted-
Demethylated species (C); 3) the Decompacted-Methylated species (D’); and 4) the
Compacted-Demethylated species (D). Since methylation state is reduced by 50%,
approximately half of Decompacted-Methylated species is transferred to Decompacted-
Demethylated pool. Similarly, on average, 10% of the Compacted-Demethylated species
are transferred to Decompacted-Demethylated pool due to DNA replication. Compacted-
Methylated species have 50% chance to demethylate and 10% chance to decompact.
Assuming these are two independent processes, this species has 5% chance to convert
into Decompacted-Demethylated or Decompacted-Methylated and 45% chance to

become Compacted-Demethylated. These observations are implemented as follows:
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Let vector § = [S;,S,,S;, ..., S,,] be the result from sampling a multinomial distribution
with probabilities ry, ,, 3, ..., T, Where m; + m, + w3 + -4+ 1w, = 1. Let
S;(N|my, my, 3, ..., m,) be the it element of S and N be the sample size. Let ¢/, ¢, d’, d
be the number of compacted-methylated, compacted-unmethylated, decompacted-
methylated, and decompacted-unmethylated nucleosomes, respectively immediately

preceding the cellular division event. Partitioning of each species occurs as follows:

C' = S,(c'|0.45,0.05,0.05,0.45) (36)
D' = $,(d’'|0.5,0.5) + S,(c’|0.45,0.05,0.05,0.45) (37)
C = S,(c|0.1,0.9) + S, (c’|0.45,0.05,0.05,0.45) (38)

D =d + $,(d'|0.5,0.5) + S;(c|0.1,0.9) + S5(c']0.45,0.05,0.05,0.45)  (39)

From stochastic simulations (Figure S1.5), we find that this modified methylation
compaction model shows similar dynamic characteristics compared to the original
methylation compaction model (Model I1): it shows stochastic, all-or-none switching
between inactive and active states; has an activation delay that can be tuned by changing
H3K27me levels and enzyme activity; and shows division-independence in its activation
time delay. Thus, we conclude that the essential features of this model hold, even upon

mild disruption of the inactive, compacted assembly by passage of DNA polymerase.

Model 11.2: The Methylation Compaction Mechanism with Cooperative Methylation

(Figure S1.4)
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PRC2 is known to be allosterically activated by H3K27me3 binding via its EED subunit
(Margueron et al., 2009). Here, we consider this cooperative property of PRC2 by
specifying that methylation rate increases with the total number of methylated
nucleosomes in the model system. This assumption is likely valid when the number of
nucleosomes in the condensed structure is small, and all the nucleosomes are more or less
in close proximity with each other. To simulate this, we modified the methylation rates
K, and Kg so that their magnitude has a spontaneous term u and the cooperative term

that is proportional to the total number of methylated species in the simulation:

kS k7
o e——— D) — D
k; k;
ke =[u+ B(C'+D)]C (40)
ks  =[u+ B(C'+DNID (41)

From stochastic simulations (Figure S1.4), we find that this system is also capable of
generating long, stochastic delays in all-or-none switching in locus compaction state, and
that switching times can be finely tuned by changing H3K27me3 levels, as with our
simpler methylation compaction model (Model I1). We conclude that incorporation of a
cooperative H3K27me3 methylation rate in our methylation compaction model does not

alter its main conclusions.

Model 11.3: Transcription action in activation rate tuning in compaction

methylation mechanism (Figure 1.6)

72



Model 11.3.1. Transcription factor affects compaction mechanism

To simulate the potential effect of transcription factors on tuning the activation timing in
the methylation compaction model. We first consider a scenario where the transcription
factors prevent a small number of nucleosomes from compaction. This can be
accomplished by designating a small portion of nucleosomes to carry binding sites for the
transcription factors. Upon binding to these factors, these nucleosomes can no longer

form compaction:

k k
k1 I ! r i 4
P a— —
ka
ks ks kqy
D Cu +—= Du —— pus
k4 k4 12

‘Unique’ nucleosomes carrying transcription factor binding sites are labeled Cu, Cu’, Du,
and Du’. Reaction rates ki-g are the same as the standard model. When these nucleosomes

are decompacted, they can bind to the transcription factors with the following rates:

kg = Koy - TF - DU’ (42)
k1o = Kopr - DU'S (43)
ki1 =Koy TF-Du (44)
ki = Kopr - DuS (45)

Here TF is the concentration of transcription factors. Let Ct be the total number of

compacted nucleosomes and let Nt be number of nucleosomes that carries the

73



transcription factor binding sites. We run our simulation with the assumption that the

total number of nucleosomes is constant, and Nt can be varied.

Our simulations (Figure 1.6A) suggest that activation timing can be tuned with the
transcription factor copy number. Additionally, activation rate increases synergistically
with number of binding sites. Therefore, timing modulation can be achieved via

transcription factor acting as nucleosome sequester.

Model 11.3.2. Transcription factor affects methylation mechanism

We next consider an alternative mechanism where a single transcription is recruited to
the nucleosome assembly. There, it acts as a demethylase and removes methyl marks on

the neighboring nucleosomes within a specific range:

ky ki1
i
r;.‘ D-’ Cu’- ’ Du’ X'—Xs
S ke, k12
b l bk Hk ko }kﬁ kakg
v
A\
a , Cu .7&' Du
C = D
ks ke

Here Cu, Cu’, Du, and Du’ are nucleosomes that are in the recruited demethylase’s reach.
The unrecruited demethylase is denoted as X, and XS is the recruit, transcription factor
(TF) — bound demethylase. Since the simulation involves one compaction assembly, the

number of demethylase is limited to 1, or X 4+ X5 = 1. Conversion rate probability
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between X and XS and the demethylation rate of the nucleosomes inside the reach of the

methylase are described below:

kg=apr-X-f-Cu (46)

k1o = arp - Xs - DU’ (47)

ki1 =Koy TF-X (48)

ki = Korr * Xs (49)
Here, a;ris the transcription factor recruited demethylation rate constant, and f is the
fraction reduction of the rate when the nucleosome is decompacted. Unlike transcription
factors that affect compaction, transcription factor that recruits demethylase according to
this mechanism require a large effective range (approximately 50% of the overall number

of nucleosomes) to appreciably tune switching rate (Figure 1.6D).

Parameter List

Supplementary Table S1.2. Model Parameters: Pure Methylation Model (Figure
1.4AB)

Pure Methylation Model
Parameters Description Value Comments/references

Bon cooperative methylation rate constant 1hrs? Sneeringer et al., 2010

[16,17,17.5] for parameter scan

Oorr demethylation rate constant 16.5 hrs™
Kristensen et al., 2011
L reach of anchored methylating enzyme to neighboring nucleosome 15 Hass et al., 2015
N number of simulated nucleosomes 100
cell division length |cell division length 20 hrs

Supplementary Table S1.3. Model Parameters: Compaction Methylation Model
(Figure 1.4C,D)

Compaction Methylation Model
Parameters Description Value Comments/references
B methylation rate constant Lhrst [0.2,0.4,0.8,1.6,3.2,6.4] for parameter scan
Sneeringer et al., 2010
o demethylation rate constant 8hrs™ Kristensen et al., 2011
f fraction of de-methylation rate when nucleosome is in compacted state 0
A compaction rate constant 310 hrs? Larson et al., 2017; Ladoux et al., 2000
[ decompaction rate constant 5300 hrs™ Larson et al., 2017; Ladoux et al., 2000
F fraction of compaction rate when nucleosome is in demethylated stated 0.85
N Number of simulated nucleosomes 50
Cy nucleation threshold for compacted nucleosomal complex 5
cell division length |cell division length 20 hrs

Supplementary Table S1.4. Model Parameters: Cell division dependence of Pure
Dilution vs Compaction Methylation Models (Figure 1.4 F-G)
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Pure Dilution Model

Parameters Description Value Comments/references

Bon cooperative methylation rate constant 0

Ooff demethylation rate constant 0

L reach of anchored methylating enzyme to neighboring nucleosome 0

N number of simulated nucleosomes 100

cell division length [cell division length 20 hrs [10, 15,20, 25, 30, 35] for cycle scan
Compaction Methylation Model

Parameters Description Value Comments/references

B methylation rate constant 1hrs? Sneeringer et al., 2010

a demethylation rate constant 8 hrs™ Kristensen et al., 2011

f fraction of de-methylation rate when nucleosome is in compacted state 0

A compaction rate constant 310 hrs™*

[ decompaction rate constant 5300 hrs™

F fraction of compaction rate when nucleosome is in demethylated stated 0.85

N Number of simulated nucleosomes 50

Cn nucleation threshold for compacted nucleosomal complex 5

cell division length |cell division length 20 hrs |[10,15, 20,25, 30, 35] for cycle scan

Supplementary Table S1.5. Model Parameters: Effects of Transcription Factors on
Methylation Compaction Model’s Activation Timing (Figure 1.6)

Transcription Factor Affecting Com

paction Model

Parameters Description Value Comments/references

B methylation rate constant 6.4hrs™* Sneeringer etal,, 2010

a demethylation rate constant 8hrs’ Kristensen et al., 2011

\f fraction of de-methylation rate when nucleosome is in compacted state 0

A compaction rate constant 315 hrs* Larson et al., 2017; Ladoux et al., 2000
& decompaction rate constant 5300 hrs* Larson et al., 2017; Ladoux et al., 2000
F fraction of compaction rate when nucleosome is in demethylated stated 0.85

N number of simulated nucleosomes 50

Cy nucleation threshold for compacted nucleosomal complex 5

Kon transcription factor association constant 1 hrs-1

Kore transcription factor dissociation constant Shrs-1

TF transcription factor concentration 0-100

Ng total number of nucleosomes carrying transcription factor binding sites 1-5

cell division length |cell division length 20 hrs

Compaction Methylation Model With Permanently demethylated Nucleosomes

Parameters Description Value Comments/references

B methylation rate constant 6.4 hrs™* Sneeringer et al., 2010

a demethylation rate constant 8 hrs™ Kristensen et al., 2011

\f fraction of de-methylation rate when nucleosome is in compacted state 0

A compaction rate constant 295 hrs* Larson et al., 2017; Ladoux et al., 2000
[ decompaction rate constant 5300 hrs™ Larson et al., 2017; Ladoux et al., 2000
F fraction of compaction rate when nucleosome is in demethylated stated 0.85

N Total number of simulated nucleosomes 50

Cy nucleation threshold for compacted nucleosomal complex 5

Kon transcription factor association constant 1hrs-1

Korr transcription factor dissociation constant 5hrs-1

TF transcription factor concentration 0-35

Ng total number of nucleosomes carrying transcription factor binding sites 5-25

[e2 recruited demethylase rate constant 1600 hrs-1

cell division length |cell division length 20 hrs
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e. Supplementary Table S1.6. Model Parameters: Methylation model with different
cooperative reach parameter L (Supplementary Figure 1.3A-B)

Pure Methylation Model
Parameters Description units values
Bon cooperative methylation rate constant hrst 1
[2,2.3,3]forL=3
Qorr demethylation rate constant hrs* [2.8,3, 4] for L=4
[9,10,11] forL=5
[10, 10.5, 11] for L= 10
L reach of anchored methylating enzyme to neighboring nucleosome |nucleosomes [3,4,5,10]
N number of simulated nucleosomes nucleosomes 100
cell division length |cell division length hrs 20

Supplementary Table S1.7. Model Parameters: Potential energy landscapes analysis

for pure methylation model and methylation compaction model (Supplementary
Figure 1.3C - E)

Pure Dilution Model
Parameters |Description Value
B cooperative methylation rate constant 1-4 hrs*
a demethylation rate constant 20 hrs™
N number of simulated nucleosomes 100
W arbitrary constant 100
Compaction Methylation Model

Parameters [Description Value
B methylation rate constant 1-4 hrs™
o demethylation rate constant 20 hrs™
A compaction rate constant 31hrs™
[ decompaction rate constant 530 hrs™*
F fraction of compaction rate when nucleosome is in demethylated stated 0.85

N Number of simulated nucleosomes 50

Methylation Model (Supplementary Figure 1.4)

Supplementary Table S1.8. Model Parameters: Compaction with Cooperative

Compaction Cooperative Methylation Model

Parameters Description Value Comments/references
B cooperative methylation rate constant 0.02 hrs™
W spontaneous rate constant [0.05,0.1,0.2,0.4] hrs™
] demethylation rate constant 8hrs™” Kristensen et al., 2011
\f fraction of de-methylation rate when nucleosome is in compacted state 0
A compaction rate constant 310 hrs™ Larson et al., 2017; Ladoux et al., 2000
[ decompaction rate constant 5300 hrs™* Larson et al., 2017; Ladoux et al., 2000
F fraction of compaction rate when nucleosome is in demethylated stated 0.85
N number of simulated nucleosomes 50
Cy nucleation threshold for compacted nucleosomal complex 5
cell division length |cell division length 20 hrs
Pure Methylation Model
Parameters Description Value Comments
Bon cooperative methylation rate constant 1hrs! Sneeringer et al., 2010
Oorp demethylation rate constant [16,17,17.5] hrs? for parameter scan, Kristensen et al., 2011
L reach of anchored methylating enzyme to neighboring nucleosome 15 Hass et al., 2015
N number of simulated nucleosomes 100
cell division length [cell division length 20 hrs
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h. Supplementary Table S1.9. Model Parameters: Compaction Methylation Model
with Compaction State Disruption by Cell Division (Supplementary Figure 1.5A-E)

Compaction Methylation Model with Compaction State Affected by Cell Division

Parameters Description Value Comments/references

B methylation rate constant Lhrs? [0.2,0.4,0.8,1.6,3.2,6.4] for ;-)arameter scan in Supplemental Figure 2E
Sneeringer et al., 2010

o demethylation rate constant 8hrs™ Kristensen et al., 2011

\f fraction of de-methylation rate when nucleosome is in compacted state 0

A compaction rate constant 310 hrs™ Larson et al., 2017; Ladoux et al., 2000

[ decompaction rate constant 5300 hrs* Larson et al., 2017; Ladoux et al., 2000

F fraction of compaction rate when nucleosome is in demethylated stated 0.85

N Number of simulated nucleosomes 50

Cy nucleation threshold for compacted nucleosomal complex 5

cell division length |cell division length 20 hrs |[10, 20, 25, 30, 35] for parameter scan in Supplemental Figure 2D

I. Supplementary Table S1.10. Model Parameters: Pure Dilution Model with Minimal
Methylation and Demethylation Rates (Supplementary Figure 1.5F)

Dilution Model With Minimal Enzymatic Activities
Parameters Description Value Comments/references
Bon cooperative methylation rate constant 0.001 hrs-1
OloFr demethylation rate constant 0.001 hrs-1
L reach of anchored methylating enzyme to neighboring nucleosome 15 Hass et al., 2015
N number of simulated nucleosomes 100
cell division length |cell division length 10 and 20 hrs

1.10 DISCUSSION

Here, we studied a timed epigenetic switch controlling the activation of Bcll1b, an
essential regulator of T cell lineage commitment. In response to regulatory inputs, this
epigenetic switch activates with a stochastic time delay that spans multiple cell divisions,
that is tunably controlled independently of cell cycle length by chromatin regulators and
transcription factors. Through integration of experiments and modeling, we identify a
mechanism for timed epigenetic switching, where removal of repressive histone
H3K27me3 modifications weakens inter-nucleosomal contacts at the gene locus, leading
to chromatin decompaction and gene activation. We find that this methylation-
compaction mechanism generates long time delays that are both tunable and division-

independent, as observed experimentally. Together, our results establish a robust, tunable
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timing mechanism that may be broadly deployed in multicellular organism development

and function.

Our experiments implicate histone methyltransferases and demethylases as opposing,
tunable controllers of gene activation and developmental timing. Histone demethylases
are frequently found to be critical for activating cell type specific repressed genes that are
selectively targeted for activation during development (Li et al., 2014; Park et al., 2014),
thus the prevailing mode for regulating development genes in their normal context may
indeed involve such active removal mechanisms. Furthermore, these chromatin
regulators exhibit weak DNA-sequence specificity, which allows them to work
concurrently at multiple regulatory gene loci during development and differentiation. In
an accompanying paper, we explore the potential functions of chromatin regulators as
master regulators of gene regulatory network dynamics and developmental speed

(Nguyen et al., in submission).

In contrast to previous models of epigenetic switching (Dodd et al., 2007; Zhang et al.,
2014), which consider only histone modification dynamics, the methylation-compaction
model couples histone modifications to nucleosomal self-association and chromatin
compaction. Such coupling is necessary to ensure that activation time delays can be
robustly and tunably controlled by chromatin-modifying enzymes or transcription factors
(Figure 4B, 6A-D). Emerging evidence indicates that repressive histone modifications —
H3K27me3 and H3K9me2/3 — each function by promoting nucleosomal self-association

though histone-tail interactions (Gibson et al., 2019) or by recruiting protein complexes
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that self-associate to form phase-separated condensates (Plys et al., 2018; Sanulli et al.,
2019; Tatavosian et al., 2018; Wang et al., 2019) -physical processes that can generate
the cooperativity needed for all-or-none transitions observed in the methylation-
compaction model (Figure 4C). Importantly, for the activation times to be tunable,
nucleosomes must retain some self-interaction affinity without H3K27me3, such that
methylation promotes but is not strictly necessary for nucleosomal association.
Consistently, we found that H3K9me2/3 modifications (Larson et al., 2017; Strom et al.,
2017), which recruit HP-1 to promote chromatin phase separation, also tunes Bcl11b
activation timing, and may thus mediate nucleosomal interactions in the absence of
H3K27me3 (Larson et al., 2017; Strom et al., 2017). This concept — that modification
states of proteins modulate their interaction affinities — is well established in the study of
cytoskeletal polymer dynamics (Howard, 2001; Mitchison, 1992; Phillips et al., 2012),
but could provide a fresh perspective on understanding the relationship between
chromatin modification states and structure. In principle, other weak, multivalent
interactions that are tunable by histone modifications — such as the formation of
transcriptional condensates at enhancers (Shrinivas et al., 2018) — could also account for
the unique features of the timed epigenetic switch at Bcl11b. However, we favor a
mechanism where H3K27 and H3K9 methylation adjusts nucleosomal interactions to
control chromatin compaction, because there is direct biochemical evidence linking these
processes, and because these repressive modifications can be propagated across cell
division, explaining how loci could reside in an repressed state for multiple cell
generations prior to activation. Further testing of the methylation-compaction model will

require measurements of interaction affinities of nucleosomes in different chemical
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modification states, as well as identification of the molecular players that mediate these
interactions. It will also require direct interrogation of the relationship between these
modification states and higher order chromatin structure at individual gene loci, work that
will be aided by new methods to simultaneously visualize histone modification states and

chromatin folding at single gene loci in single cells (Kundu et al., 2017; Xu et al., 2018).

The methylation-compaction switching mechanism could account for diverse cell-
autonomous timers that function independently from cell division (Burton et al., 1999;
Gao et al., 1997; Heinzel et al., 2017; Li et al., 2019; Okamoto et al., 2016; Osmond,
1991; Otani et al., 2016). While there are classic examples of embryonic processes with
cell cycle-linked time delays, through inhibitor dilution-based mechanisms (Amodeo et
al., 2015; Newport and Kirschner, 1982), many developmental processes instead appear
to measure and control elapsed time independently from cell division. Division-
independent timing control could enable multiple functions including operation in non-
dividing cells and constancy amid changes to cell proliferation, which could allow for
tunable population size control, an idea we explore in an accompanying manuscript
(Nguyen et al., in submission). From model simulations, we find that such division-
independent timing control requires H3K27me3 turnover and nucleosome compaction
dynamics to be rapid compared to the cell cycle length (Mathematical Appendix, Figure
S9). We currently lack methods to measure H3K27me3 turnover kinetics at specific
genomic loci in vivo; however, the active roles of PRC2 and Kdm6a/b demethylases in
modulating H3K27me3 levels at the Bcl11b locus (Figure 2), along with the fast catalysis

rates of these enzymes measured in vitro (Kristensen et al., 2011; Sneeringer et al., 2010),
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suggest that H3K27me3 indeed turns over at a much faster timescale than that of cell
division. Furthermore, nucleosomes within polycomb domains are replaced with kinetics
much faster than that of cell division (1.5 hrs vs. 20 hrs) (Deal et al., 2010), consistent

with the idea that H3K27 methylation turns over many times during a cell cycle lifetime.

Cell type specification during multicellular development is controlled by gene regulatory
networks whose dynamics unfold over time-scales spanning many cell generations. The
division-independent timed epigenetic switch we describe here is uniquely tunable at
multiple levels of gene regulation including histone modifications, transcription factors
and non-coding cis-regulatory elements. Therefore, it could serve as a modular building
block within gene regulatory networks that could be flexibly adjusted throughout
evolution. In a separate study, we explore this hypothesis by constructing model gene
regulatory networks composed of timed epigenetic switches (Nguyen et al., in
submission). We find evidence that adjusting epigenetic switches can modulate various
features of multicellular tissues such as allometric scaling and the numbers and relative
proportions of each cell type. Thus, we propose that epigenetic timing control could
provide an underlying molecular mechanism by which the developmental timing is

flexibly altered to give rise to changes in organism size and morphology.
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CHAPTER Il. SCALABLE CONTROL OF DEVELOPMENTAL TIMETABLES BY

EPIGENETIC SWITCHING NETWORKS

2.1

INTRODUCTION

How are the sizes and proportions of organs and body plans specified so precisely during
multicellular development, yet so readily adjustable by evolution? For over a century, it
has been recognized that the timetables of developmental events in the embryo are a
central determinant of size and form (Haeckel, 1866; De Beer, 1940; Huxley et al., 1942,
Gould, 1977). Because progenitors grow and divide during development, the timing at
which they specify different cell types will determine the final numbers and fractions of
their differentiated progeny; consequently, changes in developmental timetables can
engender variation in size or form. Changes to the timing of individual lineage
specification events can give rise to innovations in shape or form (Alberch et al., 1979;
Huxley et al., 1942; Gould, 1977), whereas changes to the speed at which developmental
timetables unfold can generate proportionally scaled changes in organ and organism sizes

(Bonner, 1965; Calder, 1984).

As development is not coupled to an external clock, the timetables for developmental
lineage specification must be encoded by the embryo itself (Ebisuya and Briscoe, 2018).
Most generally, these temporal schedules are the culmination of complex processes

unfolding in space and time in the embryo; however, across a growing number of
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systems, it is now clear that these schedules appear to be determined, in large part, by
timekeeping mechanisms operating autonomously in individual progenitor cells (Burton
etal., 1999; Gao et al., 1997; Heinzel et al., 2017; Otani et al., 2016; Rosello-Diez et al.,
2014; Saiz-Lopez et al., 2015). For example, during cerebral cortex development,
progenitors generate different layers of cortical neurons in a defined order, giving rise to
inner layer neurons before outer layer neurons. This same developmental timetable
unfolds in vitro (Eiraku et al., 2008; Gaspard et al., 2008), even in the absence of any
intact tissue organization, suggesting it is largely set in a cell-autonomous manner.
Furthermore, though progenitors from different species follow the same lineage
specification schedule in vitro, they differ substantially in the speed at which they take to
traverse this schedule, ranging from one week in mice to four months in humans (van den
Ameele et al., 2014; Barry et al., 2017a; Espuny-Camacho et al., 2013; Otani et al.,
2016). These results show that timing mechanisms, operating autonomously in progenitor
cells, can set defined timetables for developmental lineage specification, and that these

timetables can be scalably expanded or contracted over time across different species.

Gene regulatory networks control the dynamics of development, and ultimately dictate
the timing with which cell lineage specification occurs in response to signals (Alon,
2007; Briscoe and Small, 2015; Davidson, 2010; Georgescu et al., 2008). However, it is
unclear how gene regulatory networks can set adjustable temporal schedules over
developmental timescales spanning many cell generations. One major issue is that genes
in regulatory networks are widely assumed to be regulated according to a quantitative

framework derived largely from bacterial studies, whereby transcription factor tor levels
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alone dictate transcription rates (Alon, 2007; Ackers et al., 1982; Bintu et al., 2005;
Bolouri and Davidson, 2002). In this classical framework, genes respond to
transcriptional inputs over timescales shorter than one cell cycle (Levine and Elowitz,
2014), because their dynamics are constrained by mRNA and protein stability and, by
extension, cell cycle speed. Models for temporal regulation of developmental gene
networks in animals have historically only incorporated these short, single generation
transcription factor-based time delays (Ben-Tabou de Leon and Davidson, 2009)
however, development and cellular differentiation frequently unfolds over many cell
generations in animals. Another major issue is how temporal schedules set by gene
regulatory networks can be readily altered by evolutionary change. Mutations in cis-
regulatory elements drive morphological change in evolution (Carroll, 2008); however,
under a classical framework, it is not clear how these mutations can change timing of
gene regulatory events, when their main effect is to alter transcription factor occupancy
and transcription rates. It is also unknown how these temporal schedules can be scalably
expanded or compressed in time as is the case in cerebral cortex development between
different species such that the relative duration of developmental events remains the

same, but the overall speed with which these events unfold can differ.

In eukaryotes, transcription factors not only regulate RNA polymerase recruitment and
transcription, as is the case in bacteria, but also control the switching of gene loci
between silent and active chromatin states, a process that can involve long rate-limiting
steps spanning multiple cell generations. In stem and progenitor cells, lineage-specifying

genes are often packaged in a closed chromatin environment enforced by repressive
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histone H3K27me3 modifications (Boyer et al.; Lee et al., 2006; Nicetto et al., 2019).
While transcription factors can bind rapidly to these genes, within seconds, they remove
repressive histone modifications over considerably longer timescales (Mayran et al.,
2018; Bintu et al., 2016). In our recent studies on Bcl11b, a transcription factor that turns
on to drive T cell lineage commitment (Ng et al., 2018; Rothenberg, 2019), we found that
this gene locus switches stochastically from a silent to active state with a remarkably long
time constant spanning multiple days and cell generations (Ng et al., 2018). The
magnitude of this activation time constant was controlled not only by upstream
transcription factors binding to a distal enhancer (Kueh et al., 2016; Ng et al., 2018), but
also by H3K27me3 levels at the Bcll1b locus (Nguyen et al., 2019), which were actively
set by methyltransferase and demethylase enzymes. As histone H3K27me3 and
chromatin conformation changes occur frequently on lineage-specifying regulated genes
during development, and because transcription factors and their bound cis-regulatory
elements have been found to play broader roles in timing control, it is likely that such
timed epigenetic switches may also play control gene activation or silencing kinetics at
other regulatory gene loci. As such, they could profoundly shape the dynamic properties
of developmental gene regulatory networks, and allow them to implement temporal

control behaviors over long timescales.

In this study, we analyze the dynamic properties of gene regulatory networks in which
timed epigenetic switches regulate the expression of constituent genes. Through

mathematical modeling, we show how such epigenetic switching networks, in contrast to
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classical networks, can robustly maintain timetables for cell specification that can unfold
over extended developmental timescales. Next, with a series of evolutionary case studies,
we then consider how mutations in epigenetic switching networks can tunably alter these
developmental timetables, to give rise to species variation in organism size and
proportion. Based on our findings, we propose that epigenetic switching networks
underlie the ability of embryos to encode autonomous timetables for development, and
the remarkable capacity for evolution to adjust these timetables to facilitate variation in

size and form.

MODELING FRAMEWORK FOR EPIGENETIC SWITCHING NETWORKS

We develop a quantitative framework for modeling gene regulatory networks in which
timed epigenetic switches regulate the expression states of constituent genes. W explicitly
account for both the expression levels of regulatory genes and the epigenetic states of
gene loci. In this framework, we do not explicitly model chromatin states at individual
loci, as in the methylation compaction model in our accompanying study (Pease et al., in
submission); instead, we use a phenomenological model that captures the essential
emergent properties of timed epigenetic switching in the methylation compaction model,
including stochastic, first-order switching between heritable states; and tunable, division-
independent rate constants for switching. In this framework, we also model the growth
and division of individual cells, together with its interplay with gene regulatory network

activity.
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Figure 2.1: Mathematical framework for modeling epigenetic switching networks.
(A) Gene regulatory network, with single gene (i) highlighted. (B) Gene promoter
undergoing epigenetic switching. (C) Classically-regulated gene promoter. X; gives the
expression level of gene i; P; gives the epigenetic state of gene promoter i. Also shown
are rate constants for promoter activation ai, promoter silencing S;, protein synthesis y;,
and protein degradation §;. (D) Cell growth and division results in random partitioning of
proteins, and inheritance of promoter states. (E) An epigenetic switch for gene X (left) is
activated by an upstream signal S at t = 70 hr. Plots show time evolution of copy number
(X, top right) and concentration (x = X/V , bottom right), obtained using stochastic

simulations. Zebra stripe indicates the timing of cell division events.
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Consider a network of N regulatory genes (Figure 2.1A). Let P; be the number of active
loci of gene i in the cell. Let X; be the copy number of its gene product. Let V (t) be the
volume of the cell, such that x; = X; = V/ is the concentration of protein i (Figure 2.1B).

The time evolution of these variables is given by the following rules:

ai(x1,...,0 _,\,T)-‘»"-(I’]-—I’T)\

P; > P+1 (1)
P Bilwr,en) VP, P ()
X, W@ o) VP X, 41 (3)
X; Eiﬂ—) X, —1 (4)

Here, gene i switches from an inactive (active) to an active (inactive) epigenetic state
with first-order kinetics, with a stochastic time constant of «; (5;). Both locus activation
and silencing rates depend on x; ... xy, reflecting the key finding in our studies of the
epigenetic switch controlling Bcl11b activation (Pease et al., in submission), that time
constants for epigenetic switching depends on levels of regulatory inputs, which may
either involve transcription factors or chromatin-modifying enzymes (Pease et al., in
submission). Once in an active state, gene i is synthesized at a rate y;, and its encoded
gene product X;is then actively degraded at rate §;. Py is the total number of gene copies
of each gene; in all simulations here, P; is taken to equal unity, under the assumption that
the copy number effects do not alter the emergent properties of the regulatory network
considered here. Rates of promoter switching and protein degradation increase linearly

with cell volume, reflecting an increase molecular content with cell size; in accordance
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with previous observations Padovan-Merhar et al. (2015), the rate of transcription also
increases with cell volume, a mechanism that keeps steady-state protein concentration
constant amid cell size variations (Figure 2.1E). When the promoters of all genes are

always in an active state, i.e. when P; = 1, wherei = 1...N, this network reduces to
one where individual genes are governed exclusively through classical gene regulation

functions (Figure 2.1C).

To model this gene regulatory network within cell lineages, we account

for individual cells within lineage trees. Let M be the total number of cells in a given
lineage, and let the m*" cell in this lineage have promoter states P/ and protein levels
X[™ . Let this cell have volume V,,, birth time ¢t*, and life time t*. Finally, let the cell
cycle state of the cell be captured by a binary variable c,,, that has a value of one when

the cell is actively cycling, and zero when the cell has exited the cell cycle.

If cell m in the lineage is actively cycling c,,= 1, its volume increases linearly during its

lifetime to reflect cell growth (Figure 2.1D):

V() = Vo [1+ (¢ —t7)/t0] (5)
Where:
(<t < (6 +to)] (6)

At the end of its lifetime, cell m divides to generate two daughter cells, n and

p. Its regulatory proteins partition randomly into the two daughters at the
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time of cell division, such that their numbers follow a binomial distribution:

X7 = bin(X7",0.5) (7)
XP o= X' X7

On the other hand, gene promoters maintain their epigenetic states across cell division,

such that:
I“,;_n — P;n [8]‘
Pro= pr. (9)

Cells that are not cycling (c,, = 0) are taken to be irreversibly differentiated, and are not
further analyzed by modeling, though they are counted to obtain differentiated cell
numbers. Following previous findings (Spencer et al., 2013), the decision to exit the cell
cycle is made at the cells' birth, and will depend on both regulatory network state and cell

division mechanism, as we discuss below.

To obtain regulatory network dynamics in a cell lineage, together with the structure of the
lineage tree itself, we simulate the stochastic chemical reactions describing the network
(Eg. 1-4) in single cells using the Gillespie algorithm (Gillespie, 1977), while setting
lifetimes, growth rates and initial conditions of simulated cells according to the rules
above (Egs. 5-9). For each lineage, we begin by simulating a single progenitor cell. At
the end of its lifetime, this cell divides; daughter cells inherit their mother's regulatory
network state (Egs. 8-9), and also set their cycling states based of the states of their
regulatory networks. Each daughter cell is then simulated, and this process continues

iteratively until all cells withdraw the cell cycle, or until a simulation time limit is

101



reached. This algorithm generates a list of cells, a lineage tree showing the relationships

between these cells, and Monte Carlo simulation results for each cell.

EPIGENETIC SWITCHES GENERATE TUNABLE TIMING DELAYS

To understand temporal control by gene regulatory networks with timed epigenetic
switches, we first elucidate the temporal properties of individual genes regulated by
epigenetic switches, and compare them to those of classically regulated genes, whose
transcription rates depend solely on levels of transcription factor inputs. For both types of
genes, we measure the relationship between the magnitude of an input signal and the time
delay to an output response, to determine the conditions under which they can robustly

respond with delays that are tunably controlled by regulatory inputs.

Classically regulated genes typically respond to regulatory inputs within one cell
generation, as their expression dynamics are shaped by the mRNA and protein half-life,
which are in turn determined by cell cycle duration (Alon, 2007; Levine and Elowitz,
2014). Epigenetic switching genes, on the other hand, could in principle respond and be
controlled over a much wider range of timescales, as their switching dynamics are
uncoupled from cell division and are instead determined by heritable chromatin
modification and conformation states at the gene locus (Pease et al., in submission). To
test this idea, we analyzed a series of simple gene regulatory networks, where a
regulatory gene X receives an input from an upstream signal S and in turn activates a

downstream response gene Y [Figure 2.2A, (1)-(V)] (Mathematical Appendix, Part I). X
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is either regulated by a timed epigenetic switch, whose activation rate varies with input

signal levels S [Figure 2.2A, (I)-(11)], or regulated classically, with transcription rates

controlled by signal S [Figure 2.2A, (1)-(I1)]. For each network, we performed

simulations to measure its response delay, defined as the time between signal onset and

expression of the output gene above a threshold. We considered both signal-induced

promoters, that promote response gene expression [Figure 2.2A, (1),(111),(IV)]; and signal

repressed promoters, that inhibit response gene expression [Figure 2.2A, (11),(V)]. In all

cases, we both performed stochastic simulations and calculated analytical expressions for

response times (Mathematical Appendix, Part I1), to determine the generality of our

findings.
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Figure 2.2: Epigenetic switches generate long, tunable delays in gene activation.
Using stochastic simulations, we determined response times of different gene promoters
(1-V), as indicated. Response times are defined as the delay between onset of an input
signal S and activation of a response gene Y. For each promoter type, we show circuit
diagrams (A), simulation time traces (B) and response delays, plotted against signal
levels (C). Circles and error bars represent the median and inter-quartile range of the
response time distribution, obtained over N = 100 simulations; the gray shaded area
indicates the range of signals over which the circuit fails to respond.

From both simulations and analytical work, we found that epigenetic switches generated
extended response delays that are tunable over a wide range of input signal levels. When
exposed to strong signals, both signal-induced or signal-repressed promoters switched
rapidly, resulting in rapid response gene induction; however, when signal levels
decreased, gene switching rates decreased substantially, leading to longer delays
spanning multiple cell generations in the response gene induction [Figure 2.2B,C,
(1,(11)]. Response delays were variable from cell-to-cell, reflecting the inherently
probabilistic nature of switching. However, in both cases, response time distributions
were well defined, with average values that could be controllably varied over a wide

range of timescales by varying signal magnitude (Mathematical Appendix, Part I1).

Classically-regulated genes, on the other hand, were more limited in their ability to
generate long, tunable response delays. As these gene promoters express immediately
upon signal exposure, the response delays they generate would depend on the time at
which their expressed gene products reach a threshold for downstream gene induction.

For signal-induced promoters, this threshold is either crossed within one cell generation,
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or, when signals are weak, not crossed at all [Figure 2.2C,(I11)], resulting in a sharp
divergence in response times below a certain threshold level of signal. This "now-or-
never' behavior arises because cell cycle duration imposes an upper limit on the half-life
of the expressed protein, which determines its rise kinetics. Positive feedback on the gene
prolonged response times, as previously observed [Figure 2.2C,(1V)] (Levine and
Elowitz, 2014); however, delays exceeding one cell generation still occurred only over a
narrow signal range, and there remained a large range of signals over which the system
did not respond. To determine the generality of the result, we solved analytically for the
system response times, both with and without positive feedback. In both cases, we found
that defined response delays exceeding more than one cell generation could be upheld
only over a very narrow range of system parameters; slight changes to the parameters

resulted in either a failure to respond, or a substantial shortening of the response delay.

For classical signal-repressed promoters, responses could be delayed over many cell
generations, if the threshold of X below which gene Y turns on is much lower than initial
levels of X [Figure 2.2B,C,(V)]. Furthermore, this response delay is much less variable
from cell-to-cell when compared to those generated by epigenetically-switching gene
promoters. However, simulations and analytical work revealed that this long response
delay cannot be tuned by levels of S; it remains largely constant over a range of signals,
and diverges below a critical threshold, resulting in a failure to respond [Figure 2.2C,
(V)]. Signal-dependent tuning of response delays could occur when signal levels were
close to this critical threshold (Mathematical Appendix, Part I1); however, as with signal-

induced genes, small changes in signal levels in this regime would lead to a failure to
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respond, or substantially shorten response delays. Taken together, these results indicate
that classically-regulated genes, in contrast to epigenetic switching genes, are
fundamentally limited in their ability to generate tunable response delays that span

multiple cell generations.

NETWORKS OF EPIGENETIC SWITCHES UPHOLD TEMPORAL SCHEDULES

FOR GENE EXPRESSION

As single epigenetic switches generate long, tunable delays in gene activation that span
multiple cell generations; networks of interacting epigenetic switches could potentially
exhibit more elaborate temporal behavior over long timescales, and plausibly maintain

timetables for gene expression and cell lineage specification during development.

A regulatory gene network's behavior depends on its topology, or the way in which its
nodes are connected. Thus, we here consider specific network motifs - or recurrent
connectivity patterns (Milo et al., 2002) - to see whether they may support the generation
of particular types of temporal schedules. We specifically analyzed two network motifs
frequently found developmental gene networks: negative feedback loops (Li et al., 2013;
Kohwi and Doe, 2013) and cross-inhibitory loops (Alon, 2007; Singh et al., 2014). We
simulated both these network motifs using timed epigenetic switches as nodes, and

determined their resultant temporal responses.

Negative feedback loops are common in signaling and gene regulatory networks. A
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widely-established function of negative feedback loops is to enable adaptation in
signaling responses (Ma et al., 2009; Ferrell, 2016). However, negative feedback loops
may not all generate adaptation, but may instead play roles in setting temporal schedules
for gene expression. For instance, in the gene networks controlling nervous system
development in Drosophila (Li et al., 2013; Kohwi and Doe, 2013), negative feedback
loops involving lineage-specifying transcription factors are thought to restrict the
expression of transcription factors to sequential time windows. Similar types of negative
feedback may also control lineage specification during nervous system development in

vertebrates (Rossi et al., 2017).

Using mathematical modeling, we ask whether negative feedback loops in regulatory
networks of epigenetic switches can generate sequential temporal windows of regulatory
gene expression. We consider a simple network, where a signal S activates the promoter
of regulatory gene X; (Figure 2.3A, top left) (Mathematical Appendix, Part I1). X, then
activates the promoter of regulatory gene X,, which feeds back to inactivate the promoter
of X;. From Monte Carlo simulations, we found that this network generated sequential
temporal windows for X; and X, expression (Figure 2.3A; bottom, right). These temporal
windows each spanned multiple cell generations, and were largely mutually exclusive, a
consequence of rapid silencing of the X; promoter by X,. These simulation results show
that negative feedback between two epigenetic switches can generate sequential temporal

windows of gene expression.
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Figure 2.3: Epigenetic switching networks uphold robust temporal schedules for
gene activation and lineage specification. (A) Negative feedback loops generate
sequential temporal windows for gene activation. Shown are a network diagram (top left),
an example simulation trace (right), and a timeline showing the averaged time window
for expression of x; and x, (bottom left). (B) Mutual inhibitory loops allow concurrent
gene expression time windows in different cell populations. Shown are a network
diagram (top left), together with example simulations (bottom) and averaged gene
activation timelines for cells activating x, only, xz only, or both genes. The fraction of
cells within these categories are shown to the right of the timelines (top right).

Mutual inhibitory loops are common in developmental gene networks (Singh et al., 2014;

Huang et al., 2007; Johnston and Desplan, 2010), and are frequently associated with the
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stabilization of multiple cell types. However, for cross-inhibitory loops between
classically-regulated genes, which cell type is produced, and in what numbers, typically
depend strongly on what external signaling inputs are present, and the direction in which
they bias switching of the cross-inhibitory loop. In some developmental contexts, spatial
heterogeneity in signaling inputs indeed drives heterogeneous fate outcomes (Gregor et
al., 2005); however, in other systems, such a spinal motor column formation (Johnston
and Desplan, 2010), multiple cell types can emerge in parallel over time from a single

progenitor population, even in the apparent absence of heterogeneous external cues.

Due to the stochastic nature of epigenetic switching, mutual inhibitory loops involving
epigenetic switches are expected to show substantial intrinsic variability in switching
behavior; as such, they could enable progenitors to initiate multiple lineage specification
schedules that unfold in parallel in their descendants, even in response to homogeneous
signals. To test this idea, we modeled a simple mutual inhibitory network consisting of
two regulatory genes, x4 and x4, both of which are regulated by timed epigenetic
switches. Both epigenetic switches activate in response to a common signal S, and both
are inhibited in their activation by each other's expression (Figure 2.3B, top left)

(Mathematical Appendix, Part I11).

From simulations, we found that this mutual inhibitory loop of epigenetic switches could
give rise to three parallel temporal schedules for gene expression upon exposure to the
same inducing signals. Two of these schedules involved the activation of either x, or xp

alone, whereas the third schedule involved the concurrent activation of x, and xg in the
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same cell (Figure 2.3B, top right). Such stable co-expression of the two regulatory genes
results from incomplete inhibition of each other's activation, and may indeed occur in a
number of systems as a way to diversify cell type identity and functionality (Zhu, 2018).
We further note that these distinct temporal schedules emerged in defined fractions of
cells, which were determined by the kinetic parameters of epigenetic switching as
triggered by different regulatory inputs (not shown). Together, these results show that
mutual inhibitory loops of epigenetic switches allow multiple timetables to unfold in

parallel from a commo progenitor population in response to uniform external signals.

NETWORKS OF EPIGENETIC SWITCHES GENERATE MULTIPLE CELL TYPES

IN DEFINED NUMBERS

While epigenetic switching networks are able generate robust temporal schedules for
regulatory gene expression and lineage specification, these schedules would vary
substantially from cell-to-cell due to the stochastic nature of epigenetic switching. (Figure
2.2C, I-11). Amid this variability, it is unclear how progenitors could nonetheless expand
and give rise to precisely defined numbers and proportions of different cell types, as is

the case during development.

Whether or not precise output cell numbers could arise from epigenetic switch networks
would likely depend on the exact coupling schemes through which gene regulatory
networks control cell division and differentiation. Here, we analyze different coupling

schemes by which gene regulatory networks control division and differentiation, to
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determine whether there are particular schemes that support robust population size
control. We first considered a simple scheme, where gene activation directly induces
differentiation (Mathematical Appendix, Part IV). In this scheme, progenitors divide and
self-renew indefinitely, until a signal S activates a gene Y that induces cell cycle exit and
terminal differentiation (Figure 2.4A, I-11). Consistent with this scheme, a number of
regulatory genes can directly induce cell cycle exit and differentiation (Kueh et al., 2013;
Crescenzi et al., 1990; Sorrentino et al., 1990). We then coupled this scheme to an
epigenetic switching network, where activation of Y is controlled by an upstream
epigenetic event on an upstream regulator X (Figure 2.4A, I1). For comparison, we also
considered a classical regulatory gene network, where activation of Y occurs due to

dilution of an upstream inhibitor X that is in turn repressed by signals (Figure 2.4A, 1).
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Figure 2.4: Epigenetic switching networks enable the generation of multiple cell
populations in defined sizes and fractions. Two cell division coupling schemes are
considered: one where gene activation induces differentiation and cell cycle exit (A), and
another where gene activation controls the duration of a competent state, where non-
dividing progeny are generated by asymmetric division (B.I, C) or stochastic mechanisms
(B.11). In the first scheme, gene activation is induced by repression of an upstream
inhibitor (A.1), or by epigenetic switching of an upstream activator (A.I1). In the second
scheme, epigenetic switching of an activator either induces a gene that promotes exit
from a competent state (B), or promotes entry into second competent state (C). Each
panel includes representative lineage trees superposed with colored areas representing
gene product concentrations, area plots showing averaged cell numbers over time, as well
as additional plots as indicated. Vertical bars denote concentration (gray = 10° copies/cell
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(A.1), 4 x 103 copies/cell (B.1); red = 5 x 10° copies/cell (A.I-11)), and horizontal scale
bars denote time (10 hrs).

When gene activation was controlled through classical trans- mechanisms (Figure 2.2,
[11), progenitors could expand over a fixed number of cell generations to generate larger
progeny numbers (Figure 2.4A, 1). However, when gene activation was gated by an
upstream epigenetic switching event (Figure 2.4A, 1), progenitors were not able to
generate fixed progeny numbers. When input signals were high (S > 4), gene activation
and differentiation occurred quickly, within a single cell generation; in this regime,
progenitors could give rise to defined progeny numbers, but only with a minimal degree
of cell expansion. On the other hand, input signals decreased, gene activation timing
became protracted over many cell generations; however, progenitor numbers increased in
an unbounded manner, reflecting the inability of rare probabilistic events to curtail

exponential growth.

In some developmental systems (Kohwi and Doe, 2013), regulatory genes do not directly
induce differentiation and cell cycle arrest, but instead control the entry or exit of
progenitors from a competent state, where they are able to differentiate. In this competent
state, cells could differentiate by asymmetric cell division, where they give rise to a
progenitor and a terminally differentiated cell. Such asymmetry could occur through
uneven partitioning of fate determinants, as observed in a number of systems (Knoblich,
2010a; Venkei and Yamashita, 2018). Alternatively, it could occur through a separate
stochastic mechanism, where differentiated progeny are generated with a fixed

probability during each cell division (Simons and Clevers, 2011a).
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Here, using simulations, we asked whether epigenetic switching networks, when coupled
to schemes involving competent state entry or exit, could generate defined numbers of
output cells (Figure 2.4B). We first considered a simple scheme, where progenitors
initially adopt a competent state, but eventually exit this state upon activation of a
regulatory gene Y . Y is activated by X, whose promoter undergoes an epigenetic
switching event controlled by signal S. We considered both differentiation strategies
discussed above, where competent progenitors differentiate either by deterministic
asymmetric cell division, or through stochastic mechanisms (Figure 2.4B, I-11). From
simulations, we found that coupling epigenetic switching to competent state exit allowed
for generation of differentiated progeny from rare starting progenitors. For both
asymmetric and stochastic strategies for differentiation control, individual starting
progenitors gave rise to heterogeneous numbers of offspring, as expected; however,
larger cohorts of starting progenitors showed precise final fold increases in cell number,
by averaging across multiple cell lineages (Figure 2.4B, 1). In this scheme, population
sizes increased with decreasing signal strength, reflecting the lengthened period of time a
progenitor cell spends in a competent state. For stochastic control strategies, defined
output population sizes were maintained when differentiation probabilities were close to
one half per cell generation (Figure 2.4B, Il). Notably, when competent state
differentiation probabilities decreased beyond a threshold level, the number of output
cells diverged in an unbounded manner (Figure 2.4B, I1), thus reflecting the importance
for these probabilities to be specified within a narrow range. Such tight control of

differentiation probabilities is important for adult stem cell homeostasis (Simons and
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Clevers, 2011a), and could also occur during embryonic development as well.

When developmental timetables set by epigenetic switching networks involve activation
of multiple regulatory genes, they could give rise to multiple competent states that
specify different cell types. Such a coupling may enable progenitors to not only control
the numbers of different cell types, but also their relative proportions. To explore this
possibility, we analyzed a simple epigenetic switching network that mediates the
switching of progenitors from one competent state to another. In this scheme, progenitors
exist in a first competent state (Figure 2.4C, blue), but enter a second competent state
upon activation of Z by an upstream signal S (Figure 2.4C, red). The expression of Z is
controlled by an epigenetic switch, whose activation probability is tunably controlled by
S. In both competent states, a second gene Y activated by an upstream regulator X works
independently to drive cell cycle exit. The activation of X is controlled by an epigenetic
switch on its locus. In both competent states, differentiated cells are generated through
asymmetric cell division; however, similar conclusions are expected when differentiation

from the competent state is controlled through stochastic mechanisms.

From simulations, we found that this epigenetic switching network, when used to control
transitions between two competent states, generates two cell types with controllable
numbers and proportions. As expected, progenitors switched from one competent state
(blue) to the next (red), giving rise to the two progeny types in sequence (Figure 2.4C).
Increasing signal strength S, which accelerates switching to the second competent state,

proportionally increased the numbers of the second cell type (red). Notably, changing
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signal levels S did not affect the total number of output cells, which would instead be

modulated by the activation of gene Y and, consequently, by the activation timing of the
epigenetic switch controlling the expression of X. Thus, regulatory inputs into epigenetic
switching networks can be tuned to control the relative proportions of multiple cell types

that emerge without altering their total numbers.

FLEXIBLE ADJUSTMENT OF DEVELOPMENTAL TIMETABLES DURING

EVOLUTION

During evolution, developmental timetables vary across individuals and species, leading
to variation in organ and organism sizes and proportions (Alberch et al., 1979; Keyte and
Smith, 2014). While the temporal schedules set by epigenetic switching networks are
robust over developmental timescales, they can also be flexibly modified by altering the
strength of network components (Figure 2.4B,C); thus it is reasonable to propose that
evolution may act upon epigenetic switching networks to vary developmental timetables

and, consequently, organism size and form.

Here, by analyzing two paradigmatic evolutionary cases, we present evidence that
mutations in epigenetic switching networks, occurring during evolution, could indeed
alter developmental timetables to generate changes in sizes and proportions across
species. In the first case, on body axis patterning by the Hox gene network, we show how
non-coding mutations affecting epigenetic switching of individual genes can alter

developmental events in timetables, and lead to shifts in cell type proportions. In the
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second case, on cerebral cortex development, we consider how changes to chromatin
modifying enzymes can uniformly expand or contract developmental timetables, leading
to scaled changes in total organism size. In both cases, we analyze simple mathematical
models of epigenetic switching networks, coupled with appropriate cell proliferation
control schemes, to illustrate the effects of evolutionary change on network activity and

population sizes and proportions.

NON-CODING MUTATIONS AFFECTING EPIGENETIC SWITCHING CAN ALTER

BODY PLAN PROPORTIONS

Patterning of vertebrate body axis requires the Hox genes, a family of transcription
factors that form a regulatory network to specify segment identity. Proper temporal
regulation of Hox genes is crucial for proper control of body axis proportions. Hox genes
follow a defined timetable for activation in the embryo, where those specifying the
anterior turn on before those specifying the posterior (Figure 2.5A) (Mallo and Alonso,
2013; Keyte and Smith, 2014; Zakany et al., 1997; Wakamatsu and Suzuki, 2019; Juan
and Ruddle, 2003). Changes in the relative timing of Hox gene activation, caused by
mutations in non-coding regulatory sequences, can shift anterior/posterior proportions:
targeted deletion of an enhancer for Hoxd11 - a posterior-specifying Hox gene - delayed
its activation, and shifted the sacrum towards the posterior (Zakany et al., 1997).
Conversely, substitution of this enhancer for its more active fish counterpart accelerated

gene activation, resulting in an anterior shift in sacrum positioning (Gerard et al., 1997).
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Figure 2.5: Non-coding mutations in epigenetic switching networks can alter
developmental timing and cell type proportions. (A) Anterior-posterior positioning by
Hox gene activation (G"erard et al., 1997). (B) Minimal epigenetic switching Hox gene
network, including an anterior Hox gene (x,), a posterior Hox gene (xp), an upstream
regulator (x,), and a cell-cycle exit regulator (y). (C) Asymmetric division scheme for
cell differentiation. Cell states are colored according expression of network regulators, as
shown in (B). (D) Representative time traces of anterior and posterior Hox gene levels
(x4 and xp) in simulated single progenitor lineages. (E) Averaged numbers of anterior
and posterior-specified cells over time, for three different relative rates of xp activation
(). Increasing this rate accelerates entry into a posterior Hox gene expressing state,
resulting in a higher proportion of posterior-specified cells.

Evidences from a wide range of studies indicate that that Hox genes, similarly to Bcl11b,
are regulated by timed epigenetic switches that activate with long, tunable delays.
Similarly to Bcl11b, Hox gene activation requires active histone H3K27me3 removal
controlled by PRC2 and demethylases (Soshnikova and Duboule, 2009; Eskeland et al.,
2010), and also involves decompaction of individual gene loci (Fabre et al., 2015;
Eskeland et al., 2010). Moreover, like Bcl11b, Hox genes show variable regulation not

only between cells, but also between individual loci within individual cells (Fabre et al.,
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2018, 2015), consistent with stochastic epigenetic control occurring at single loci. Thus, it
is likely that the Hox gene network is, at its core, a network of epigenetic switches, where
the activation timing of individual nodes can be tuned by regulatory inputs acting on

enhancer elements.

Here, by analyzing a minimal model of an epigenetic switching network of Hox genes,
we ask whether non-coding mutations previously found alter Hox gene expression
(Zakany et al., 1997; Gerard et al., 1997) can indeed alter gene activation timing and
anterior/posterior proportions, as experimentally observed (Figure 2.5B) (Zakany et al.,
1997; Juan and Ruddle, 2003) (Mathematical Appendix, Part V). For simplicity, we
aggregate anterior and posterior-specifying Hox genes into two groups, x, and xp . Both
anterior and posterior gene groups are activated by a common upstream input x,, whose
function is to trigger an epigenetic switch leading to gene activation. Anterior (posterior)
Hox genes have a faster (slower) time constant for activation, reflecting the order of
activation encoded in the embryo. Once activated, posterior Hox genes silence anterior
Hox gene expression, reflecting a phenomenon known as posterior dominance (Mallo and
Alonso, 2013). Gene silencing is taken to be fast, such that anterior and posterior Hox
gene expression is mutually exclusive. When expressed, the anterior (posterior) Hox gene
group cause progenitors to reside in a competent state, where they give rise to anterior
(posterior) cell types. Here, we assume these progenies are generated through asymmetric
cell division (Figure 2.5C), as described (Figure 2.4), though we expect similar

conclusions when they are instead generated through stochastic mechanisms.
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Simulations show that this minimal Hox gene network recapitulated key features of Hox
gene regulation and anterior and posterior specification. As expected, Hox genes turned
on in an ordered temporal sequence with the anterior Hox gene group turning on first, and
subsequent activation of the posterior Hox gene resulting in rapid anterior gene silencing
(Figure 2.5D). Gene activation led to concomitant generation of anterior and posterior
cells, with both populations expanding to reach a defined final size. To model the effects
of disrupting the Hoxd11 enhancer, we changed the activation rate constant for the
posterior Hox gene group ap , either decreasing it to mimic deletion, or increasing it to
mimic a more active variant. Consistent with experimental findings, lowering (raising)
this rate constant diminished (enlarged) the posterior cell population relative to the
anterior cell population, by shortening (lengthening) the time window over which this
cell population was specified (Figure 2.5E). These results show how non-coding
mutations affecting epigenetic switching rates in gene regulatory networks can readily

change developmental timetables and cell type proportions in an organism.

CHROMATIN-MODIFYING ENZYMES CAN SCALABLY EXPAND OR

CONTRACT DEVELOPMENTAL SCHEDULES

Evolutionary mutations lead not only to changes in the timing of events within
developmental timetables, but also to the speed at which these timetables unfold (Bonner,
1965; Calder, 1984). During cerebral cortex development, neural progenitors follow a
partly cell-autonomous temporal schedule for generating different cortical layer neurons

that spans a week in mice (Eiraku et al., 2008; Gaspard et al., 2008), but expands to two
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months in macaques and four months in humans (van den Ameele et al., 2014; Espuny-
Camacho et al., 2013; Otani et al., 2016; Barry et al., 2017b) (Figure 2.6A). These
scalable changes in the timetable for cerebral cortex specification are likely to underlie

the dramatic differences in brain sizes - and organ sizes in general - across different
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Figure 2.6: Chromatin regulators can scalably expand or contract developmental
timetables to modify total organ size. (A) Cerebral cortical layers in different species
(Otani et al., 2016). (B) Gene regulatory network controlling the specification of different
cerebral cortical layers. (C) Asymmetric division scheme for neuronal differentiation,
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with cell states colored according to expression of network regulators in (B). (D)
Representative time traces (left) and averaged cell number area plots (right) for single
lineage simulations, performed with higher (top) or lower (bottom) rates of chromatin
regulator transcription «.. (E) Output numbers of different cortical layer neuron types as
a function of a,. (F) Output fraction of neuron types (top), along with total fold
expansion in cell number (bottom), plotted as a function of starting cell number. Line and
shaded area represent mean and standard deviation. These results show that progenitors
can generate multiple cortical layer neurons with precisely defined fractions, and that
final cell numbers can be scalably adjusted by varying the chromatin regulator levels.
Chromatin modifying enzymes, with their broad specificity and their ability to tunably
modulate epigenetic switching dynamics at multiple gene loci, could impact the speed at
which temporal schedules set by epigenetic switching networks unfold. In a separate
study (Pease et al., in submission), we found that the polycomb repressive complex 2
(PRC2) and Kdm6a/b, the writer and erasers of the H3K27 trimethylation mark
respectively, tunably altered activation time delay for Bcl11b. Because PRC2 and
Kdme6a/b broadly target lineage-specifying gene loci in stem cells (Boyer et al.; Lee et
al., 2006), they could concurrently control switching times at multiple nodes in a
regulatory gene network; consequently, their activity could control the overall speed at
which temporal schedules, set by regulatory networks, unfold over time. Consistent with
this idea, disrupting the PRC2 complex in cerebral cortex development does not simply
change the timing at which a single neuronal layer type is specified, but alters the

specified cation dynamics of multiple neuron types (Pereira et al., 2010), causing the

entire temporal schedule for their generation to be completed in a shorter total duration.

Here, we test the idea that chromatin-modifying enzymes can act on epigenetic switching
networks to control the speed of development. To do so, we developed a regulatory gene

network model for cerebral cortex development. This network has a core architecture that
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is best elucidated from work in Drosophila, but may also underlie neural development in
vertebrates (Rossi et al., 2017; Kohwi and Doe, 2013). This architecture consists of a
cascade of transcription factors that activate each other's expression in succession (Figure
2.6B; Mathematical Appendix, Part VVI). When activated, the regulators induce a
competent states where a distinct cortical neuron type is produced through asymmetric
progenitor division, or, in the case of the last regulator in the sequence, induce cell cycle
exit, as observed (Kohwi and Doe, 2013) (Figure 2.6C). These regulators also repress
their upstream activators in a negative feedback loop, to ensure their mutually exclusive
expression (Figure 2.6B). Finally PRC2 provides an additional input into all other

regulatory genes in the sequence, working to dampen their rates of promoter activation.

From simulations, we found that regulatory genes in this cascade turned on in a defined
temporal order, consistent with experimental findings. Activation of a gene led to rapid
silencing of its preceding regulator, as expected (Figure 2.6D, top), allowing these
regulators to be expressed in sequential waves in single cell lineages. Activation times of
regulators varied from cell to cell, leading to heterogeneity in the final numbers and
fractions of different cortical layer types generated from a single progenitor (Figure
2.6F). However, as starting progenitor numbers increased, variability in cell type
fractions decreased, showing that timing control that is stochastic at the single cell level

can lead to precise control of cell type proportions at the population level.

When PRC2 levels were increased, progenitors activated regulatory genes in the same

order, but proceeded through this temporal schedule for activation at a slower speed
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(Figure 2.6D, bottom). This scaled expansion of the timetable for cortical layer neuron
specification, combined with an unchanged rate of cell division, led to larger final
numbers of different cortical layer neuron types (Figure 2.6D, E). Importantly, while total
cell numbers increased, the proportions of neurons in different cortical layers remained
the same. From an analytical solution of the system (Mathematical Appendix, Part V1),
we find that such scaled changes in timing and population sizes occur over a range of
parameters, as long as PRC2 similarly alters activation timing all regulatory gene loci
when perturbed. These results show that chromatin modifying enzymes, acting on
epigenetic switching networks, can scalably adjust the speed at which developmental

schedules unfold and generate proportional changes in organ and organism sizes.

INDEPENDENT GROWTH AND TEMPORAL CONTROL

Evolutionary changes in organ and organism sizes often arise not from changes to
developmental timetables, but from changes in cell proliferation amid an invariant
developmental schedule. For example, while different dog breeds have birth weights that
can vary by over five fold, they follow a similar embryonic timetable with a gestational
period of two months (Mugnier et al., 2019; Okkens et al.). Relatively few genetic
variants can explain the majority of the variation in breed sizes. Remarkably, most of
these variants affect genes involved in the growth hormone/insulin-like growth factor
(GH/IGF) axis (Rimbault et al., 2013). This signaling pathway controls the rate of cell
growth and division and acts as a master controller of embryonic growth (Baker et al.,

1993; Verhaeghe et al., 1993). Mutations altering GH/IGF signaling activity change the
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overall rate of proliferation in the embryo without affecting the temporal schedules for
organ formation, resulting in proportionately scaled body sizes at birth (Baker et al.,
1993; Gagliardi et al., 2005; Garfunkel et al., 2015). Similarly, decreasing c-Myc
expression in mice reduces embryonic proliferation rates without affecting developmental
schedules, resulting in neonates with fewer cells that retain their basic anatomical

proportions (Trumpp et al., 2001; Hofmann et al., 2015).

It has been unclear how changes to cell proliferation control can occur without
concomitant changes in developmental timetables. Classical gene regulatory networks
that are capable of generating long delays (Figure 2.2111-V) tend to have protein and
MRNA species that are stable over the cell cycle, such that their levels depend on their
rate of dilution with cell division. In contrast, the timed epigenetic switches we have
identified operate independently from cell division (Pease et al., in submission); thus,
epigenetic switching networks could potentially set developmental schedules invariant to
cell proliferation changes (Figure 2.7A). To examine this idea, we developed a toy
regulatory network for body plan formation, and analyzed this network to define the
conditions under which epigenetic switching networks could generate invariant
developmental schedules that allowed for tunable control of cell population sizes and

fractions through control of cell division rate.
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Figure 2.7: Master growth regulators, acting on division-independent developmental

schedules, can proportionally vary population sizes. (A) Perturbations to cell cycle

regulators result in coordinated scaling of independently developing tissues. (B) Two

gene regulatory networks for the two tissue types, each with an upstream regulator (X,

Xp), a downstream regulator (Y, Yz), and a cell cycle exit regulator (Z4,Zz). (C)
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Asymmetric division scheme for cell type specification, with cell states colored according
to their corresponding regulators. (D) Representative time traces showing concentrations
of regulatory genes, in single cell lineages with slower (left) or faster (right) cell division
rates. In both instances, we considered two parameter sets: one where YB is unstable
(middle), and another where it is stable (bottom). (E-F) Averaged cell number plots (left)
and final cell fractions (right), plotted as a function of cell cycle speed, obtained under
regimes where Y is either unstable (E) or stable (F). These results show that changes in
cell division rates can lead to proportional changes in cell population sizes, but only when
regulators have short half-lives and, consequently, concentrations that do not vary with

cell cycle speed.

To capture the autonomous development of multiple parts of a body plan, we incorporate
into our model two epigenetic switching networks, each operating in parallel in different
progenitor populations to generate a total of four differentiated cell populations (Figure
2.7B, C) (Mathematical Appendix, Part VI1). While these progenitors develop
independently from each other, they share a cell cycle control mechanism that can be
adjusted by evolutionary mutations. These mutations could occur in the GH/IGF
signaling pathway, as in the case for dogs, or in other cell division speed regulators, such
as c-Myc or Akt/mTOR signaling (Chen et al., 2001; Peng et al., 2003). We then simulate
the time evolution of each regulatory network independently, to determine the effects of

changing cell division rates on sizes and proportions of differentiated cell populations.

From stochastic simulations, we found that progenitors could maintain a constant
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developmental schedule over a range of cell cycle speeds (Figure 2.7D, top and middle;
E). When the speed of cell cycle progression increased, the population sizes of all
differentiated cell types increased in a proportional manner, such that the fractions of

different cell types remained largely constant.

Developmental schedules maintained constancy only when proteins encoded by
regulatory network genes were all unstable, such that their half-lives were shorter than
the cell cycle duration. When a regulatory protein in this network was set to be stable,
such that its levels now varied with changing cell cycle length, there was a change in the
activation timing of its target gene, which in turn led to disproportionate increase in the
size of its corresponding cell population (Figure 2.7D, bottom, F). These results indicate
that rapid protein turnover in epigenetic switching networks, relative to cell division, is a
requirement for maintaining developmental timetables that are independent of cell

division speed.

2.10 METHODS AND MATHEMATICAL APPENDIX

Here, we describe the gene regulatory network models analyzed in this study. Some
models follow regulatory dynamics of single cells within individual lineage branches
(Sections I-111), whereas others extend these models to include lineage information
(Sections IV-VII). Simulation parameters are provided in Table 2.1. All models were
simulated using Tellurium, a python environment for biochemical network modeling

(Choi et al., 2018). Simulations were run using the Gillespie algorithm (Gillespie, 1977).
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For simulations of cell lineages, individual cells within lineages were simulated
separately, and the ending conditions of each cell were used to compute initial conditions
for its two daughters. Data from simulations were then exported and subsequently

analyzed and/or plotted using MATLAB (Mathworks, Natick, MA).

COMPARISON OF CLASSICAL AND EPIGENETIC SWITCHING GENES

Here, we will describe models of networks with either classical or epigenetic switching
genes, to determine whether epigenetic switching genes can generate more reliable
response delays that are tunable over timescales spanning multiple cell divisions. In each
model, an upstream signal S activates (represses) a regulatory gene X with a promoter Py,
which in turn activates (represses) a downstream response gene Y (Figure 2.2). For a

promoter activated by epigenetic switching, the reactions describing this network circuit

IS given by:
P_r ax-S-(1-Fy) P_r + 1

X _— X+1

X == X -1

v VKT 1 (10)
SyY

Y LR Y -1 (1)

where X is the rate constant for X promoter activation, X is a rate constant of

X transcription from an active promoter, X is the first-rate constant for X degradation, Y
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is the maximal rate constant of Y transcription, x = X = V is the concentration of x in
the cell, K is the constant for half-maximal transcription of Y by X, and Y is the rate of Y
degradation. Here, we assume that S controls of X promoter activation with a first-order
rate, whereas X regulates transcription of Y following a Michaelis-Menten relationship.

The rate constants for simulations shown in (Figure 2.2) are given in Table S2.1.

For a promoter repressed by epigenetic switching, the underlying reactions are given by:

p, =2 pg

) QN C SN |

X 2xX, X -1

v fny.K”/(m"JrK")r V41 (11)
by Y

Y — Y -1 (2)

Here, S turns off the promoter of X with rate constant ay, and X in turn inhibits Y

transcription with a hyperbolic function.

For a classically-regulated promoter turned on by a signal S, the underlying reactions are

given by:
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IxV-S

X Sy X+1
X Ix X, X-1
% 'ny-.r”/(:c”+I(”)/ % n 1
§y-Y
Y — Y -1 (12)

Here, S directly up-regulates transcription of X with first-order rate constant yy; X then

up-regulates transcription of Y following a Hill function.

For a classically-regulated promoter activated by both a signal S and by itself, through a

positive feedback loop, the underlying chemical reactions are:

YoV -S+71 V-:[:m/(xm—kf(m)\

X y X +1
X LN X -1
% 'ny-x”/(:c”+L")> v n 1
Y oY Y -1 (13)

Here, S activates X with a rate constant y,, and X also cooperatively activates itself,
following a Hill function with maximal rate constant y,, Hill coefficient m and half-

maximal constant J.

For a classically-regulated promoter repressed by both a signal S, the underlying

chemical reactions are:
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X Ox X, X -1
v 'YYV'LR/(IH+Ln)r V41
oy Y
Y —_ Y —1 (14)

Here, signal S inhibits transcription of X following a hyperbolic function with half

maximal constant K.

In all cases, we simulated these chemical reaction scheme in a single cell with cell cycle
duration t[*. As described above in the modeling, cell volumes change V with cell cycle;
at the end of each cell cycle, proteins are then partitioned randomly, whereas promoter
activation states are inherited from the parental cell. Attime t = 0, signal S is provided
to the system; the response time is then defined as the time when levels of the response

gene Y increase above a certain threshold Y.

Classically-regulated genes do not robustly generate long, tunable response delays.

Our simulation results suggest that the classically-regulated genes are fundamentally
limited in their ability to generate robust, yet tunable delays that exceed one cell
generation. To demonstrate the generality of the result, we consider the deterministic
equivalent of the model for a signal-activated gene that is classically regulated, as

follows:
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d_t' = YpS — O (15)

where a is the synthesis rate of the gene, and &, is the rate of protein removal, by either
degradation or cell cycle mediated dilution. Here, we assume that the protein shows
negligible degradation over the course of a cell cycle, such that §, = 1/7., where 7. is

the duration of the cell cycle.

We now consider a situation, where the gene is silent, but is subject to signalsatt = 0
that activate its expression. The expression of x increases progressively, until it reaches a
threshold x,, upon which it triggers a downstream response. By analytically solving for
this differential equation, we can obtain the response delay D;, defined as the time when

x reaches the response threshold x;, as follows:

Based on the equation, we now calculate parameter conditions for which D, must activate
after a given number of cell cycles N, (i.e. when D_t > N/§, ). By substituting this
parameter condition into the above equation, we get the following constraints on the

model parameters:
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{1 ] <« =2y (16)

eN O - Tt

Based on this equation, it is clear that, when N « 1, the range of parameters over which

this constraint is satisfied becomes very narrow. For instance, when N = 5, then:

AI,:BS

6C'It

0.99 <

<1 @17

Thus, even a very minor change to any of the parameters in the model will lead to a

failure in satisfying this condition.

We can perform a similar analysis for a signal-induced gene with positive feedback, as

follows:

dx

—=01(S)-46X 18
7 = 1(5) =0, (18)
Where:

I'iSYy="5+vy - —

(S) =S +mn o o

Here, the rate constants are defined equivalent to those in the stochastic model above. To
derive a general expression for the response delay as function of parameters, we first take

the limit where the positive feedback is highly ultra-sensitive, such that m — co. In this
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regime, the rate of gene synthesis can be approximated by the following piecewise linear

function:

2

I'(S) 705 if z<K (19)

&

Y05 + 71 if z>K (20)

In this limit, we can solve for the delay D, for gene levels to reach a threshold x;, as
follows:

708 + 7 — K

NI A
D, = In ( ) —4—111(#}’05_*_#}’1 T

50 ’}‘US — 5:5]{ ) (21)

This expression reveals that long response delays can arise under the following regimes:

when either the first or second terms on the right hand side are large.

The parameter conditions satisfying the first regime is given by:

(22)

The parameter conditions satisfying the second regime is given by:

71 + 0S5 eN
1T 7o <

L< O - Ty eV —1 (23)

In the first regime, long response delays arise because of long times required to activate
the positive feedback loop; in the second regime, delays arise because of long times

required to reach a threshold for downstream gene expression. In either case, when delay
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exceeds one cell generation, the right hand side of the condition converges rapidly to
unity, providing only a narrow range of parameter over which a long delay can be
generated. For instance, when N = 5 cell generations, the right hand side of both
expression is only slightly higher than unity (1.0067), allowing for only 0.7% variation in

the combination of parameters above.

We next analyze a classically-regulated gene that is repressed by a signal. The ordinary

differential equation describing this system is given by:

dz Y I
_— = i — T 24
T @

We now calculate time required for x to drop to a threshold value, x;, below which a
response occurs. Assume that the system starts its initial steady state value in the absence

signal, such that x(0) = y,/6,. Attimet = 0, the signal S is introduced.
Let as assume, as is the case for the simulations that the response threshold x; is much
lower than the initial levels x(0), such that there is a multi-generational response delay,

even in the presence of strong signals. In this case, we can solve analytically for the time

at which x drops to its response threshold value:

1 ity
Dt_%'ln (113«,:—55‘0-[{/8) (25)
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is the initial level of x prior to introduction of signal S. When the signal is strong, such
that x, > (xo - K/S), aresponse delay of N cell generations or greater can only occur

when:

LA 27)

) c

In this regime, where signals are strong, the response delay varies with the response
threshold x, and the maximal steady state level x,, but is largely invariant to changes in
the level of signal S. When signals are weaker, there is a regime over which response

delays can vary with signal levels. In this regime, response delays occur when:

D<(ﬁ—£)<i (28)

However, in this regime, when N exceeds one cell generation, this condition is satisfied
only for a very narrow range of S. When S falls below the value S = x;/(x(K), the
system fails to respond. Thus, while classical signal-repressed genes can mount delayed

responses, these responses are tunable over only a narrow range of signal levels S.

Epigenetic switching genes generate signal-tunable response delays
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For epigenetic switching genes, response delays are dominated by the waiting time for
the gene promoter to switch to an active or silent state in response to signals. As
switching is governed by first-order kinetics, occurring with a constant probability per

unit time, the waiting time distribution for switching is exponential, as follows:

p(7) =kexp(—k-7) (29)

where k is the first-order rate constant for switching. For a gene that is activated in
response to a signal, this first-order rate constant can be tunably controlled by signal
strength k = ayS, as we characterize in our accompanying study (Pease et al., in prep);
consequently, we can integrate over this waiting time distribution to obtain the mean

response delay:

() = [rprr (30)
= /;O T- [(QXS)e_“XsT] dr (31)
- QXl. S (32)

We note that, in contrast to classically-regulated genes, the response time of the system
does not diverge when signals fall below a threshold value; as long as there is a non-zero
level of signal, there will be a non-zero probability of switching. Thus, for epigenetic
switching events that give rise to activation, response times will be generally be tunably

over a wide range of signal magnitudes.
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We can perform the same analysis for a gene that is epigenetically silenced by a signal
with first-order kinetics. While our accompanying paper did not explicitly model signal-
induced switching to a repressed state, other studies has found that signal-induced
epigenetic switching similarly occurs stochastically, with first-order kinetics that are

tunable by signaling inputs (Bintu et al.). In this case, the mean response delay is given

by:

(D) = (33)

A NEGATIVE FEEDBACK LOOP OF EPIGENETIC SWITCHES

We consider a simple network, where a signal S activates the promoter of regulatory gene

X. X then activates the promoter of a second regulatory gene Y , which feeds back to

inactivate the promoter of X. The chemical reactions underlying this network
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Model Description Value

Fig. 2.2(I) | ax epigenetic activation rate constant of X promoter | 10~*/hr
Vx synthesis rate of X 10® copies/hr
S degradation rate of X 1/hr
Y maximal synthesis rate of ¥ 10® copies/hr
n Hill coefficient for ¥ synthesis 10
K level of z for half-maximal Y synthesis 200 copies
dy degradation rate of ¥ 1/hr

Fig. 2.2(11) | Bx epigenetic silencing rate constant of X promoter |2 x 1073/hr
VX synthesis rate of X 10® copies/hr
0x degradation rate of X 1/hr
% maximal synthesis rate of ¥ 10® copies/hr
n Hill coefficient for ¥ synthesis 10
K level of = for half-maximal inhibition of ¥ synthesis | 40 copies
dy degradation rate of ¥ 1/hr

are as follows:

Table 2.1: Model Parameters (1)

P, ox-S(1-P) P+1
B -Pryf(y+K)
D, 1 P, -1
X MESLEEN X+1
X X, X—1
ay S-(1=Py)af(z+L)
P, - > P41
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y 2y g

y 25y

(34)

Here, assume that S activates the promoter of X with first-order kinetics at a rate constant
X; X activates the promoter of Y following Michalis-Menten kinetics, with half-maximal
constant L, and maximal rate constant Y ; Y then switches off Py with hyperbolic rates,

with half-maximal constant K and maximal rate X.

This network was simulated in single cells with cell cycle duration t7*. As before, cell
volumes change V' with cell cycle. Finally, to obtain timetables for the expression of X
and Y, simulations were repeated, and activation times for these two genes were recorded

and averaged.

A MUTUAL INHIBITORY LOOP OF EPIGENETIC SWITCHES

We describe a simple network, where a signal S activates the promoters of two regulatory

genes X and Y . Once activated, these genes inhibit the signal-dependent activation of the

other. This network is described by this reaction scheme:
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ax 5K/ (y+K)-(1-P2)

P, > Po+1
¥ xV-Pa X+1
X Sx- X, X—-1
Py ay 5-(1-Py)-L/(z+L), P‘y +1
v avV-Py, Y+1
v LR Y -1 (35)

Here, we assume that Py and P, both activate in response to S with first-order Kinetics.
Their gene products X and Y then inhibit each other following a hyperbolic function, with
half-maximal constant K, for Y , and L for X. As before, single cells were simulated with
cell cycle duration t* multiple simulations were run to obtain averaged time windows for

expression of X and Y .

COUPLING OF EPIGENETIC SWITCHING NETWORKS TO CELL

PROLIFERATION CONTROL

For these and all subsequent models, we will simulate gene regulatory networks across on
entire cell lineages. We do so in order to understand how cell numbers evolve over time,
and how this time evolution may depend on the strategy for coupling cell differentiation

with gene regulatory network activity.

We considered two coupling strategies, one where gene activation directly induces

differentiation and cell cycle exit, and another where gene activation controls the entry or
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exit of a cell from a competent state where it can differentiate. For the first strategy,
expression of a regulatory gene Y above a certain threshold induces cell differentiation
arrest. In this scheme, progenitors initially divide with cell cycle time t*, generating two
daughters that can both divide further. However, when a progenitor expresses the
regulatory gene Y above a certain threshold Y; anytime during its initial cell cycle
lifetime, it will no longer divide; instead, it will exit from the cell cycle to generate a
differentiated, growth arrested cell. We coupled this cell division control scheme to two
regulatory networks, the classical signal-induced repression model (Model I a, Egs. 5),
and the epigenetic promoter activation model (Model I &, 1). In both cases, we simulated
single cells recursively using this coupling scheme, until all the cells stopped dividing, or

until a time limit t,,,,,, was reached.

For the second strategy, expression of a regulatory gene Y controls the entry or exit of
progenitors from a differentiation competent state. In this competent state, progenitors
divide with cell cycle time tI*, as before; however, with each cell division, they can
either divide asymmetrically, giving rise to one progenitor and one differentiated,
growth-arrested cell; alternatively, with each cell division, each daughter can differentiate

with a fixed probability p.

For the first model (Figure 2.4B), cells initially reside in this competent state, and
expression of Y above a threshold concentration y, leads to death of the cell at its point
of division (Figure 2.3B.I). Here, the signal-dependent epigenetic activation of X results

in the expression of Y, as given by Egs. 1).
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For the second model (Figure 2.4C), cells initially reside in a competent state where they
give rise to cell state 0. The signal S then leads to the epigenetic activation of the
promoter of Zg, whose expression beyond a concentration threshold z; switches the cell
to a second competent state 1, where they generate a second cell type through asymmetric
division. Independently, epigenetic activation X then causes the cell to turn on the growth
arrest Y regulator. When Y reaches a concentration threshold y , the progenitor,
irrespective of its state, undergoes cell death at the end of its lifetime. The following

reaction scheme describes this simple network:

ax-(1—Pz)

P, P 1
X PR X
X XX, X1
y VR
Y Lt Y —1
P, agS-(1-F;) P41
z 2z oz
Z 022 Z -1 (36)

Here, we assume that signal S activates Py with a first-order kinetics; also, we assume
that X activates Y in a cooperative manner, with half-maximal concentration K, Hill

coefficient n, and maximal rate constant Y . As with the above models, single cells are
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simulated recursively, until there are no more proliferating cells, or until a time limit

tmax 1S reached.

Competent state control enables generation of defined population sizes

Here, we derive an analytical expression for the number of differentiated progeny
generated in the competent state control schemes described above. We consider the

model (Figure 2.4B), where cells initially exist in a differentiation competent state, but
then exit this state upon activation of an epigenetic switch. Let 7 be the random variable
representing the time to epigenetic switching, and let the distribution of this waiting time
be p(7). Cells in this competent state have a cell cycle duration of z.; at each division, we
then assume here that they divide asymmetrically, generating one progenitor and one
differentiated cell. Thus, for a cell that undergoes epigenetic switching at time t , the

number of differentiated cells generated are then given by:

n(r) = |7/7] (37)

We can now integrate over the waiting distribution to get the average number of progeny

generated by a single cell:
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(n) ~ f (r/72) - p(r)dr (38)
~ UW(T/TC)-kede’r (39)

1
m — (40)

Here, k = a - S is the rate of signal-dependent epigenetic switching. This expression
shows that population sizes can be increased either by shortening the cell cycle duration,

7., Or by decreasing the first-order rate of epigenetic switching, k.

MINIMAL HOX GENE NETWORK

Here, we describe a minimal model of the Hox gene network. In this model, we do not try
to comprehensively capture the regulatory dynamics of all Hox genes, but instead seek to
capture the essential architecture and dynamic features of this network. In this model, we
partition anterior and posterior-specifying Hox genes into two groups, X, and X, . The
posterior Hox gene Xp, once activated, can promote the silencing of the anterior Hox
gene promoter P,. Both Hox genes, once activated, can serve to activate a cell cycle
terminating gene Y. The following equations describe the chemical reactions that underlie

this network:
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Xo v, Xo+1
Xo SoXo, Xo—1
p, 2R piad
Py BaXplZR) po_
X2 ﬂ} Xa+1
X4 SaX, X4—1
pp (lerXelZPo) o poq
Xp aeV-Pe, Xp+1
Xp Se-Xe, Xp—1
p, o EatXp B oo
Y wrh, Y +1
Y Lan Y —1 (41)

Here, we have assumed that all activating interactions, as well as the silencing of X, by
Xp follows first-order kinetics. We further define f to be a dimensionless parameter that
scales the rate of P, switching, that would depend on the strength of the enhancer
controlling its activation. In this model, progenitors initially divide symmetrically, but
switch to an asymmetrically dividing competent state that either specifies anterior cells,
when X, is on and exceeds a threshold concentration a , or posterior cells, when X, is
on py . Note that we have chosen parameters such that cells do not stably express both

regulatory genes; however, in the event that there is transient expression of both genes,
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we take the cell to specify a posterior cell, are reflection of the posterior dominance in
Hox gene expression. Finally, once Y exceeds a threshold concentration y,, the cell

ceases to divide, and dies at the end of its cell cycle lifetime.

EPIGENETIC SWITCHING NETWORK FOR CEREBRAL CORTEX

DEVELOPMENT

Here, we describe a gene regulatory network model for cerebral cortex development. This
network consists of a sequence of the regulatory genes X; — X,, each with promoters

P, — P,. Each gene induces activates the promoter of the next gene in succession, and
silences the promoter of the preceding gene. The last gene product, X,, activates gene Y
that drives cell cycle exit; additionally, a repressive chromatin regulator C is
constitutively expressed and dampens the epigenetic activation of all regulators. The

chemical reactions describing this network is given by:
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B

g

Xo

Xo

REAGSEN Xp+1
SNy
qle-(l—Pz)/(C/V)> Pl
FPaXa by Py—1
iideiN Xo+1
e
agXQ-(l—PB)/(C/V)> Pl
BXeBs po
REACEN Xz+1
S
asXa(1-P0)/(C/V), P+1
vaV-Pa Xy +1
L
QYX4.(1—PY)/(C/VJ> Py +1
1V-Py Y +1
Sy Xy, Y -1

76122 C+1

écC
—
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For simplicity, we have assumed that all regulatory interactions obey First-order kinetics,
being far from saturation. Furthermore, we assume expression of the regulators X; — X,
above concentration thresholds x;+ — X, switch the cells into a competent state, where
they produce neuronal cell types 1-4, following the asymmetric cell division scheme
described above. Furthermore, the expression of Y above a threshold y; then causes cell

death at the end of the progenitor lifetime.

In simulations we varied the transcription rate of C, y., to model the effects of the
mutations that may change chromatin regulator expression or activity. As above, we
obtained lineages by simulating single cells recursively, until there are no more

proliferating cells, or until the time limit t,,,,, is reached.

Let k; be the effective activation time constant for the gene X;. Assuming that the
preceding activator X;_; rapidly reaches steady state upon switching to an active

epigenetic state, this time constant for activation is approximately:

hy = 2H (43)
@16

ks = =21 (44)
éQC
Q4Y1

k _ /

4 Sac (45)
QY1

k, = -2 46

Y 54(? ( )

Where ¢ = C/V is the steady-state concentration of chromatin regulator in the cell.
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Furthermore, assuming that activation of the gene X; causes rapid silencing of gene X;_;
through negative feedback, we get that the number of progeny of type i, N; generated is

approximated by:

N, = 7016 (47)
a1
T.09C

Ny = =2 (48)
asys

Ny — Te03€ (49)
¥q7y3
T.04C

Ny = (50)
QyY4

These expressions show that the population sizes of all differentiated cell type can be
adjusted by changing chromatin regulator concentrations c¢. On the other hand, the

fractions of different cell types are given by:

£ = i _ (61/05271) (51)
(61/agy1) + (62/aszya) + (d3/aays) + (01/ayma)

fo= _ (&2/asmy) (52)
(01/azy1) + (d2/azya) + (03 /aays) + (04/aya)

fa = — __(%/ar) (53)
(01/azy1) + (d2/azya) + (03 /aays) + (04/aya)

fo= (04/ayya) (54)

(61/aom1) + (d2/azy2) + (d3/cays) + (84/cyva)

In contrast to total population sizes, population fractions are independent of chromatin
regulator levels ¢, demonstrating that that population sizes can be scalably adjusted while

maintain relative proportions. Interesting, these fractions are also independent of cell
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cycle time 7., suggesting that population sizes can be scalably adjusted by changing cell

cycle duration. This is a point we will explore further below.

INDEPENDENT EPIGENETIC SWITCHING NETWORKS FOR TISSUE

FORMATION

As a toy model for the independent formation of two tissue during embryogenesis, we
consider two that regulatory gene networks evolving in time in two progenitor
populations. These two populations of cells do not interact, but share a common cell

cycle control machinery that dictates their rate of division.

Each network, a initial regulator (X; or X5) activates the promoter of a second regulatory

gene (X, or X,), which represses the first gene's promoter through negative feedback, and

activates the promoter a cell cycle exit regulator (Y or Z).

The reaction scheme for the first regulatory network is given by:
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p AR p g
D PR LN |
X, o XM ox
p 2R b
X, 2V x4
X, 2% x,1
p X0 po
y 27y
y 24 y_1

(55)

whereas the chemical reactions for the second regulatory network is:
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p, A p g
D CRNCLE N |
D ORI .U |
p, SR by
D VRN |
X, XA x, 1
p, 2XeP pog

z 2Pz

A %z2, Z-1

(56)

In both networks and cell populations, progenitors exist in a competent state where they
generate cell-cycle arrested progeny through asymmetric cell division; the type of
progeny generated is determined by the expression of the regulatory gene above a certain
threshold (x;7 , x,7 , x37 and x4 ). In all competent states, the cell cycle lifetime is
given by t,,,.. We note that this lifetime is determined by activity of cell growth pathways
such as the IGF pathway. To model the effects mutations altering the activity of these
pathways, we will concurrently vary t,,. in both gene regulatory networks in our

simulations.

As above, we perform simulations recursively in single cells to obtain complete lineages.

The two regulatory gene networks are simulated independently, and the time traces and
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cell numbers obtained are then combined for analysis.
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Model Description Value
Fig.2.2(111) | 7x synthesis rate of X 0.5/hr
dy degradation rate of X 0/hr
Ty maximal synthesis rate of ¥ n? copies hr
n Hill coefficient for ¥ synthesis 10
K level of  for half-macamal ¥ synthesis 107 copies
dy degradation rate of ¥ 1/hr
Fig. 2.2(1V) | 7o signal-dependent synthesis rate of X 5 copieshr
il positive feedback-dependent synthesis rate of X T0 copies hr
i Hill coefficient for positive feedback of X 15
K level of  for half-maximal synthesis of X 100 copies
dy degradation rate of X 0/hr
Ty maximal synthesis rate of ¥ 107 copies /hr
n Hill coefficient for ¥ synthesis 10
L level of  for half-macamal ¥ synthesis 107 copies
dy degradation rate of ¥ 1/hr
Fig. 2.2(V) | vx maximal synthesis rate of X 100 copies/hr
K level of S for half-maximal inhibition of synthesis | 5 coples
of X
dy degradation rate of X 0/hr
fy maximal synthesis rate of ¥ 10? copies/hr
n Hill coefficient for ¥ synthesis 10
L level of ¢ for half-maximal ¥ synthesis 40 copies
by degradation rate of ¥ 1/hr

Table 2.2: Model Parameters (1) cont.
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Model Description Value
Fig. 2.3.A | ox cpigenetic activation rate constant of X promoter | 0,02 /hr
By epigenetic silencing riae constant of X 20/ copies hr
I lewvel of ¥ for halfbmaximal X promoter silencing | 30 copies
Tx synthesis rate of X 1300 copies /hr
dy degradation rate of X 1/hr
L lewe] of  for half-maximal promoter ¥ activation | 30 copies
Ty synthesis rate of ¥ 108 /hr
dye degradation rate of ¥ 1/hr
Fig. 2.3B oy maximal epigenetic activation rate constant of X | 0.02/hr
promoter
I lewel of o for halfbmaximal inhibition of epigenetic | 20 copies
activation of X
Tx synthesis rate of ¥ 300 copies/hr
&y degradation rate of X 1/hr
L lewel of ¢ for half-maximal inhibition of the pro- | 20
moter ¥ activation
Ty synthesis rate of ¥ 107 copies,hr
dy destadation rate of ¥ 1/hr

Table 2.3: Model Parameters (11-111)
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hodel Description Walue
Fig.2.4A(I) | ax epigenetic activation rate constant of X promoter | 0.01 /hr
Fig.2.4B(l)

x svnthesis rate of X plis copies hr

dy degradation rate of X 1/hr

Ty maximal synthesis rate of ¥ i0° copies hr

n Hill coefficient for svnthesiz of ¥ 10

K level of # for half-maximal epigenetic activation of | 200 copies

v

dye degradation rate of ¥ 1/hr
Fig.2.4B(Il) | muy epigenctic activation rate constant of X promoter | 0.008,hr

Tx synthesis rate of X 10° copies,/hr

&x degradation rate of X 1/hr

Ty maximal synthesis rate of ¥ plis copies hr

n Hill coefficient for synthesis of ¥ 10

K level of # for half-maximal epigenetic activation of | 200 copies

v

iy degradation rate of ¥ 1/hr

i epigenetic activation rate constant of 2 prometer | 0,03 /hr

iz svnthesis rate of & 500 copies/hr

dar degradation rate G?EZ 1/hr

Table 2.4: Model Parameters (1V)
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Mode]

Deseription

WValue

Fig. 2.5

Tr
dp
Oy
Ty

by

synthesis rate of Ap

degradation rate of X

epigenctic activation of promoter Py
epigenctic silencing of promoter Fa
maximal synthesis rate of X 4
degradation rate of X4

epigenetic activation rate of promoter Pr
synthesis rate of Xp

degradation rate of Xp

epigenctic activation of promoter B
synthesis rate of ¥

degradation rate of ¥

107 copies/hr
1/hr

95 1075 /hr
0.1/hr

107 copies/hr
1/hr

1.2 % 1074 /hr
A50 ecopies hr
1/hr

6 1075 feapy fhr
107 copies/hr

1/hr

Table 2.5: Model Parameters (V)
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Model Description Walue

Fig. 2.6 ) cpigenetic silencing rate of promoter My 100/ copy fhr
i synthesis rate of X, i? copies/hr
&y degradation rate of X 1/hr
g epigenetic activation rate of promoter F 0.01 /hr
) epigenetic silencing rate of promoter M 100/ copy fhr
g svnthesis rate of Ao Q00 copies/hr
iy degradation rate of X, 1/hr
g epigenctic activation rate of promoter & 0.01 /hr
= epigenetic silencing rate of promoter P 100/ copy fhr
¥y svnthesis rate of Xs TO0 copies/hr
&y degradation rate of Ay 1/hr
oty eplgenctic activation rate of promoter £ 0.01 /hr
e svnthesis rate of X, 10° copies/hr
&y degradation rate of X 1/hr
Ty cpigenetic activation rate of promoter B 0.01 /hr
¥ synthesis rate of ¥ 107 copies/hr
iy degradation rate of ¥ 1/hr
Yo svnthesis rate of O 10° copies/hr
e 1/hr

degradation rate of

Table 2.6: Model Parameters (V1)
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Model Description Value
VII. 11 S epigenetic silencing rate of promoter P 100 /copy /hr
T svnthesis rate of X, i0? copies hr
dy degradation rate of Xy 1/hr
i cpigenetic activation rate of promoter 4 * 10-8
coples hr
o epigenetic silencing rate of promoter P 100 /eopies hr
e svnthesis rate of Xg 900 copies/ hr
iy degradation rate of Ay 1/hr
Oty epigenetic activation rate of promoter 4% 1075 copy /hr
fy synthesis rate of ¥ 107 copies /hr
dy degradation rate of ¥ 1/hr
iy epigenetic silencing rate of promoter P 100/ copy hr
1 svnthesis rate of Xs 107 copies,'hr
dq degradation rate of Xy 1/hr
iy epigenetic activation rate of promoter P 25 10-% feapy (hr
4 synthesis rate of Xy 107 copies /hr
dy degradation rate of Xy 1/hr
T epigenetic activation rate of promoter Py 23 107% feapy /hr
i synthesis rate of 2 107 copies /hr
35
b degradation rate of & 1/hr

Table 2.7: Model Parameters (V1I)

2.11 DISCUSSION

In this study, we sought to understand how progenitors can maintain autonomous

timetables for cell lineage specification that robustly unfold over long developmental
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timescales, but are yet flexibly adjustable by evolution. We found that epigenetic
switching networks, in contrast to classical networks governed by the bacterial
quantitative paradigm, indeed maintains robust timetables for gene activation and lineage
specification. When used to control the transitions between different competent cell states
for differentiation, epigenetic switching networks could generate multiple output cell
types in defined numbers and proportions. Through analyzing a series of case studies, we
further show how evolution can act on epigenetic switching networks to alter
developmental timetables and, consequently, organism size and proportion. Our results
establish a quantitative paradigm for understanding how embryos can set and flexibly

adjust developmental timetables for controlling organism size and proportions.

Epigenetic switching networks, in contrast to classical gene regulatory networks, can
uniquely generate long response delays that are tunable by signaling inputs. While
classical gene regulatory networks can also generate multi-generational response delays,
these delays could only be tuned by signals over a narrow range. Furthermore, this
tunable signal range was close to the lower signal threshold below which progenitors fail
to respond, making them susceptible to stalling in a proliferative state. Thus, classically
regulatory networks, while ideal for functional processes that require rapid responses,
may be less suitable for developmental and physiological processes requiring protracted

temporal control over many cell generations.

Epigenetic switching networks can generate multiple cell types in defined sizes and

proportions, provided that they control the transitions of progenitors between competent
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states that generate differentiated progeny through either asymmetric cell division (where
fate determinants are unevenly partitioned during cell division) or through stochastic
differentiation control (Figure 2.4). In either case, cell populations grow linearly with
time, allowing their sizes to be capped by stochastic timing delays that arise through
epigenetic switching. There is evidence for both asymmetric and stochastic mechanisms
in specific vertebrate developmental systems (Knoblich, 2010b; Fish et al., 2008; Simons
and Clevers, 2011b; Klein and Simons, 2011); however, it will be useful to analyze
developmental processes at the single lineage level in order to ascertain whether these
competent states occur generally in the embryo. Emerging techniques for lineage
reconstruction at the level of whole organisms may allow us to perform this analysis in a

systematic manner (McKenna et al., 2016).

Our studies in cerebral cortex development implicate epigenetic-modifying enzymes as
master regulators of developmental speed (Figure 2.6). Because of their broad sequence
specificity, chromatin regulators likely bind and act on multiple genes within epigenetic
switching networks (Boyer et al., 2006; Lee et al., 2006); consequently, changes in their
levels or activity would alter network dynamics at a global level, and could potentially
change the speed at which their temporal schedules unfold. Consistent with this idea,
disruptions in polycomb complex activity accelerates differentiation across multiple cell
lineages in different contexts (Xiao et al., 2018; Ezhkova et al., 2009; Mirzamohammadi
et al., 2016; Endoh et al., 2017; Fujimura et al., 2018; Zhang et al., 2015). Deletion of the
PRC2 methyltransferase subunit Ezh2 accelerates the temporal schedule for cerebral

cortex development, leading to reduced cortical tissue size while preserving the temporal
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order of neuronal subtype differentiation (Pereira et al., 2010). Evolutionary changes in
polycomb activity could stem from non-coding mutations a affecting expression levels of
polycomb components; however, because the PRC1 and PRC2 families have both
undergone expansion during vertebrate evolution (Sowpati et al., 2015), it is also possible
that such speed changes may also involve mutations that alter protein function. We point
out that while H3K27me3 modifications modulate activation timing in our system, our
modeling and experimental results indicate that they must collaborate with other
chromatin modifications to set activation timing (Pease et al., in submission). Thus,
multiple chromatin systems may ultimately work together to dictate the pace of
development. The repressive mark H3K9me3 also regulates lineage specification (Nicetto
et al., 2019), and may co-exist with H3K27me3 to establish repression at developmental
genes (Boros et al., 2014; de la Cruz et al., 2007; Yamamoto et al., 2004). Another
intriguing chromatin-regulating factor is HMGAZ2, a DNA-binding protein that controls
body size and developmental timing in vertebrates (Chung et al., 2018; Lamichhaney et
al., 2016). HMGA proteins also have broad genome-specificity (Ozturk et al., 2014) and

could operate on many loci simultaneously to control developmental speed.

Temporal control mechanisms, as implemented by epigenetic switching networks, must
ultimately work together with spatial patterning mechanisms to ensure proper
development. It is still largely unclear how spatial and temporal control mechanisms
work together to determine tissue and organ sizes; however, based on existing work, we
suggest two possible strategies: Firstly, temporal control mechanisms could set the size of

domains on which spatial mechanisms act. For instance, some morphogen gradients can
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scale with the dimensions of a domain (Ben-Zvi et al., 2011; Inomata, 2017; Rogers and
Schier, 2011), though these gradients do not control the domain size itself (Averbukh et
al., 2014; Fried and Iber, 2014). Temporal mechanisms, with their ability to precisely
specify output cell numbers, could work in conjunction with spatially scalable patterning
mechanisms to ensure proportionality in both size and form. Secondly, temporal control
mechanisms could generate defined cell populations that then self organize in space. For
example, during spinal cord development, an epigenetic switching network of mutually-
inhibitory genes is thought to drive motor neuron specification in the spinal motor
column (Johnston and Desplan, 2010). While these different motor neuron types are
initially randomly distributed in space, they express unique cadherin combinations (Price
et al., 2002) that allow them to cluster together and generate defined structures. In
general, future studies in developmental biology will benefit from closer consideration of
how spatial and temporal control mechanisms work together to specify growth and form

during multicellular development.
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CHAPTER Ill. AN UNSUPERVISED, DEEP-LEARNING WORKFLOW FOR

EXPLORATION OF CELLULAR PHENOTYPIC STATES AND THEIR DYNAMICS FROM

LIGHT MICROSCOPY MOVIES

3.1

INTRODUCTION

Cells maintain and switch between distinct phenotypic states in a dynamic manner. The
facile identification of these states and understanding the basis for and dynamics by
which they interconvert is a central challenge in biology. Modern single-cell analysis
methods, such as single cell RNA sequencing and multiparameter flow cytometry or
mass cytometry (Baumgarth and Roederer, 2000; Chapman, 2000; Gong et al., 2014;
Jaitin et al., 2014; Qiu et al., 2017), are widely used to define cell states in heterogeneous
populations; while powerful, these methods provide incomplete readouts of cell
phenotypes, and typically do not report on stability or transition dynamics. Transmitted
light microscopy images directly reveal cell morphology and have historically formed the
basis for identifying cell types and cell states in diverse fields, ranging from cell biology
to neuroscience (Cajal, 1905; Flemming, 1882). These images can then be acquired at
successive timelapse intervals and over long times, with minimal phototoxicity and
without prior labeling or genetic manipulation, and resultant live cell movies can reveal

additional information about the dynamics of these cell phenotypic states.

Traditionally, cell phenotypes have mostly been identified in transmitted light images by

human visual inspection and interpretation. The advent of modern machine learning,
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however, is enabling high-throughput automated analysis of cell morphology, and could
open doors for new deep learning approaches for the systematic, unbiased extraction of
cell morphological states and their transition dynamics from these imaging data sets.
However, several barriers remain to the development of such methods. First, current
deep learning pipelines for cell image analysis rely heavily on predetermined knowledge
to generate classification training datasets, or on large sets of heuristic formulations to
capture the diverse cellular shapes (Bhaskar et al., 2019; Buggenthin et al., 2017;
Carpenter et al., 2006; Eulenberg et al., 2017). When examining novel biological
processes with minimal to no preconceived information, it can be difficult for
investigators to determine what the important labels are without manual intervention and
feature selection. Second, current machine learning pipelines generate features that are
often not readily interpretable. A variety of unsupervised methods can generate reduced
dimensionality representations from complex data, including principal component
analysis (PCA), adversarial autoencoders (Makhzani et al., 2015), generative adversarial
network (Salimans et al., 2016; Schlegl et al., 2017), and self-supervised deep learning
approaches (Lu et al., 2019; Yao et al., 2019). However, these methods are limited in
their ability to generate interpretable morphological features that allow scientists to
investigate and understand the machine-identified cell states. Finally, current movie
analysis methods cannot infer state transition dynamics from live cell movies in an
automated, systematic manner (Held et al., 2010). Cell state transitions are typically
observed from trajectories of single cells; however, despite recent advances (Moen et al.,
2019), current tracking algorithms still typically require considerable parameter

adjustment and manual error correction for generation of cell trajectories (Ng et al.,
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3.2

2018).

Here, we present an end-to-end deep learning method for elucidating cell phenotypic
states and their dynamics from brightfield movies of living cells. This method, termed
UPSIDE (for Unsupervised Phenotypic State IDEntification), is designed to facilitate
unsupervised discovery of cellular phenotypic states, elucidation of morphological
features that define these states, and inference of state transition dynamics. UPSIDE
segments cells directly from brightfield images, then utilizes the variational autoencoder
architecture (VAE) (Kingma and Welling, 2013) to learn intuitive latent features that can
be clustered to reveal distinct morphological states, and also decoded to extract human-
interpretable meaning. In order to demonstrate the use and versatility of UPSIDE, we
first identified distinct hematopoietic cell phenotypes in a mixed dataset. We then
analyzed live imaging movies of leukemic cells from an acute myeloid leukemia (AML)
patient to identify morphologically-distinct cell states associated with stemness, and
determined the rates of transition to and from these states. These results demonstrate the
utility of UPSIDE as a tool for unbiased exploration of cellular states and their dynamics

from large, time-resolved imaging datasets.

DESCRIPTION OF THE UPSIDE PLATFORM

UPSIDE is designed to be a versatile machine-learning pipeline for unsupervised
exploration cell morphological states in transmitted light images, and subsequent

elucidation of their transition dynamics from movies (Figure 3.1A, see Methods section
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for detailed description of the pipeline). In this pipeline, cells are first segmented using a
neural network that converts brightfield images of unlabeled cells into synthetic
fluorescent images of cytoplasm for segmentation (Ounkomol et al., 2018). This neural
network is trained using a set of images of cells stained for their cytoplasm
(Supplementary Figure S3.1). This approach allows the network to autonomously tailor
its parameters, and to accommodate a wide range of different cell types in order to
optimize performance without human input. Dead cells and other debris are eliminated
from identified cell sub-images through a convolutional classifier that is trained on

manually annotated brightfield cell crops labeled as live or dead (Supplementary Figure
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Figure 3.1. Description of the UPSIDE workflow. (A) Single cells are segmented
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directly from brightfield images and deep learning UNET architecture to predict
synthetic fluorescent images (Ounkomol et al., 2018) . Segmented cells are then pre-
processed to generate separate mask and texture images, which are then used to
concurrently train two variational autoencoders (VAES). The shape and texture encodings
learnt by these two VAESs are then concatenated and used for downstream data analysis.
(B) Encoded latent vectors are then decoded into a shape and texture image to aid the
interpretation of the encoded features.
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Supplementary Figure S3.1. Robust label-free prediction of cell area using the
UNET architecture. (A) Sample label-free results from models trained for the cell type
dataset and the Acute Myeloid Leukemia dataset. Scale bar represents 20 um. Brightfield
images and respective ground truth fluorescent images are used to compare and calculate
Pearson’s correlation values (B) with respect to their predicted synthetic images. *
represents the theoretical upper limit of the model’s performance for each dataset. Such a
model would perfectly predict the fluorescent level of each cell but not be able to predict
fluorescent noises that arise from the instrumentation (Ounkomol et al., 2018).
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Supplementary Figure S3.2. A live dead cell classifier is trained to remove dead cells
from the dataset. Brightfield crops of selected cells are labeled as either ‘Live’ or
‘Dead’ using a convolutional classifier that is trained to recognize dead cells using a
manually labeled dataset. (A) Representative cell crops classified as ‘Live’ or ‘Dead’.
Scale bar represents 10 um. (B) Receiver operating curve (ROC) measuring the
prediction performance of the trained classifier. AUC: Area under the ROC Curve.

UPSIDE utilizes a variational autoencoder (VAE) architecture to learn morphological
features of segmented cells. Preprocessed masks of the cell and the cellular texture inside
the mask boundary are then used to train two concurrent VAES, one that encodes the cell
shape, and another that encodes cell texture, through a binary mask. The mask VAE
learns features related to overall cell shape and size, while the texture VAE learns pixel
value variation within the mask itself while accounting for size and shape to some degree.
Latent space encodings representing the learned mask and texture features are then

multiplied with varying contributing weights, then concatenated for subsequent clustering
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and dimensionality reduction. Specifically, encodings are clustered into groups using the
Louvain method (Blondel et al., 2008), represented on a 2D plane using the uniform
manifold and projection algorithm (UMAP) (Mclnnes et al., 2018) Additionally, mask
and texture vectors are subject to decoding, through variation of magnitudes of specific
features or groups of features, followed by generation of synthetic images in observable
image space (Figure 3.1B). This approach allows latent features to be visually displayed

for human inspection and interpretation.

UPSIDE DISTINGUISHES BETWEEN MORPHOLOGICALLY DISTINCT CELL

TYPES IN A HETEROGENEOUS BLOOD CELL POPULATION

To test UPSIDE’s ability to learn cell type-defining morphological features, we first
determined whether this pipeline could distinguish between different cell types based on
their morphologies in a mixed cell dataset. We chose four blood cell types that, despite
having distinct size, shape and textural features, were similar in their gross morphologies
(Figure 3.2A, Supplementary Figure S3.3A): a mouse T cell leukemia line (Scid.ADH2),
a mouse macrophage cell line (Raw246.7), a human acute myeloid leukemia cell line
(Kasumi-1), and primary patient-derived leukemia stem cells (CD34+CD38- AML
LSCs). Brightfield images from each cell population were captured; cells were
segmented using the neural network described above; and image crops of segmented cells
were mixed together and encoded into the latent space with UPSIDE’s VAE
(Supplementary Figure S3.4A). To quantify UPSIDE’s performance, we devised a cell

type homogeneity score, which reflects how closely cells of the same type cluster
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together in their latent space (see Methods section). We ran the VAE for this dataset,
optimizing combination weights between the learned mask and texture encodings to
achieve the maximum mean homogeneity score across the four cell types (Supplementary
Figure S3.5A-B and Methods section). To compare the performance of the VAE to other
deep learning methods, we repeated this analysis with several alternative architectures
such as a vanilla autoencoder (AE) (Ballard, 1987), the adversarial autoencoder with
latent dimension encoding trained to fit a normal distribution or mixed gaussian
distribution (Makhzani et al., 2015) (1XAAE and 4xXAAE, respectively), and the

ClusterGAN architecture (Mukherjee et al., 2019) (ClusGAN) (see Methods section).
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Figure 3.2. UPSIDE distinguishes morphologically-distinct blood cell types in a
heterogeneous population. (A) Images of four different blood cell types were mixed
together and passed through the UPSIDE workflow. Resultant shape and texture images
were used to train concurrent VAEs. Output latent encodings were weighted relative to
each other, concatenated, then projected onto a 2D plane using UMAP. (B) Dot plots
show distribution of each cell type projected on 2D UMAP space made by UPSIDE. (C)
2D UMAP projection of the VAE-generated encodings that have been grouped into

different morphological clusters using Louvain clustering algorithm. Representative
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brightfield cell crop images from the different clusters were listed. Scale bar represents 5
pum. (D) Cell type fractional composition within each cluster. A fixed number of cells
from each cell type were sampled, and the cluster-wised cell type composition was
calculated from this pooled population.
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Supplementary Figure S3.3. Cell images from blood cell types analyzed by UPSIDE.
(A) Representative images from four analyzed blood cell types. (B) Representative
images from eight different morphological clusters identified by Louvain clustering of
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the UPSIDE-generated latent vectors from each cell type. Scale bar represents 5 pm.
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Leukemia Differentiation Dataset (B).
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Supplementary Figure S3.5. Cell type homogeneity scores were obtained using
different data encoding methods. (A) Homogeneity score is calculated to measure how
well different cell types are separated in latent space (B) Mean nearest neighbor score (H)
across 4 cell types obtained with different relative mask weight contribution for
encodings generated by either VAE vs PCA method. (C) Maximum nearest neighbor
scores (Hmax) between VAE, PCA, and other alternative deep learning architectures.
Hmax is defined as the highest Mean nearest neighbor score across all weight
combinations of mask and texture contributions. VAE: Variational Autoencoder, 4x
AAE: Adversarial Autoencoder with latent dimension trained to fit a 4 mixed gaussian
distribution, 1x AAE: Adversarial Autoencoder with latent dimension trained to fit a
normal distribution, Clus GAN: Cluster Generative Adversarial Autoencoder with the
one hot encoding component module removed, PCA: Principal Component Analysis.

Our VAE outperformed these other approaches, generating approximately 6% higher
homogeneity scores compared to the adversarial autoencoders, 9% higher compared to
PCA, and 26% higher than the ClusterGAN architecture (Supplemental Figure S3.5C).
Adversarial autoencoders performed better than the vanilla encoder, though worse than
the VAE, possibly because it is difficult to train the discriminator to perfectly fit the

latent encoding to the desired distribution. Surprisingly, ClusGAN architecture performed
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the worst, even though it generated quite realistic-looking generated cell texture and
mask images (data not shown). This weaker performance may stem from an inability to
consistently generate direct, regularized encoded representations. These comparisons
suggest that the VAE architecture is particularly well suited for learning morphological

features for cell type discrimination.

To further visualize and analyze the representation of cells in latent space, we projected
the encodings from the VAE into two dimensions using the UMAP algorithm (Mclnnes
et al., 2018) (Figure 3.2B). From the UMAP projection, we found that the cell types
largely segregated into distinct regions in this two-dimensional space (Figure 3.2B).
Raw?264.7 macrophages occupied a region that was largely distinct from regions occupied
by other three cell types, reflecting their markedly different cell size and shape
distribution. The three other cell types occupied partially overlapping regions, likely
reflecting greater similarities in morphology among these cells (Supplemental Figure
S3.3A). Interestingly, primary human AML stem cells (identified by their CD34+CD38-
surface marker phenotype) overlapped parts of the Scid. ADH2 region, suggesting some
of Scid.ADH2 cells look quite similar to their AML counterparts. Despite these overlaps,
there are substantial areas in the two-dimensional space occupied by these regions
containing only one cell type, indicating the presence of morphological features that
distinguish each of these three cell types from another and allow them to be identified in

mixed populations.
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To better understand the morphological features that drive cell type discrimination in this
learned latent space, we clustered cell representations in the latent space using the
Louvain method, then visualized cells and the morphological attributes that defined each
cluster. Eight clusters were identified, with each enriched for different cell types (Figure
3.2C-D, Supplemental Figure S3.3B). Clusters C1-3 were highly enriched for Raw264.7
macrophages that are larger phagocytic cells than their progenitor cells. Clusters C4 and
C8 were highly enriched for Kasumi-1 cells that contained circular profile cells with dark
granules, a unique distinguishing observable feature of these cells. Cluster C5 was
enriched for Scid. ADH2 cells, which were also circular, but lacked granules. Clusters C6
and C7 were enriched for both LSCs and Scid.ADH2 cells, both of which were small and
lacked granules. Cells in Cluster C7 had darker interiors and less well-defined cell
boundaries when compared with Cluster C6 cells, which indicate they are flatter and may
be more substrate adherent. The morphological differences within these clusters indicate

the existence of distinct morphological sub-states within individual cell types.

To understand the morphological features that separate cells into distinct groups in latent
space, we performed hierarchical clustering on the averaged latent space representation
for cells from different clusters (Figure 3.3A). From this analysis, we found that each
morphological cluster of cells was associated with a specific set of latent features, with
magnitudes that are higher than population average. To decode these latent features, we
transformed them back into synthetic images in visual space (Figure 3.3B-C, top). First,
we generated a mean mask or texture vector by averaging over all cells in the dataset.

From these mean vectors, we then selectively increased the magnitudes of the feature (or
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groups of features) of interest to generate a new vector. Using the VAE decoder module,

we then transformed the feature-dominated vector and the mean vector into synthetic

images for interpretation.
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Figure 3.3. Cell-type specific morphological features can be interpreted by decoding
the latent space cell representation. (A) Clustergram of average z-scores for latent
shape and texture features for different cell clusters (see Methods section for how z-
scores values were calculated). (B) Five mask features with highest z-scores for each
morphological cluster are decoded and visualized. Inset: Clustergram shows matrix of
correlation coefficients for forty mask features having the highest standard variation in
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the dataset. Scale bar represents 5 um. (C) Individual texture features were clustered into
eight groups (T1-T8) according to their correlation with each other (inset and
clustergram). Each group was decoded into brightfield difference images for
interpretation (see Methods). Scale bar represents 5 um.

We first examined the synthetic decoded images from the five most enriched mask
features for each morphology-defined cluster (Figure 3.3B, bottom). Clusters C1-4
contained large cells with large, round profiles. As expected, cluster C2 contained
elongated cells with numerous elongated mask features. Clusters C5-8, in contrast,
contained smaller cells enriched in features representing small, round profile celler
shapes. These mask features are in general agreement with sizes and shapes for cells

found within individual clusters (Figure 3.2C).

Taken together, these features reveal how UPSIDE separates cells into distinct
morphological clusters by their size, shape and distinct textural features. This ability can
be seen readily in Clusters C3 and C4, where cells of similar size and profile can be
discriminated based on their cell edge texture features. Cells with similar textural features
can also be discriminated using other features, e.g., Custer C7 and C8 are both enriched
with dark cell interior textures but differ in size with Cluster C7 cells larger on average
than those in Cluster C8. These results demonstrate that UPSIDE can generate
meaningful learned morphological features in an unsupervised manner, and these features
can be effectively decoded into images to aid interpretability. This ability allows UPSIDE

to extract valuable morphological properties by simply observing cells over time without
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3.4

prior manipulation or human annotations.

UPSIDE UNCOVERS MORPHOLOGICALLY DISTINCT CELL STATES IN

CULTURED LEUKEMIC STEM CELLS

Leukemia stem cells (LSCs) play critical roles in acute myeloid leukemia (AML) disease
propagation and drug resistance (Bonnet and Dick, 1997a; Ishikawa et al., 2007). LSC
and other AML cell subpopulations are typically identified and characterized by a
combination of cell staining for granule content and cell surface markers as well as by
their gene expression signatures (Ho et al., 2020; Kaufmann et al., 2019). All of these
classification approaches can be further extended by transmitted light imaging and
analyses to provide complementary information about leukemic cell types and states that
is not readily obtainable through more conventional classification approaches. In
particular, live cell movies that resolve phenotypic states over time and in response to
pharmacological treatment could provide unique insights into cellular heterogeneity and

responses that could better inform therapeutic decision-making.

Towards this end, we employed UPSIDE to profile human LSCs cultured under cytokine
conditions promoting expansion and differentiation, and filmed using brightfield imaging
(Figure 3.4A, left). We directly isolated leukemic stem cells from an adult AML patient
using as markers of stemness expression of the cell surface marker CD34 together with
an absence of the differentiation marker CD38 (Bonnet and Dick, 1997a; Plesa et al.,

2013; Roshal et al., 2013) (i.e., the CD34+CD38- cell fraction). To profile the self-
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renewal and differentiation dynamics of these sorted cells, we then cultured LSCs with
either IL6 and TPO, to induce differentiation, or in the presence of Aryl hydrocarbon
receptor inhibitors (AhRi) UM729 and SR1 to maintain stemness and suppress
differentiation (Boitano et al., 2010; Fares et al., 2014; Pabst et al., 2014). We then
filmed these cells in the brightfield channel for ~4 days at high temporal resolution (3-
minute intervals, Figure 3.4A). To determine the association between observed cell
morphological states, stemness and differentiation, we also added fluorescently-labeled
anti-CD34 and anti-CD38 antibodies in situ, and took fluorescent images each hour to
follow expression of these markers in imaged cells (Figure 3.4A, top right). Such in situ
antibody labeling allows real-time visualization of cell surface marker protein expression
with minimal effects on cell viability (Coutu and Schroeder, 2013). UPSIDE is well-
suited to facilitate these types of time course analyses and image-based profiling: the use
of brightfield imaging obviates the need for genetic engineering of fluorescent reporters
to allow a wider range of analyses to be performed on primary patient-derived cell
samples. Furthermore, a reliance on brightfield imaging minimizes cellular phototoxicity,

thus enabling long-term cell observation at high temporal resolution.
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Figure 3.4. UPSIDE identifies stem cell-associated morphological states from
patient-derived AML leukemic cells. (A) LSCs (CD34+CD38-) from an acute myeloid
leukemia patient were cultured in cytokines with or without AhR inhibitors (UM729 and
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StemRegninl) filmed for ~5 days (left). Brightfield images were captured once every 3-5
minutes. aCD34-APC and aCD38-PE antibodies were added in situ, and fluorescent
images were captured once every hour (top right). Still frames show representative time
lapse images of AML cells (bottom right). Scale bar represents 10 pm. (B) UMAP 2D
projection of the UPSIDE generated latent space cell representations. Individual
morphological clusters were identified using the Louvain Clustering algorithm, then
grouped manually based on their proximity to each other in the latent space (See
Supplementary Figure 6B). Representative cell images from each cluster were also
shown. Scale bar represents 10 um. (C) Clustergram shows Z-scores of the latent mask
and texture encodings for each morphological cluster. (D) Decoded images of the four
most enriched features for each morphological state. Texture features were visualized
using difference maps that were zoomed in around the decoded cells. (E) Area,
eccentricity, and edge strength for each cell were calculated and mapped to the UMAP
latent space representation. (F) CD34 and CD38 levels were mapped onto the UMAP.
(G) Violin plots show distributions of CD34 and CD38 expression levels in different
morphological clusters (left). Scatterplot shows mean CD34 levels against CD38 levels
for each morphological cluster (right).

Supplementary Figure S3.6. Clustering of AML cell morphologies in the latent
space with the Louvain method. (A) 2D UMAP projection of learned mask and texture
encodings from combined AML datasets. Each cell was colored based on the raw
Louvain clustering result over all datasets. (B) Clustergram of the z-score from
morphological groups defined by Louvain methods. Groups with closely related z-score
patterns were combined into larger morphological clusters.

From the resultant timelapse images, we observed considerable heterogeneity in the
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morphologies of observed cells, with these cells differing in their sizes, shapes and
textures, as observed by their observed contrast from transmitted light images (Figure
3.4A, right). To better understand the morphological states of these cells, we fed these
images into the UPSIDE pipeline. Cells across all time points were segmented, then
encoded using separate shape and texture VAEs (Supplementary Figure S3.4B). We then
organized representations of cells in latent space into morphological groups using the
Louvain clustering method (Supplemental Figure S3.6). Based on proximity in the latent
space, we further combined some of these groups into larger clusters. To visualize
obtained cell clusters in two-dimensional space, we then projected these cells’ latent
representations onto a two-dimensional plane using the uniform manifold approximation
and projection algorithm (UMAP). This projection revealed the locations of the discrete
clusters, along with their overlap regions. In this two-dimensional visualization, some
cell clusters showed considerable boundary overlap with others, likely reflecting the

continuous nature of the latent features encoded by the VAE.

In order to gain insight into the features that drive the separation of the cell encodings
into distinct clusters, we performed hierarchical clustering on averaged cell encodings
from each group (Figure 3.4C), then decoded the specific mask or textural features with
the highest z-scores in each group to generate feature-dominated synthetic images as
described above (Figure 3.3B-C). These synthetic images highlight significant
morphological features that display coherence across cells within a cluster but differ
between cells in different clusters (Figure 3.4D, Supplementary Figure S3.7-S3.8).

Examples of coherent morphological features include size, with some having smaller
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cells (Clusters C1, C2) and others having larger cells (Clusters C6, C7, C8); cellular
elongation or eccentricity, with some clusters displaying rounder cell profiles (Clusters
C1, C8) and others have more elongated cells (Clusters C2 and C7); and the presence of
finer morphological features, such as cytoplasmic protrusions from the cell body
(Clusters C6 and C7). Another important coherent morphologic feature was cell edge
and boundary morphology. Cluster C8 cells had pronounced cell edges all around the
boundary, while other cells had dimmer, asymmetric cell edges (Clusters C4, C5), as
visualized with synthetic difference images of cell texture. These features indicate cell
flattening or protrusion out from the imaging plane in the Z-direction and may reflect
differences in cell adhesion to substrate (Supplementary Figure S3.7). These decoding
results indicate that clusters identified by UPSIDE contain leukemic cells with distinct

morphological states.

Cluster C1 Cluster C2 Cluster C3 Cluster C4

Supplementary Figure S3.7. Representative brightfield images of identified cells
from each grouped morphological cluster. Scale bar represents 10 pm.
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Supplementary Figure S3.8. Four most enriched mask and texture features for each
morphological cluster are decoded into the image space. Decoded texture images are

accompanied by unzoomed pixel difference maps. Scale bar represents 10 um.

To verify that these differences in decoded features indeed reflect systematic
morphological differences between cells in different clusters, we calculated cell area,
eccentricity, and edge strength — defined by the maximum value of the cell’s gradient
image — and then plotted these quantities onto the 2D projection of the latent space
(Figure 3.4E). Indeed, regions occupied by the different cell clusters had area,
eccentricity, and edge strength values consistent with what was generally observed in the
decoded cell images: Clusters C1-3 resided in the region with small cell areas, whereas
Clusters C6, C7 and C8 resided in the region with larger cell areas. Elongated cells in
Clusters C2 and C7 resided in regions with high eccentricity, whereas cells with darker

cell edges in Clusters C3 and C4 resided in regions with high edge strength. Together,
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3.5

this analysis shows that UPSIDE can elucidate defining characteristic shape and textural

features of cells in different morphological states.

DISTINCT MORPHOLOGICAL STATES ARE ASSOCIATED WITH DIFFERENT

DEGREES OF STEMNESS

Cells in the different morphological states identified above may exhibit different degrees
of AML cell stemness or differentiation. To test this idea, we quantified CD34 and CD38
expression levels for each cell, and mapped them onto the 2D projection of AML’s
learned latent dimensions (Figure 3.4F-G). We then calculated average CD34 and CD38
levels for all cells in a cluster, and plotted these values against each other. These plots
show that the different morphological cell clusters differ in their average CD34 and
CD38 levels, indicating different degrees of cellular maturation. Cells in clusters C1 and
C2 had high CD34 but low CD38 expression. Cells in these clusters differed in their
degree of elongation, but were mostly smaller and flat, indicating that the most stem-like
cells that are characterized by their small size and their flatness, possibly because of
strong substrate-attachment through the expression of cell adhesion proteins(Healy et al.,
1995). Cells in Clusters C3, C4 and C5, which were larger and appear less flattened, had
high expression of both CD34 and CD38, indicating that they may reside in an
intermediate maturation state. Finally, cells in Clusters C6, C7 and C8, which were
uniformly larger but had varying degrees of flatness, had low CD34 but high CD38
expression. Thus more mature cells may be generally larger, despite continuing to display

variable shapes and degrees of substrate adherence. These results highlight the ability of
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3.6

UPSIDE to discover subtle yet biologically relevant cell morphological states in

heterogeneous populations.

POPULATION DYNAMICS OF MORPHOLOGICAL STATES

To gain insight into the population dynamics of cells in different morphological states,
we examined how the numbers of cells in different clusters evolved over time, both with
and without suppressing differentiation with AhR inhibitors (AhRi; Figure 3.5A,
Supplementary Figure S3.9A) . In the absence of AhRi, cells with stem-like
morphological states (Clusters C1 and C2) were progressively depleted, while those with
differentiation-associated morphological states (Cluster C8) expanded, consistent with
the maturation of LSCs into more differentiated cells over time. In the presence of AhRi,
there was a less pronounced increase in differentiated morphological states with a
concomitant decrease in stem-like states. This reflects the known effects of AhRi in
maintaining stem cell self-renewal. Interestingly, the fractions of cells in intermediate
morphological states (Clusters C3-7) remained largely unchanged, regardless of the
presence of AhRi, suggesting that AhR inhibition may affect intermediate state
transitions without driving specific outcomes. At the same time, CD34 levels decreased
whereas CD38 levels increased over time, with both these changes becoming less
pronounced with the addition of AhRi (Figure 3.5B, Supplementary Figure S3.9B).
Together, these results provide insights into the kinetics of LSC self-renewal and

differentiation, and how these kinetics are affected by pharmacological compounds that
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modulate self-renewal.
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Figure 3.5. Population dynamics of identified morphological states. (A) Population
fraction dynamics over time for each morphological cluster with (right) or without (left)
AhR inhibitors (top). Population fraction difference for each cluster between the first 20
hrs and last 10-20 hrs of culture (bottom). (B) UMAP showing CD34 and CD38
expression levels at different time points, in the presence or absence of AhRi.
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Parallel experiments were used to further explore morphological changes that reflect

LSCs maturation. We cultured LSCs (CD34+CD38-) in parallel with live imaging
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3.7

experiments, and analyzed them after three days for expression of CD34, CD38, and
CD123, another common LSC marker(Mony et al., 2008) (Supplementary Figure S3.9
C). Compared to untreated samples, cells treated with AhRi show higher expression of
CD34 and CD123. On the other hand, CD38 expression magnitude was higher in the
untreated sample, indicating greater differentiation in this population. Of note, a
population of cells expressed both CD38 and CD34; this result indicates that expression
of these markers is not mutually exclusive. Parallel live imaging experiments of AhRi-
treated cells showed slower expansion of large round cell morphology clusters compared
to the untreated counterpart (Figure 3.5A, Supplementary Figure S3.9A). Together, these
results demonstrate that distinct cell morphological states identified using UPSIDE

indeed reflect leukemic cells in different states of maturation.

INFERENCE OF MORPHOLOGICAL STATE TRANSITION RATES BY CELL

LINKAGE ANALYSIS

The high temporal resolution of the brightfield movie analyzed above enables tracking of
individual cells from frame-to-frame and, in conjunction with UPSIDE, inference of the
rates at which leukemic cells transition between different morphological states. Here, we
develop an analysis routine to automatically infer transition rates from brightfield movies.
In particular, this UPSIDE-enabled analysis obviates the need for the generating
individual cell tracks, which are typically error prone and requires considerable manual
intervention. We paired cells from adjacent frames together, based on their close

proximity. We then identified the morphological states of linked cell pairs using the
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VAE above (see Methods section), and calculated state transition probabilities based on
the frequencies of linked cell pairs with specific initial and final morphological states
(Figure 3.6A). By repeating this calculation over all possible pairs of morphological
states, we obtained a matrix, describing the transition probabilities between different

morphological states (Figure 3.6B, left).
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Figure 3.6. Calculation of morphological state transition probabilities by cell linkage
analysis. (A) Cell pairs found in proximity across on successive time points were linked
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(left). Cell linkages, along with assigned morphological states of linked cells, were used
to calculate transition probabilities between all states. (B) Heatmap shows transition
probability matrix between all morphological clusters (left); image montage shows
representative cell tracks identified from the culture (right). Scale bar represents 10 pm.
(C) Distribution of cellular velocity for linked cells for each morphological cluster. (D)
Plot shows mean cell velocity against mean cell eccentricity for each morphological
cluster.

This analysis showed that different morphological states showed considerably different
stability and transition preferences (Figure 3.6B, left). Some states represented by
Clusters C2, C6, C7 and C8 had high stability, as indicated by a high probability of
remaining in the same state from one frame to the next. These represent a variety of
morphologies, from small, elongated cells to larger, rounder cells. Other states — such as
clusters C3, C4 and C5 — showed lower probabilities of remaining in the same state, and
higher probability of transitioning into a different state by the next frame. To verify these
inferred transition rates, we manually generated and inspected a number of different
single tracks for cells in different morphological states (Figure 3.6B, right). Indeed, cells
starting in states C7 and C8 (tracks 1 and 4) tended to remain in the same state, whereas
cells starting in states C1, C3 and C5 were highly dynamic, switching from one state to
another rapidly in successive frames (tracks 2 and 3). Notably, transitions occurred
preferentially between particular groups of states. For instance, track 2 showed frequent
transitions between states C1 and C2, whereas track 3 showed frequent transitions
between states C4, C5 and C6, consistent with the elevated transition probabilities

between these states as observed in the transition matrix (Figure 3.6B, left).

The morphological state transitions observed above occurred over tens of minutes (Figure
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3.4B), a timescale much shorter than that for cell differentiation, which occurs
progressively over the course of movie observation (Figure 3.5A). As such, these
transitions are unlikely to directly report on cell differentiation events, but are instead
more likely to reflect more rapid cell phenotypic state changes. Cells tend to polarize as
they crawl on a substrate; thus, it is possible that some of these observed transitions could
reflect transitions from a stationary to a motile state. To test this hypothesis, we derived
the instantaneous velocities of cells in different morphological states, by calculating the
displacement between successive frames for each state (Figure 3.6C). From this analysis,
we found that cells with elongated morphologies, such as those in states C2, C4, C5, and
C7, showed a higher movement velocity compared to other states. Consistently, there
was a strong correlation between instantaneous velocity and cell eccentricity, averaged
over all cells in individual clusters (Figure 3.6D). Thus, it is likely the case that the
observed morphological transitions involve the rapid switching between stationary and
mobile states (Figure 6B, left, tracks 2-3). Interestingly, both stem-like (CD34-high) and
more differentiated (CD34-low) cells contained both stationary and moving cells
populations. This indicates that cell mobility, or lack thereof, is not necessarily strongly

tied to the differentiation process.

The switches between cells in different motility states; however, these transitions are
likely to be influenced by cell differentiation transitions as well. To test whether this was
the case, we repeated this state transition analysis for cells treated with AhR
differentiation inhibitors (Supplementary Figure S3.10A). In the presence of AhRi, there

was a decrease in the transition probabilities into the more differentiated states (C6, C7
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and C8) Together with an increase in the transition probabilities into and amongst

intermediate cell states (C3, C4 and C5). This suggests that AhRi blocks the conversion

from a stem-like morphological state to a differentiated state by stalling cells in an

intermediate state. Single cell track analyses showed that cells often transitioned rapidly

from an intermediate state (C5) to more mature state (C8) without AhRi, but stalled at an

intermediate state (C5) when AhRi is present (Supplementary Figure S3.10B). Taken

together, these observations show that changes in cell differentiation dynamics can

influence the probabilities at which cells transition between different morphological

states.
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3.8

Supplementary Figure S3.10. Transition dynamics between morphological clusters
for AML in differentiation and stemness-preserving condition. (A) transition
probability matrix between identified morphological states with and without AhRi in two
replicates (B) Representative cell tracks in cultures with and without AhRi. Scale bar
represents 10 pm.

METHODS

3.8.1. EXPERIMENTAL TECHNIQUES

Culture conditions for hematopoietic cell lines. Kasumi-1 (gift from Pamela
Becker), Scid.ADH2, and RAW246.7 cell lines were cultured Eagle's minimal
essential medium (DMEM), phenol-red free containing 10% Fetal Bovine Serum
(FBS), Penicillin-Streptomycin-Glutamine (Gibco 10378016) for 2 days before
imaging. For 5 cell type imaging experiments, each cell line was imaged in
separate individual well in the same 96-well glass-bottomed plate. AML211
CD347CD38" subpopulation was cultured in ‘Differentiation Media Condition’

for 2 days before imaging at the same time with the cell lines.

Culture conditions for AML211 subpopulations. Primary acute myeloid
leukemia samples (AML211) were provided by Pamela Becker. Frozen cells
were thawed and cultured in ‘Long Term Bone Marrow Media’ (Iscove's
Modified Dulbecco's Medium (IMDM) with glutamine, 15% FBS, 1%
Penicillin-Streptomycin (Gibco 15140148), 15% Horse Serum, 50 uM beta-
mercaptoethanol (Sigma M6250), 0.043% Monothiolglycerol (Sigma-Aldrich,
M1753), and 10 ng/ml Recombinant Human SCF (Peprotech 300-07)) for 2
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days. Cultured cells underwent Ficoll separation to remove dead cells and stained
with CD34 (ThermoFisher 17-0349-42), CD38 (ThermoFisher 12-0388-41), and
CD45 (VWR 10758-692) for flow cytometry analysis and sorting. Sorted
CD45"CD34"CD38" subpopulation from AML211 samples were cultured in
‘Differentiation Media Condition’ (adapted from (Klco et al., 2013)) which
comprises of Eagle's minimal essential medium (DMEM), phenol-red free
containing 10% FBS, Penicillin-Streptomycin-Glutamine (Gibco 10378016),
100 ng/ml Recombinant Murine SCF (Prepotech 250-03), 50 uM beta-
mercaptoethanol (Sigma M6250), 10 ng/ml Recombinant Human IL-3
(Prepotech 200-03), 20 ng/ml Recombinant Human IL-6 (Prepotech 200-06),
10 ng/ml Recombinant Human TPO (Prepotech 300-18), 10 ng/ml Recombinant
Human FIt3-Ligand (Prepotech 300-19), or ‘Maintenance Media Condition’
(adapted from (Pabst et al., 2014)) which comprises of minimal essential
medium (DMEM), phenol-red free containing 10% FBS, Penicillin-
Streptomycin-Glutamine (Gibco 10378016), 100 ng/ml Recombinant Murine
SCF (Prepotech 250-03), 50 uM beta-mercaptoethanol (Sigma M6250), 20 ng/ml
Recombinant Human IL-3 (Prepotech 200-03), ), 50 ng/ml Recombinant Human
FIt3-Ligand (Prepotech 300-19), 1 uM UM729 (STEMCELL Technologies
72332), and 500 nM StemRegenin-1 (STEMCELL Technologies 72342). Cells
were cultured on treated polystyrene (Corning) of glass-bottomed (Mattek) 96-

well culture plate coated overnight with 33.33 pg/ml Retronectin (Takara T202).

For imaging differentiation assay, CD34 Human Monoclonal Antibody (4H11),
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APC (eBioscience 17-0349-42) and CD38 Human Monoclonal Antibody (HB7),
PE (eBioscience 12-0388-41) was spiked into the culture media. Cells were
imaged every 3-5 min with brightfield and 60 min with fluorescent light for 4

days.

Image Acquisition. Timelapse imaging was performed on Inverted Microscope
Platform Leica DMi8 (Leica Microsystem). All image acquisitions were
performed using 40X air objective. Fluorescent images were captured using

Laser Diode Illuminator, LDI (89 North).

3.8.2. IMAGE ANALYSIS

CellMorph computational pipeline is designed to analyze the morphological
diversity of cells from timelapse brightfield images. The method consists of four
main modules: 1) Label-free prediction, 2) Image segmentation, 3) Live cell
classification, and 4) Unsupervised feature learning. The following section

describes each of the modules in further details.

Label-free Imaging and Image Segmentation. CellMorph utilizes label-free
imaging method to identify cells from brightfield (BF) images. Here we adapted
a U-net-based deep learning technique described by (Ounkomol et al., 2018) to
predict fluorescent pictures of the cells’ cytoplasm and nuclei from the captured

BF images. To complete this task, a small sample of cells to be analyzed was
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stained with Hoetchs 3342 (ThermoFisher H3570) to label the nuclei, or
CellTrace Violet Cell Proliferation dye (ThermoFisher C34557) to label the
cytoplasm. Training data was obtained by capturing approximately 300 — 400 BF
images and their corresponding nuclei or cytoplasm fluorescent images. This
data was then used to train a model that predicts nuclei and another that predicts
cellular cytoplasm. These two models were subsequently used to predict
fluorescent images for the main time-lapse brightfield image stacks. Object
segmentation were performed on predicted nuclei images using ictrack software

described in (Ng et al., 2018).

Live Cell Classification. Identified cell crops were then fed through a classifier
that separate a living cell for further analysis from dead cells, and other debris
that were picked up from the segmentation. We built a convolutional neural

network for this classification task (Figure S11).

- Convolution 5x5 kernel, 2 pixel padding -> batch norm -> random relu -> maxpool
— - = Convolution 3x3 kernel -> batch norm -> random relu -> maxpool
—— Fully connected -> batch norm -> random relu -> dropout

» Fully connected -> batch norm -> random relu -> dropout -> softmax
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Supplementary Figure S3.11. Architecture of convolutional classifier neural

network for live cell classification

To obtain training data for this network, ~10000 brightfield cell crops were
manually annotated as ‘Live’ or ‘Dead.” The network were trained for
approximately 10,000 steps, and cross entropy loss were calculated a Adam

optimizer (Kingma and Ba, 2017) were used for weights and biases learning:

]
CELoss = Z(f(X) log(y) + (1 —f(X))log(l - y)) (1)

Where f(X) is the predicted class of a given cell crop X and y is its correct label.
The remainder of the identified cell crops were then fed to the trained
classification model. Crops classified as ‘Dead’ were discarded, and ‘Live’ crops

were used for further analysis.

Unsupervised Feature Learning. Morphological feature learning in CellMorph
relies on the variational autoencoder architecture (VAE) (Kingma and Welling,
2013) to perform feature extraction. Two information pieces were used to train
the VAE: 1) The overall shape of the cell and 2) The cellular texture inside the
boundary mask. Predicted CellTrace violet signal of the cell was used to generate
the cell shape crop. The following image preprocessing steps were performed to

minimize trivial variations between cell crops:
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. Obiject re-centering

. Obiject rotational orientation to 90°. All cell crop images are then rescaled
accordingly to eliminate image’s dimension inflation due to rotation.

. Object’s vertical and horizontal pixel density reorientation to top and
right, respectively

To obtain texture representation, brightfield pixel values distribution inside the
cell’s mask was scale adjusted to zero mean and unit variation. They are then
scaled linearly to be between 0 and 1 to facilitate learning with VAE. All pixel

values outside the boundary was set to 0.5.

Preprocessed image crops for shape and texture were used to train two separate

VAEs. The overall architecture is as described below:

Log(a?)
102
64
X H

10310° 10%10°

F(z,X)

= Convolution 5x5 kernel, 2 pixel padding -> batch norm -> leaky_relu -> maxpool
— - = Convolution 3x3 kernel -> batch norm -> leaky_relu -> maxpool
—— Fully connected-> batch norm -> leaky_relu

——— Reparameterization: z = u + o - £ ; where £ ~ N(0,1)

Supplementary Figure S3.12. Architecture of convolutional variational
autoencoder for cell shape and texture learning.

The loss function for the VAE is a weighted combination between reconstruction
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loss and Kullback-Leibler Divergence loss:

L =A[y-MSE + (1—y)-KLD] (2)

Where A is a constant, and vy is between 0 and 1. Additionally,

MSE = ||X — F(z,X)||? 3)

J
1
KLD = —EZ(I+Zog(02)—,&2—02) (4)

=1

VAE for cell shape feature extraction was first trained for ~100000 steps while
VAE for texture feature extraction was first trained for ~200000 steps. Trained
weights and biases for the cell shape extraction were then used to encode all cell
crops obtained from the movie into 100-element vectors. These vectors were
projected onto 2D plane using UMAP (Mclnnes et al., 2018). Cell crops with
defective shapes are gated out using cytometry2 function in ictrack. The
remaining crops were then used to train VAE for cell shapes and texture
separately. Afterward, cell crops were encoded into 100-element shape vectors
and 100-element texture vectors. Each cell crop’s latent vector is represented by

a weighted concatenation between the shape and the texture contributions:

z = concatenate(w - Zshape- (1 =wW) - Ztexture) (5)
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Encoded latent dimension of cell crops are then clustered using Louvain
clustering algorithm.
To generate synthetic images, encoded cell barcodes and arithmetic variations

were treated as z and fed directly into the decoder.

Comparable Deep Learning Architectures. In addition to utilizing the
Variational Auto Encoder architecture to learn the latent dimensions in our
imaging datasets, we tested a few other deep learning architectures to compare

their performances with our current approach:

Vanilla Auto Encoder (AE) (Ballard, 1987)

In this architecture, each processed shape or texture is fed through a series of
convolutional layers and fully connected neural network layers to generate a
latent vector with a dimension of 100. The organization of the neural network

layers are as follows:

F(z,X)

102103 10°10°
— Convolution 5x5 kernel, 2 pixel padding -> batch norm -> leaky_relu -> maxpool

— « = Convolution 3x3 kernel -> batch norm ->leaky_relu -> maxpool

—— Fully connected-> batch norm -> leaky_relu
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Supplementary Figure S3.13. Architecture of convolutional Vanilla Auto
Encoder (AE) for cell shape and texture learning.

The loss function for the AE is:

L =X =F(zX)||? (6)

AE for cell shape feature extraction was first trained for ~100000 steps while AE
for texture feature extraction was first trained for ~200000 steps. Each cell crop’s
latent vector is represented by a weighted concatenation between the shape and

the texture contributions:

z = concatenate(W - Zspgpe, (1 = W) * Zexrure) (7)

Adversarial Auto Encoder (AAE) (Makhzani et al., 2015)

In this architecture, each processed shape or texture is fed through a series of
convolutional layers and fully connected neural network layers to generate a
latent vector with a dimension of 100. The latent dimension was then regularized
using a discriminator that forces the dimension space into a unit gaussian

distribution (1x AAE) or four mixed gaussian distribution (4x AAE). The
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organization of the neural network layers are as follows:

Zencoded
_,I
102

10°10° 10°10°

Autoencoder

64

64

X F(z,X)
Discriminator I I
102102

— Convolution 5x5 kernel, 2 pixel padding -> batch norm -> leaky_relu -> maxpool
— « =+ Convolution 3x3 kernel -> batch norm -> leaky_relu -> maxpool

—— Fully connected -> batch norm -> leaky_relu

—— Fully connected -> drop out -> batch norm -> random_relu

—— Fully connected-> sigmoid

Supplementary Figure S3.14. Architecture of convolutional Adversarial
Auto Encoder (AAE) for cell shape and texture learning.

The loss functions for the VAE are:

Lautoencoder = [IX — F(z, X)| |2 (8)
1 N

Ldiscriminator = - NZ(log(Zreal) + log(l - Zencoded)) (9)
i=1

Where z,.,.,; is a 100 element vector sampled from a normal gaussian distribution

(1X AAE) or a mixed 4-gaussian distribution with each gaussian’s mean to be -1,
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-0.5, 0.5, and 0.5 and standard deviation to be 1 (4X AAE).

AAE for cell shape feature extraction was first trained for ~100000 steps while
AAE for texture feature extraction was first trained for ~200000 steps. Each cell
crop’s latent vector is represented by a weighted concatenation between the

shape and the texture contributions: (10)

z = concatenate(w * Zspgpe, (1 — W) * Zeexture)

ClusterGAN (Mukherjee et al., 2019)

This architecture carries an encoder that converts a generated image into a latent
dimension which is then forced to match the same starting latent code that was
originally used to make the image. This is a semi-supervised architecture where a
specific number of classes needs to be predetermined beforehand. To convert this
into an unsupervised method, we removed the class module, enabling the GAN
to draw data from a normal distribution, without the one-hot class vector input.
The neural network organizations for the generator, encoder, and the

discriminator are follows:
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Generator

1024

16384

—— Fully connected -> batch norm -> leaky_relu

— Transpose convolution 4x4 kernel, 1 pixel padding -> batch norm -» leaky _relu

Wed/s-| |

1024

Encoder

16384

— convolution 4x4 kernel, 1 pixel padding -> batch norm -> leaky relu

——— Fully connected -> batch norm -> leaky relu

Discriminator

——— Fully connected -> batch norm -> leaky relu
— Convolution 4x4 kernel, 1 pixel padding -> batch norm -> leakv relu

— Fully connected -> sigmoid

Supplementary Figure S3.15. Architectures of the generator, encoder, and
discriminator module of clusterGAN for cell shape and texture learning.
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Loss functions used for training were described previously (Mukherjee et al.,
2019). We input the cell crops into the encoder module of ClusterGAN to
generate the latent dimensions for the comparative analysis with other

architectures.

Cell shape feature extraction was first trained for ~100000 steps while the texture
feature extraction was first trained for ~200000 steps. Each cell crop’s latent
vector is represented by a weighted concatenation between the shape and the

texture contributions:

z = concatenate(w * Zspgpe, (1 — W) * Zeexture) (11)

3.8.3. ALGORITHMS AND QUANTITATIVE ANALYSIS

Neighbor similarity scoring. The metric is formulated to estimate the degree of
homogeneity of the grouping of each cell types in encoding space of the four cell
types data. Specifically, the neighbor similarity score H. for a given cell type C

is define as followed:

Zliv=1 ni]

HC=EC[ N

(12)

Where E (+) represents the expectation value, or the mean over all cells within a

cell type C, and N specifies a predetermined number of nearest neighbor cells to
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a given cell. Furthermore, for each neighboring cell i, n; = 1 if the identity of i

is C, and n; = 0 otherwise.

Latent dimension z-score calculation. The z-score Z; . of a particular feature f
of cluster C is defined as the fold difference in standard deviation between the

mean of the value of that feature in cluster C compared to that of the complete

dataset:

Lec =
f.c
Or

Here, pif ¢ is the mean value of feature f over all cells in cluster C, and uy, oy are

the mean and standard deviation of feature f over the dataset.

Pairwise cell tracking algorithm. The pairwise cell tracking algorithm was
built to ensure the validity of a given paired cell linkage from one frame to
another. To achieve this goal, we established stringent requirements for a given
cell pair to be considered ‘valid’. Specifically, the linking algorithm concerning

all cells in frame t is as followed:

| Forall cellsi,j € N;:
| 1fd(i,j) < Dg:
|| Forall cells k € Ny, ¢:

I If d(i,k) < Dy, and d(i, k) = min (Vi)
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3.9

| Link cell i and k together

Here, N represents a set of all detected cells in frame t; d(a, b) denotes the
Euclidean distance between cells a and b, and V; represents a set of Euclidean

distances between cell a in frame ¢t — 1 to all cells in frame ¢

Transition probability between cell clusters. In order to estimate the
transitional dynamics between identified morphological clusters through time,
we determine the transition probability between a given cell X at time t to belong

to cluster i to another cluster j in a set of clusters C attime t + 1 as followed:

PXey1 =j | Xe=1) = %}k (14)

Where f;; is the number of transitions from i to ;.

DISCUSSION

Here, we presented UPSIDE, a deep learning platform for unsupervised exploration of
dynamic cell morphological states in transmitted light movies. Using UPSIDE, we
identified cell morphological features and states in a heterogeneous collection of blood
cell types. We found that the UPSIDE VAE learning architecture outperforms other

comparable methods in recognizing unique morphological features within each cell type.
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We further demonstrated the utility of our method by uncovering morphological states in
primary human AML patient-derived leukemic cells displaying different degrees of
stemness, differentiation, and cellular mobility. Finally, UPSIDE addresses the issue of
latent feature interpretability, one of the most challenging aspects of analyzing deep
convolutional networks, to allow more intuitive insight into learned latent morphological

features.

UPSIDE provides a versatile new platform to enable the use of timelapse live imaging to
discover phenotypic states and analyze their dynamics in heterogeneous cell populations.
This method does not require genetic manipulation for labeling, identifying, or tracking
cells, and thus enables observation and analysis of primary cells such as patient samples.
The lack of reliance on fluorescence imaging reduces phototoxicity burden, which may
have the added advantage of allowing imaging at higher time resolution over long times,
thus allowing dynamics analyses over a wide range of timescales. Finally, UPSIDE is an
unsupervised method which tailors analyses and outputs to differences within each
individual dataset. Thus no initial knowledge of the system, feature selection or
assumptions are necessary, as the VAE architecture is capable of self-learning the

distinguishing features.

The ability of UPSIDE to resolve the dynamics of state transitions opens doors for
systematic analysis of cell response dynamics in primary cells and other genetically
intractable cell types. In particular, one attractive application for this pipeline is for

automated, high throughput analysis of leukemic cell responses to chemotherapy. AML
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drug resistance poses a significant clinical challenge as the majority of patients eventually
develop relapse disease. Growing evidence suggests leukemic stem cell (LSC)
populations in AML harbor drug-tolerant sub-populations that survive drug treatment and
eventually lead to relapse disease (Bonnet and Dick, 1997b; Roshal et al., 2013). To this
end, a large scale screen of hundreds of drug treatment or regimen time courses can be
captured via brightfield time lapse imaging (Kubben et al., 2016; Pietarinen et al., 2015).
UPSIDE can then be employed as an unbiased method to survey and specify important
morphological features associating with therapeutic response, persistence or resistance as
a function of cell types, cell states and treatment. We anticipate UPSIDE will provide a
valuable tool to enable the broader application of powerful deep learning to a wide range

of biological questions.
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CHAPTER IV. PERSPECTIVE AND FUTURE DIRECTION

This thesis has provided insight into how epigenetic mechanisms could control the timing of cell
state transitions in mammalian cells, explained how such mechanisms can explain a wide range
of population size control schemes in development, and introduced a machine learning tool for
identification of cell states and their transitions from brightfield movies. Together, these works
contribute to our understanding of cell state transitions well as provide the foundation for future

experiments to identify important cell states for biomedical applications.

The epigenetic switching mechanism we elucidate unifies different processes such as histone
modification dynamics, chromatin compaction, and gene activation into one comprehensive
model that can be the starting point for investigating this mode of regulation at other genomic
loci. Our mathematical modeling studies, on the applicability of epigenetic switching
mechanisms behind different developmental systems, suggest that networks of epigenetic
switches, simultaneously controlled by histone-modifying enzymes and transcription factors, can
set developmental timetables that can allow for precise control of body sizes and proportions.
Lastly, our computational pipeline, UPSIDE, presents a method to effectively identify cell states
and profile their morphologies from brightfield movies, making this type of complex dataset
more accessible and analyzable for scientists. Rich brightfield datasets can provide crucial

morphological information to complement transcriptomics and protein expression profiles.
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Future work will be necessary to further elucidate the mechanism of the timed epigenetic switch,
and also determine its generality and functional significance for multicellular development and
function. Our model predicts that dynamic histone modification-dependent nucleosome
compaction — decompaction is at the heart of tunability in gene activation control; as such
follow-up studies should focus on building experimental evidence for such processes operating at
genomic locus. Techniques such as Stochastic Optical Reconstruction Microscopy (STORM)
(Bates et al., 2013) coupled with DNA fluorescence in-situ hybridization (FISH) and concurrent
imaging of histone modifications (Woodworth et al., 2020) can provide information on a
methylation and compaction states at a gene locus. Genetic approaches such as recruitment of
epigenetic modifiers to the locus, as well as biochemical experiments such reconstituting
chromatin components in vitro to monitor compaction would allow for more direct interrogation
of these dynamic processes at a genomic locus. Finally, a survey of the existence of such in

other genes would further reinforce the generalizability of our model.

Future applications of our machine learning workflow would be in generating comprehensive
cell state morphological profiles that complement existing transcriptomic and proteomic
information on a given cell population undergoing different biological processes such as
differentiation, division, and drug response. In conjunction with visual cell sorting techniques
(Hasle et al., 2020), relationships between morphological states and transcriptomic states can be
directly investigated. Since morphological information can give clues to a cell’s lineage decision
and drug resistance (Buggenthin et al., 2017; Domura et al., 2017), UPSIDE can be used to
survey different drug response experiments and identify cellular morphologies associated with

drug resistance and how they differ from one patient to another. Finally, isolating cells based on
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their morphologies and investigating their respective transcriptomic and proteomic profiles can

lead to discoveries of novel gene and protein targets of chemotherapy.
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