Global and Single Cell Analyses to Connect P53
Dynamics With Gene Expression
Citation
Hafner, Antonina. 2017. Global and Single Cell Analyses to Connect P53 Dynamics With Gene
Expression. Doctoral dissertation, Harvard University, Graduate School of Arts & Sciences.

Permanent link
http://nrs.harvard.edu/urn-3:HUL.InstRepos:41141869

Terms of Use
This article was downloaded from Harvard University’s DASH repository, and is made available
under the terms and conditions applicable to Other Posted Material, as set forth at http://
nrs.harvard.edu/urn-3:HUL.InstRepos:dash.current.terms-of-use#LAA

Share Your Story
The Harvard community has made this article openly available.
Please share how this access benefits you. Submit a story .
Accessibility

Global and single cell analyses to connect p53
dynamics with gene expression

A dissertation presented
by
Antonina Hafner
to
The Committee on Higher Degrees in Systems Biology

in partial fulfillment
of the requirements
for the degree of
Doctor of Philosophy
in the subject of
Systems Biology

Harvard University
Cambridge, Massachusetts
April 2017

© 2017 Antonina Hafner
All rights reserved.

Dissertation Advisor: Professor Galit Lahav

Antonina Hafner

Global and single cell analyses to connect p53
dynamics with gene expression
Abstract
The dynamics of transcription factors have been shown to play important
roles in a variety of biological systems. However, the mechanisms by which these
dynamics are decoded to trigger different transcriptional responses are not well
understood. Here we focus on the dynamics of tumor suppressor protein p53, whose
dynamics have been shown to control cell fate decisions in response to DNA
damage. p53 is known to regulate several hundred target genes but the selection of
which genes to activate in response to a specific type of stress and in specific
cellular background remain unsolved. In this work, we studied how p53 dynamics
control gene expression at a global level (genome wide) and in single cells.
In Chapter 2, we focused on a particular type of p53 dynamics: the pulses
in p53 protein level that are induced in response to γ irradiation. To determine how
p53 pulses are linked to gene expression genome wide, we performed time-course
RNA-Seq and ChIP-Seq measurements. We discovered multiple distinct patterns
of gene expression in response to p53 pulses. Surprisingly, p53 binding dynamics
were uniform across all genomic loci even for genes that exhibited distinct mRNA
dynamics. Using a mathematical model, supported by additional experimental
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measurements in response to a sustained p53 input, we concluded that p53 binds to
and activates transcription of its target genes uniformly, while posttranscriptional
mechanisms are responsible for the differences in gene expression dynamics.
In Chapter 3, we developed a single cell system that allows us to follow the
dynamics of the p53 protein together with the transcription and protein of one of its
target genes, p21. We found that p21 transcription dynamics qualitatively track p53
protein levels in response to γ irradiation, as well for two additional treatments. In
addition, we found that in response to p53 pulses, p21 transcription terminated prior
to the decrease in p53 protein level. This suggests that transcriptionally active p53
represents a subset of total p53 level. We have constructed a mathematical model
that capture this behavior and suggest experiments to test the hypothesis guided by
the model.
The combination of population level and single cell approaches allowed us
to identify a general mechanism that enables differential expression between genes
in response to p53 pulses as well as get a detailed picture of p21 regulation at the
single cell level. Chapter 4 discusses the significance of our findings for p53
biology and future directions that need to be taken to gain a systematic
understanding of p53 function under different cellular contexts and treatments.
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Chapter 1:
Introduction

The first evidence of the existence of environmentally responsive regulation
of gene expression comes from pioneering studies of the lac operon in E. Coli by
Jacob and Monod in the 1960s [1]. They observed that in the presence of lactose,
bacteria can induce expression of the lac operon genes, which are otherwise
repressed. Further genetic and biochemical experiments led to the definition of two
components required for gene regulation: 1) a specific DNA recognition sequence,
called either cis-regulatory element or motif, and 2) a regulatory molecule that
interacts with this sequence, also referred to as trans-regulatory element or
transcription factor (TF), and that, when associated with DNA, regulates the
expression of the corresponding gene [2-4].
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The essential role of TFs for cellular function is undisputed. Broad
application of methods for high throughput measurements of DNA-protein
associations and gene expression have advanced the field of gene regulation by
allowing the identification and classification of TFs (close to 1400 in humans [5]),
studying the properties of cis-regulatory modules and their evolutionary
conservation, and linking TFs to target genes. However, these advances have also
revealed the complex genomic organization of cis-regulatory regions,
combinatorial regulation of genes by TFs, role of chromatin structure, DNA shape,
and other complex features of the mammalian gene regulatory space. Deciphering
gene regulatory mechanisms involved in development and disease in model
organisms and humans is an active field of research.
Another aspect of regulatory control comes from the regulation of timing of
expression of TFs, both in terms of activity relative to an environmental condition
or signal and relative to each other as in the case of a signaling cascade. The human
TF p53, for instance, displays complex dynamics in response to DNA damage and
I am particularly interested in how its temporal dynamics translate into gene
expression. Before focusing on p53, in this introduction chapter, I will review
several examples of dynamic TF regulation, the signaling networks that lead to
specific dynamical responses, and the studies connecting TF dynamics with
regulation of gene expression.
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1.1 Dynamic responses of transcription factors to
stimuli
From studies in model organisms, we know that when and where TFs are
expressed is important for proper development. For example, from work in
Drosophila development, we know that spatio-temporal localization of TFs in the
early embryo is essential to pattern the embryo for proper segmentation, as mutants
with mislocalized TFs can lead to complete absence, duplication, or fusion of
segments. In vertebrates, the TF Hes1 acts as a molecular oscillator for
segmentation whose periodicity in expression enables the formation of spatially
distinct somite boundaries [6]. In yeast, bacteria, and mammalian cell culture, cell
cycle specific activity of TFs leads to periodicity in expression of cyclin genes,
which is necessary to maintain the cell cycle [7-11]. At the organism level,
circadian TFs in particular organs regulate aspects of the body’s day-night cycle
and mediate the appropriate physiological responses [12, 13]. In addition to
development and regular biological cycles, recent single cell studies showed that in
response to stress, TFs can exhibit dynamic responses, often at time-scales that are
faster than the cell cycle length. Dynamic stress response sensing has been found
in different species includeing bacteria (e.g. sigma factor σ(B) [14]), yeast (e.g.
Msn2/4 [15] and Crz1 [16]), and mammalian cells (e.g. NFAT1/4 [17], Smad4 [18],
NF-κB [19] and p53 [20, 21]).
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One common observation from the examples above is that TFs exhibit high
heterogeneity and usually unsynchronized dynamics between cells, and thus single
cell microscopy was instrumental for identification of these behaviors and their
characterization. There is also a wide range of response properties between the
different systems, as for example the wavelength, shape, or time-scale of the
temporal dynamics. What makes the study of the dynamical properties of these
systems particularly interesting is that signaling dynamics, resulting from a given
stimulus, allow to both ‘sense’ the type and intensity of the stimulus and ‘transmit’
this information to downstream genes. In this section, I will introduce some of the
dynamic networks with a particular focus on the TFs Msn2, NF-κB and p53 which
are the most comprehensively studied systems.
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Figure 1.1: Dynamics of transcription factors show specificity to the
type of stimulus. Characteristic single cell trajectories are drawn here. A.
In response to glucose limitation, Msn2 shows bursts in translocation from
the cytoplasm to the nucleus, while oxidative stress leads to accumulation
and sustained nuclear Msn2 levels. B. Stimulation with TNFa causes
pulses in NF-κB translocation to the nucleus and LPS leads to a long wave
of nuclear NF-κB. C. Double strand breaks in DNA induced by
g irradiation induce pulses of the total p53 level. UV irradiation causes
single strand DNA breaks and activates p53 in a single prolonged pulse.
Figure adapted from [22].

Msn2 is a general stress response TF in S. Cerevisiae, and NF-κB and p53
play central roles in mammalian cells, in particular for regulation of the immune
response and DNA damage respectively. Msn2 and NF-κB dynamics occur at the
level of changes from cytoplasmic, in unstressed cells, to nuclear localization in
response to stress, whereas p53 dynamics correspond to total changes in protein
level. Single cell measurements of dynamics in these systems were done by
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fluorescently tagging these genes. For example, studies of NF-κB dynamics, using
fluorescently tagged ReIA, have specifically focused on the nuclear localization of
the transcriptionally active NF-κB heterodimer that contains the RelA gene product
[23]. All three TFs have oscillatory behavior: in response to starvation for Msn2,
stimulation by TNF-α for NF-κB, and double strand DNA breaks induced by g
irradiation for p53 [15, 20, 21, 23-26]. There are several striking similarities
between these systems (Figure 1.1). First, the timing of the first pulse is relatively
uniform across cells with loss of synchrony thereafter, which at the population level
leads to dampening of the response as illustrated for p53 (Figure 1.2). Second, the
dynamics of these TFs respond to the intensity of the signal by increase in the
number of pulses, rather than a change in amplitude or duration. In response to a
different set of stimuli, oxidative stress, LPS and UV radiation for Msn2, NF-κB
and p53 respectively, these TFs no longer exhibited pulses of activity, but showed
longer and more sustained activation dynamics [26-29]. Increasing stress intensity
also modulates the dynamics of these TFs by leading to higher amplitude of
translocation for Msn2 and an increase in both amplitude and duration of the pulse
for p53. These examples show that the dynamic properties of the response can
‘sense’ information about the type and intensity of the stress signal and convert this
information into a time-encoded signal.
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Figure 1.2: Averaging of single cell trajectories leads to damped
population level p53 pulses. Shown are examples of single cell dynamics
(color lines) and the average (bold black line) in response to g irradiation.
Data collected by Jacob Stewart-Ornstein.

The examples above, as well as others, show that temporal dynamics is a
mechanism used by evolutionarily divergent species to transmit information about
extracellular stimuli. For some systems, we can even see a high degree of similarity
as for example the TFs Crz1 in yeast and NFAT4 in mammalian cells that respond
to Ca2+ stimulation. Although, Crz1 and NFAT4 only have 15% of sequence
identity and are active in different kingdoms of life, both proteins respond to Ca2+
stimulation with short pulses of nuclear localization lasting a few minutes, and
respond to increased Ca2+ by increasing the frequency, but not the amplitude or
duration of bursts [16, 17].
In addition, we know that dynamics is not a property that is limited to TFs;
other protein classes use dynamics to transmit information about the environment
(reviewed in [22, 30]). Based on a screen aimed to identify other proteins that
exhibit dynamic changes in cellular localization in S. Cerevisiae [31], we know that
there may be more ‘dynamic’ proteins to be found. Indeed, this screen found that
about 8% of tested TFs showed pulsatile changes in cellular localization. How this
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number would scale for all yeast and mammalian TFs and why other classes of
proteins were not identified in the screen is still to be discovered.

1.2 Upstream signaling components linked to specific
transcription factor dynamics
We know that TFs integrate the activity of the upstream signaling pathways
and that genetic or chemical perturbations of the pathway can alter the dynamics of
the response. However, understanding the specific signaling networks that translate
the type and strength of stimulus into the appropriate dynamic response has only
been systematically studied in the NF-κB and p53 systems. Experimental and
modeling approaches have shown that stress-specific dynamics of p53 and NF-κB
are due to specific upstream signaling components that are differentially engaged
for different stresses.
For NF-κB, the difference between the oscillatory response to TNFα and
the long pulse of activation in response to LPS is due to signaling through different
receptors (Figure 1.3A). TNFα binds to and signals through the TNF receptor,
leading to activation of the inhibitor kappa B kinase (IKK) which in turn
phosphorylates NF-κB as well as its negative regulator, IκB. When phosphorylated,
IκB proteins are targeted for degradation, freeing NF-κB dimers that can then
translocate to the nucleus where NF-κB can bind to and regulate transcription of
target genes. In particular, the target genes induced by NF-κB include its negative
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regulators IκB proteins, IκBα in particular. The newly produced IκB proteins bind
to nuclear NF-κB and lead to its export from the nucleus back to the cytoplasm
[19]. This negative feedback loop has been shown to be the major driver of the
oscillatory NF-κB translocation dynamics in response to TNFα. LPS, on the other
hand, binds to a different receptor, TLR4 which signals through two parallel
signaling molecules, MY88 and TRIF. Both signaling arms result in NF-κB
activation but have been shown to mediate different phases of the NF-κB response
to LPS and together add up to the full LPS response, i.e., one wave of nuclear NFκB translocation [27, 28]. The MY88 arm, similarly to TNFα response, leads to
activation of IKK and degradation of IκB, and activates the initial pulse of NF-κB
nuclear localization. Signaling through TRIF, on the other hand is responsible for
the secondary phase of the response (delayed NF-κB nuclear accumulation),
through the induction of TNFα and thus creation of an autocrine feedback. This late
activation phase of the response and induction of TNFα can also act as a paracrine
signal and add noise to the system when external TNFα concentration is low. The
noisy component of this paracrine loop was shown to be responsible for the single
cell heterogeneity observed in response to LPS [26].
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Figure 1.3: Different signaling pathways are induced by different
stimuli. A. TNFα binds to and signals through the TNF receptor whereas
LPS induces TLR receptor resulting in activation of different pathway
components that both lead to NF-kB activation. B. γ irradiation and UV
signal through different kinases, ATM and ATR respectively, and
differences in feedbacks in the network account for the specificity of p53
dynamics. Arrows represent activation, while blunt ends represent
inhibitory connections.

For p53, the difference between oscillatory dynamics in response to g
irradiation and a single pulse of p53 induction to UV treatment was shown to arise
from differences in the type of DNA damage and the pathways that respond to these
two treatments (Figure 1.3 B). While g radiation causes double strand DNA breaks
and activates ATM kinase, UV leads to single strand DNA breaks, which are sensed
by ATR kinase. Both ATM and ATR lead to p53 stabilization through its
phosphorylation, increasing the total p53 protein level and its transcriptional
activity. Similarly to the NF-κB system, p53 induces the expression of its negative

10

regulator, Mdm2, that in turn ubiquitinates p53, targeting it for degradation. The
difference in the dynamic response between the two stresses, oscillatory dynamics
in response to g and single pulse of activation to UV, was shown to be due to an
additional negative feedback present in the ATM but not in the ATR network. This
feedback acts through the phosphatase Wip1, which is also a transcriptional target
of p53, and represses ATM but not ATR activity. Unlike the NF-κB system,
however, there seems to be minimal cross-talk between ATM and ATR signaling
networks in response to g and UV [29].

1.3 Network properties of oscillatory systems
The oscillatory behaviors observed in the examples above, have attracted a
lot of interest, in particular from a theoretical perspective. Experimentally, it is
difficult to distinguish a series of excitable pulses from stable oscillations due to
noise for example. However, the existence of common network properties in
pulsatile systems motivated theoretical work that led to a definition of a minimal
set of requirements for generation of stable oscillations (reviewed in [32]).
Systems with oscillatory dynamics with a period on the order of hours as
observed for mammalian TFs p53, NF-κB, as well as Hes1, contain a transcriptional
negative feedback loop, in which the TF in question activates the transcription of
its own repressor, Mdm2, IκB, and Hes 1 (auto-negative feedback) respectively. In
the case of p53, ubiquitination by Mdm2 targets it for degradation, IκB acts by
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inactivating NF-κB through complex formation and export from the nucleus, and
Hes1 negatively regulates its own transcription.
Not all oscillations require a transcriptional feedback however.
Cyanobacteria circadian clock [33] as well as TFs that show oscillations on the
time-scales of minutes, as for instance Msn2, are controlled post-translationally.
Msn2 pulses have been shown to be a result of a strong negative feedback loop
exerted by PKA on cAMP synthesis. Indeed, this feedback is required for the
oscillatory behavior and leads to oscillations of several pathway components
including cAMP levels and PKA activity. In fact, Msn2 is simply the read-out of
the cAMP-PKA activity, where its nuclear localization is negatively controlled
through phosphorylation by PKA [15, 34].
Indeed, from a theoretical view, the first requirement, and a general feature
of oscillatory networks, is the presence of a negative feedback loop [35]: interaction
between p53-mdm2, NF-κB-IκB or cAMP-PKA. Experimentally suppressing the
negative feedback, as it has been done genetically for Msn2 [34] or chemically, by
adding a small molecule inhibitor, Nutlin3, to block the p53-mdm2 interaction [36],
leads to suppression of oscillatory dynamics. However, negative feedback abounds
in biological systems but few oscillate; to oscillate systems need both feedback of
a particular strength and time delays. Biologically these delays can emerge from
enzymatic steps in a cascade or the time required to transcribe and translate a gene.
For p53, NF-κB, Hes1, Msn2, and others, the negative feedbacks and time delays
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generated are sufficient to reproduce the oscillatory behavior in mathematical
models [15, 37]. Another necessary property for generation of stable oscillations in
models is presence of non-linearities in the network. Non-linearities can result from
either introducing cooperativity between interactions or by incorporating additional
feedback loops. Indeed, presence of both positive and negative feedback loops in a
network has been shown to lead to better noise resistance for oscillating networks
[38].
The mathematical and biological studies of natural oscillatory systems have
guided the design of synthetic oscillators [39]. The first, and best known, example
is the Repressilator system constructed by Elowitz and Leibler in E. Coli. It consists
of a loop between three transcriptional repressors, where the first repressor, LacI
inhibits transcription of the second repressor gene, tetR, whose protein product
represses transcription of the third repressor gene, cI, and CI in turn represses lacI
[40]. The design of this system guided by modeling demonstrated that it is possible
to construct a genetic network with desired behavior. The noisy behavior of the
system, however, inspired further work to understand the contribution and
propagation of noise in genetic networks. Guided by stochastic models to account
for noise in the network, a recent study obtained highly regular oscillations that
persisted for hundreds of generations thus significantly improving on the original
design and demonstrating the importance of incorporating noise in the study of
biological networks [41].
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1.4 Transcription factor dynamics control gene
expression
Stimuli activate signaling networks to transmit the information about their
identity and intensity to the temporal response of TFs. In this section, I will discuss
the methods used to study the connection between TF dynamics and downstream
gene expression by using examples from the Msn2, p53, and NF-κB systems.
The study of the response of genes to their cognate transcription factors rely
on a combination of methods, including: 1) knowledge of the TF DNA binding
sequence, allowing construction of synthetic reporter constructs where, usually
multiple bindings sites are cloned upstream of a reporter gene (Fluorescent protein
or Luciferase). 2) Use of natural promoters of known target genes or tagging of
endogenous genes allowing study of differences in expression between genes. 3)
Population level time-course gene expression measurements allowing higher
throughput analyses of dynamics of endogenous genes. 4) Mathematical modeling
allowing identification of features of the TF dynamics and/or in the promoters of
target genes that are important for gene expression.
Using a combination of these approaches, Hao and O’Shea [24] performed
a systematic quantification of Msn2 dynamical properties and expression. They
demonstrated that distinct Msn2 dynamics observed in response to stress led to a
different output in the expression of the reporter construct, where amplitude,
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frequency, and duration of the signal had a different output function. Moreover,
looking at endogenous Msn2 target genes, they saw that the promoter nucleosome
occupancy correlated with different response between genes to Msn2 input
dynamics. While promoter kinetics, that are governed by their nucleosome
occupancy, did not have a significant effect on sensitivity of genes to Msn2
amplitudes changes, the sensitivity of slow versus fast promoters was different for
changes in Msn2 frequency and duration. Therefore, both Msn2 dynamics and
promoter properties of a given gene dictate how the gene responds to a given
stimulus.
For studying the role of p53 and NF-κB dynamics in mammalian cells,
population level measurements such as time-course qPCR or RNA-Seq were used
to measure the dynamics of expression of endogenous genes after strong
synchronizing inputs. From these studies, we know that NF-κB oscillations lead to
three waves of transcription: an early wave, an intermediate wave, and a late
induction. Each group associates with different functional categories [19, 23, 4245]. One striking feature linked to the differences in timing of expression of these
genes was their mRNA half-life: early genes had the shortest half-lives. The
difference in mRNA stability between genes leads to different expression levels
depending on the TNF dose (which lead to more NF-κB pulses): short lived genes
were expressed at all doses, while expression of intermediate and late genes was
only detected at higher doses [23]. Artificially controlling NF-κB frequency of
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oscillations using microfluidics and treating cells with repeated pulses of TNF
showed different dependence of early versus late genes to the frequencies of NFκB nuclear translocation [43].
For p53, measurement of gene expression dynamics by qPCR [36, 46], as
well as genome wide measurement of gene expression by RNA-Seq (Chapter 2),
show similar observations to the NF-κB system. Different p53 target genes are
activated with different dynamics that correlate with their mRNA stability (Chapter
2). Short-lived transcripts closely follow p53 dynamics and have the fastest
response, while long-lived mRNAs integrate the changes in TF levels over time.
Interestingly for p53, perturbation of p53 pulses into sustained levels not only leads
to differences in expression but was also shown to control cell fate. Indeed, pulsed
dynamics can allow cells to recover from DNA damage at lower doses, while
sustained p53 levels lead to a terminal state of cell cycle arrest, or senescence,
independent of the dose [36]. However, connecting differences in gene expression
to downstream processes and cellular outcomes has not been done and remains a
challenge.
These examples show different properties for each dynamical system that
all demonstrate the importance of the temporal dynamics of TFs for gene
regulation. More specifically, we see that: 1) TF dynamical properties, as for
example signal amplitude, duration or frequency, lead to different gene expression
dynamics for a given gene, and 2) different genes respond differently to temporal
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dynamics of a TF depending on their promoter properties, such as binding affinity,
number of binding sites, or chromatin structure, and on their post-transcriptional
properties such as mRNA half-life. Therefore, both the TF dynamical properties
and gene specific features matter for defining the TF–mRNA input-output function.

1.5 Gene regulation by p53
p53 is a well-studied TF that plays a central role in stress response and is a
strong tumor suppressor in mice and humans [47]. Its importance is highlighted by
the fact that, the p53 gene is mutated in ~50% of human cancers, which makes it
the most commonly mutated cancer gene [48]. Many different cellular stresses (e.g.
different types of DNA damage, hypoxia, oxidative stress, replicative stress) were
shown to induce p53 by increasing its total protein levels. When induced, p53
transcriptionally regulates genes that enable cells to respond to stress. Similarly to
NF-κB, p53 has been described as a master regulator TF as it has several hundred
of known target genes involved in multiple biological processes such as DNA
repair, cell cycle arrest, senescence, apoptosis or cellular metabolism [49] (Figure
1.4). Due to the conflicting cell fates that can result from activation of genes in
these pathways, for example DNA repair versus terminal cell fates such as
senescence or apoptosis, it is still an open question of what dictates a particular
cellular outcome.
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Figure 1.4: Multiple inputs and outputs of p53. Different types of DNA
damage input induce p53. In turn, p53 transcriptionally regulates genes
involved in various gene expression output programs.

There have been several proposed mechanisms to explain this selective gene
regulation. The first is that differences in p53 DNA binding site can provide specific
activation of a subset of genes. The p53 binding site was first discovered in 1992
[50]. p53 is known to bind DNA as a tetramer, where each dimer binds a 10 bp
sequence, or ‘half-site’, which can be separated by a spacer of variable length,
although the majority of the genomic binding sites bound in vivo were shown to
have no spacer (Figure 1.5). The best-known model for explaining how the DNA
motif can confer specificity is the ‘affinity model’, which is based on the
observation that p53 regulated cell cycle arrest genes tend to have a higher affinity
binding site than apoptosis genes [51, 52]. Other studies looking at specific
bindings sites showed that other properties of the motif, such as the spacer length
or the orientation of the quarter sites could result in switching p53 function from
repression to activation [53-55].
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Figure 1.5: The p53 binding site. The sequence of each half-site is
composed of a palindromic 10 bp sequence. Each half-site can be
decomposed into 5bp quarter-sites, arbitrarily labeled as à. Different
configurations of quarter-sites were proposed to exist, from top to bottom:
head–to-head configuration, head-to-tail and tail-to-tail [56]. The motif in
this figure corresponds to two half-sites (positions 1 to 10 for the first halfsite and 11 to 20 for the second one). The canonical orientation of halfsites is head-to-head, as represented by the sequence logo and the most
frequent spacer length in genome bound p53 sites is zero. This motif was
derived by [50], the logo was constructed from the p53 TRANSFAC
matrix [57] using the WebLogo3 [58].

A second class of hypotheses of how p53 specifically regulates genes is
through condition-specific post translational modifications (PTMs), which is also
referred to as the p53 ‘PTM code’, or interaction with co-factors that would alter
its DNA binding specificity or affinity. Indeed, we know that p53 is extensively
post-translationally modified [59] and that post-translational modifications on p53
in response to stress are required for its stabilization. Studies have shown that some
PTMs can be specific to the type of stress [60-64], while others can affect p53 DNA
binding affinity and confer preference to promoters of some genes versus others
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[65-69]. Deciphering the p53 PTM code has been a challenge due to the large
number of possible modifications (>300 individual modifications identified by
mass spectrometry), and the even larger number of combinations of these
modifications. Interaction with co-factors has been shown to lead to preferential
recruitment of p53 to some binding sites [70, 71], but it remains unknown how
these interactions modify p53 affinity or specificity to DNA.
An opposing view to selective activation comes from bulk analysis of p53
ChIP-Seq studies collected in different cell lines and conditions [72, 73].
Comparison of p53 bound regions, i.e. p53 ChIP peaks, from seven different cell
lines and stimuli showed that different p53 ChIP peaks between datasets were
mainly due to indirect p53 binding (defined by the absence of p53 motif) [72].
However, they found a common set of ~4000 peaks that were conserved across all
datasets and had quantitatively comparable signal strengths. These results therefore
challenged the idea of context specific p53 DNA binding and kept open the question
of the role of p53 in regulating stimulus specific gene expression and cellular
outcomes.
As described in the previous section, temporal dynamics of TFs can
specifically activate target genes. We know that there is a diversity of target gene
dynamics in response to p53 pulses [36, 46], but the role of p53 in regulating the
expression of these genes has not been explored. The question that I have studied
in my thesis is: how do p53 dynamics regulate gene expression? To answer it, I
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used population level and genome wide approaches to understand the differences
in gene regulation between all p53 target genes in response to g irradiation. My data
and analyses led to formulation of a general model of gene regulation by p53 which
I will describe in Chapter 2. Second, to get a more detailed view of the relationship
between p53 dynamics and gene expression, I developed a single cell approach that
allows to look at p53 protein dynamics and transcription of one target gene, p21, in
live cells. In Chapter 3, I will present the validation of this single cell system as
well as preliminary findings linking p53 and p21 in response to g irradiation and
other stresses.
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Chapter 2:
Genome wide analyses reveal that p53 pulses
lead to distinct patterns of gene expression
albeit similar DNA binding.

This chapter is adapted from the manuscript currently in revision in Nature
Structural and Molecular biology: Antonina Hafner, Jacob Stewart-Ornstein,
Jeremy E. Purvis, William C. Forrester, Martha L. Bulyk, Galit Lahav. p53 pulses
lead to distinct patterns of gene expression albeit similar DNA binding.
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2.1 Introduction
Many transcription factors are known to respond to multiple signals and to
activate various downstream programs. Specificity between a particular input and
output can be achieved through regulation of transcription factors’ abundance, posttranslational modifications, or binding to cofactors. Another potential level of
regulation is through the temporal dynamics of transcription factors. Indeed, recent
single cell studies pointed to a few examples in which the dynamics of transcription
factors differ for different stimuli [24, 27, 29] and lead to distinct gene expression
and phenotypic responses [28, 36, 74]. Understanding the molecular mechanisms
that detect time-dependent features of transcription factors, and decode them into
distinct gene expression profiles, remains a challenge. Here we focused on the
dynamics of the tumor suppressing transcription factor p53 and studied how its
stereotypic pulses in response to DNA damage affect the activation of its
downstream target genes.
The dynamics of p53 have been shown to play an important role in the
response to DNA damage; different stimuli trigger different p53 dynamics, and p53
dynamics were suggested to carry information that affect gene expression and cell
fate [21, 29, 36, 75]. For example, ionizing radiation leads to a series of pulses with
a period of 5hrs [21]; UV radiation triggers a single p53 pulse [29]; and the
chemotherapeutic drug Cisplatin triggers a continuous induction of p53 [75]. Cells
that experience p53 activation in response to moderate levels of DNA damage,
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undergo a transient cell cycle arrest, repair the damage and resume growth.
Manipulation of the ionizing radiation induced p53 pulses into a sustained response,
accelerate the induction of a subset of p53 target genes and pushes cells toward
permanent cell cycle arrest [36]. The molecular mechanisms connecting p53
dynamics with the expression of its target genes are still unclear.
Several mechanisms of how p53 selectively activates target genes have been
proposed. For example, a recent “affinity model” suggests that p53’s affinity to the
promoters of cell cycle arrest genes is stronger compared to apoptotic genes. In this
model the choice between alternative downstream programs depends on the
abundance of p53 [51, 52, 76, 77]. Specific post-translational modifications (PTMs)
on p53, and interactions with specific cofactors, have also been proposed to confer
preference for some promoters versus others [65, 71, 78-80]. However, recent
ChIP-Seq studies showed substantial overlap between the strongly bound p53
regions independently of the treatment or cell line [72, 73]. These studies question
the idea of context specific regulation by p53, and re-pose the demand to further
understand how different regulation of p53 controls the induction of specific genes.
Here we studied how p53 dynamics are linked with gene expression. Recent
studies have looked at the response of a few known p53 target genes to double
strand break induced p53 pulses and found that not all target genes showed a
response, and within the responders, there was a diversity in the dynamics and
amplitudes of expression [36, 46]. The stability of mRNA was shown to correlate
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with the differences in dynamic behavior between genes [46, 81], but the role of
p53 in regulating the expression of these genes has not been explored. In this work,
we used genome wide approaches to connect the dynamics of p53 protein with the
dynamics of p53 binding to DNA and the expression of its target genes. Our ChIPSeq data showed that p53 binds uniformly across all genomic loci following
irradiation. Surprisingly, this uniform binding results in diverse dynamics of p53
target genes activation. Using a mathematical model, we demonstrated that similar
dynamical inputs of p53 and similar dynamics of p53 binding to its target genes can
result in differential dynamics of transcriptional outputs due to intrinsic differences
in their mRNA half-lives. We experimentally validated the model using a distinct
dynamical p53 input. Our study suggests that p53 binds to and activates
transcription of its target genes uniformly, while post-transcriptional mechanisms
acting at the level of mRNA are responsible for the differences in expression
between target genes.

2.2 Results
p53 oscillations lead to multiple distinct patterns of gene expression
To establish a comprehensive picture of gene expression dynamics in
response to p53 pulses we performed genome-wide expression profiling following
g irradiation (10 Gy). Note that while p53 pulses in individual cells are undamped,
at the population level they appear damped due to loss of synchrony between cells
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[20, 21, 82]. Nevertheless, the first two pulses of p53 show a relatively high degree
of synchrony and can be detected by Western blot (Figure 2.1A). We therefore
measured gene expression by mRNA-Seq every hour during the first two pulses of
p53 (12 hours) and again at 24 hours (Figure 2.1B).

Figure 2.1: Synchrony between cells during the first two pulses of p53
allows their detection at the population level and design of RNA-Seq
experiment. A. p53 pulses detected by Western blot in MCF7 cells in
response to 10Gy g irradiation. B. We performed genome-wide expression
profiling following γ irradiation (10Gy). Samples were taken every hour
for the first 12hr, during which the p53 protein undergoes at least 2 pulses,
as well as 24h post irradiation.

Our analysis revealed 229 differentially regulated genes with at least a twofold change in expression relative to basal condition at one or more time-points
(FDR<0.2, t-test Benjamini and Hochberg corrected). We clustered these genes
based on their normalized expression within the first 12 hours (z-scores) and
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defined five main dynamical patterns (Figure 2.2A, B) including three activated
(red) and two repressed (blue) clusters. Cluster 1 included genes that followed the
p53 protein levels and pulsed with approximately a one-hour delay relative to p53
(Figure 2.2B, C). Cluster 2 included genes that were activated during the first 5
hours and retained high expression levels throughout the time-course. The genes in
cluster 3 showed a slow continuous increase in expression throughout the time of
measurement. Repressed genes were clustered into either transient repression
(cluster 4) or continuous repression (cluster 5). To look at the dependence of these
dynamical behaviors on p53, we performed a time-course mRNA-Seq in the same
cell line expressing a p53 shRNA. We found that the fold changes (FC) of activation
or repression of genes in clusters 1, 2, 3 and 5 were significantly attenuated in the
p53 knockdown line (Figure 2.2D, E). Repressed genes in cluster 4 were not
significantly affected under p53 knockdown, suggesting they are transiently
repressed in response to irradiation independently of p53 (Figure 2.2D, E).
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Figure 2.2: Time course mRNA-Seq reveals distinct clusters of gene
expression dynamics in response to g irradiation.
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Figure 2.2 (continued). A. Clustering of 229 differentially expressed
genes was done based on normalized time trace for each gene (z-score)
into 5 expression clusters, 3 induced and 2 repressed. Mean expressions of
each cluster are shown in black. B. Heat map of the clustered genes.
Clusters are ordered based on the median activation time in C. C.
Distribution of times to reach the maximal fold change per cluster. D.
Distributions of maximal log2 (Fold Change) in the first 10 hours post
irradiation per cluster for p53 wildtype cells (blue) and p53 knockdown
cells (gray, sh-p53). P-values were calculated using a t-test. E. Quantiles
(median in black, shaded area represents the 25% and 75% quantiles) of
RNA-Seq data by cluster for MCF7 p53 wildtype cell line (blue) and
MCF7 p53-shRNA cell line (gray). F. Mapping of the genes in each cluster
to known target genes, obtained from [56]. P-values were calculated using
the Binomial statistic, * = p-value<0.01.

The time to reach a maximum fold change also varied between the p53
dependent clusters. Among the activated genes, cluster 1 had the fastest induction
time of 3hr. Cluster 2 showed an intermediate induction time with a median of 6hr.
For genes in clusters 3 and 5 it took 11hr to reach their maximal fold change (Figure
2.2C). Cluster 1 had the highest fraction of literature described p53 target genes
(Figure 2.2F) and was enriched in GO categories associated with DNA damage
response and the p53 signal transduction pathway (Figure 2.3). Known p53 target
genes were also significantly enriched in clusters 2 and 3 although they represented
a much lower fraction of the total genes in these groups. Taken together our gene
expression profiling analysis showed that g irradiation leads to five distinct patterns
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of mRNA dynamics. Four of these patterns (clusters 1, 2, 3 and 5) are p53
dependent.
Time-course p53 ChIP-Seq reveals pulsatile DNA binding dynamics
To identify directly bound p53 genes in our experimental system, and
determine if the distinct patterns of gene expression (Figure 2.1 A,B) result from
differential binding of p53, we performed ChIP-Seq of p53 during the first and
second pulses (Figure 2.4 A,B). We first looked at the well-established p53 binding
site in the promoter of the CDKN1A or p21 gene [85, 86], a canonical p53 target
gene that appears in cluster 1 (Figure 2.2A, B). We detected the expected promoter
proximal p53 ChIP peak (Figure 2.4C) and a smaller adjacent peak that is also seen
in other p53 ChIP datasets [72, 73, 87]. Quantification of the stronger p53 ChIP
peak after DNA damage revealed pulsatile binding dynamics, consistent with the
p53 protein levels and the pulses in p21 mRNA level (Figure 2.1A and 2.4D).
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Figure 2.3: Functional analysis of clustered genes. Top five enriched
GO Biological Process categories in each cluster (FDR<0.05). Both pvalue and FDR are shown. GO Enrichment analysis was done using
Enrichr software [83, 84].
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Figure 2.4: Time course p53 ChIP-Seq experiment shows pulsatile
dynamics at the p21 gene. A. Schematic of the time points sampled
during the first two p53 pulses for the p53 ChIP-Seq experiment. B.
Western blot of p53 protein levels at the selected time points for the ChIPSeq experiment. C. p53 ChIP peak at the p21 promoter with signal
normalized to the total number of reads in each sample (UCSC tracks
generated by HOMER software). D. Quantification of the log2 (Fold
Change) of p53 ChIP peak in C. plotted with p21 mRNA dynamics from
the mRNA-Seq experiment.

We next looked at p53 binding across the genome. We found a total of 4141
peaks that were bound by p53 over all time points (Methods). The top de novo
found motif corresponded to the known p53 binding site [50, 56, 85]. It was present
in 86.6% of the peaks (compared to 1.5% of background genomic regions) and
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distributed around the peak center (Figure 2.5A: HOMER motif, p=10-2119, Figure
2.5B). To determine if p53 shows different binding dynamics at different genomic
locations as suggested by the distinct clusters of gene expression (Figure 2.2A, B),
we measured the ChIP signal over time for all peaks. We observed pulsatile
dynamics of p53 ChIP for all genomic sites (Figure 2.5C, D). We next tested if p53
pulses cause global chromatin changes, by performing H3K27ac ChIP at 0, 2.5, 5
and 7.5 hour time points. We found a total of 27,228 peaks of H3K27ac, and only
the peaks that overlapped with p53 peaks (4%) showed pulsatile dynamics (Figure
2.5 E,F), suggesting that the pulsatile ChIP dynamics are specific to p53. Taken
together our data showed that in response to g irradiation, pulses of p53 protein
levels are converted into pulses of p53 DNA binding, suggesting that the
differential expression patterns we observed at the mRNA level (Figure 2.2A,B) do
not result from distinct binding dynamics at different loci but rather from other
mechanisms.
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Figure 2.5: Time course p53 ChIP-Seq experiment shows pulsatile
dynamics genome wide. A. De novo motif found using the HOMER
software, present in 86.6% of the peaks (1.5% of background genomic
regions). B. Distribution of motif (from A) start positions relative to the
p53 peak centers. C. Heat map of normalized reads in a total of 4141 p53
ChIP peaks, ordered by peak intensity. D. Quantile plot of p53 ChIP peak
log2 (Fold change). Median in black, area shaded in dark blue represents
the 25% and 75% quantiles and dashed blue lines show the 5% and 95%
quantiles. E. H3K27ac ChIP was done at 0, 2.5, 5 and 7.5h time points.
Quantile plot of H3K27ac ChIP peaks, that overlap with the p53 ChIP
peaks (left panel, 1075 peaks) and F. of H3K27ac peaks that do not overlap
with p53 (right panel, 26153 H3K27ac peaks).
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p53 target genes with different dynamics show similar p53 DNA binding
To directly associate p53 binding with gene expression, we assigned each
peak to the closest gene and imposed a distance cutoff of 20kb from the
transcription start site (TSS). We found 1363 p53 peaks within 20kb of TSS of
genes, but only 60 were mapped to differentially expressed genes (54 genes) that
were identified in Figure 2.2A, B. Cluster 1 was mostly enriched in p53 bound
genes; 69% of genes in this cluster had a p53 peak (Binomial test, p<10-16, Figure
2.6A). The other two activated clusters also showed enrichment in p53 bound
genes, with 36% of genes in cluster 2 (p=1.8×10-11) and 13% in cluster 3 (p=0.01).
Cluster 5 had <10% of genes that were bound by p53 (not significant, p=0.4). The
small fraction of differentially repressed genes that are bound by p53 was consistent
with previous studies suggesting that p53 does not directly act as a repressor of
transcription [72, 88, 89]. In agreement with our p53 shRNA data (Figure 2.2 D, E)
there were no p53 ChIP peaks in cluster 4.
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Figure 2.6: p53 target genes with distinct expression dynamics show
similar dynamics of p53 binding.
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Figure 2.6 (continued): A. Fraction of genes in each of the five gene
expression clusters (Figure 2.2) with a p53 peak within 20kb of the
Transcription Start Site (TSS). P-values were calculated using the
Binomial statistic; * for p<0.01 probability of containing a peak. B. Gene
expression dynamics of the induced genes that contain a p53 peak within
20kb of TSS. C. On the left, heat map of p53 ChIP log2 (Fold Change) of
peaks corresponding to genes in B. On the right, corresponding z-scores
of the p53 ChIP signal. D. Log2(Fold change) of mean p53 ChIP dynamics
per cluster. E. Distribution of maximal fold change, or F. absolute
maximal counts of p53 peaks per cluster. T-test was done to evaluate
significance; ns stands for not significant (pval >0.2 for all comparisons).

We next focused on p53 bound genes and sought to determine the
quantitative differences in p53 binding to genes in the activated clusters by plotting
the average ChIP signal for each cluster over time after irradiation. Surprisingly,
we found that the three activated clusters, which showed distinct mRNA dynamics,
had similar dynamics of p53 binding (Figure 2.6B, C, D). In addition, no significant
difference was observed in the fold changes or absolute peak signal between
clusters (Figure 2.6E, F).
The observation that p53 binds similarly to all induced genes suggests that
the distinct dynamics of p53 target genes do not result from distinct binding, but
rather from either additional regulation of transcription (e.g. by p53 co-factors) or
through post-transcriptional mechanisms. To distinguish between these options we
measured by qPCR the pre-mRNA dynamics of three p53 target genes representing
distinct mRNA dynamics. We found similar pre-mRNA pulsatile profiles albeit
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distinct mature mRNA dynamics (Figure 2.7), suggesting that post-transcriptional
mechanisms contribute to the differential dynamics observed between clusters.

Figure 2.7: Genes from different clusters show pulsatile pre-mRNA
dynamics. Quantitative RT-PCR on p21, DDB2 and RPS27L genes, in
clusters 1, 2 and 3 respectively, using primers specific for pre-mRNA
(green) and mRNA (blue).

A mathematical model points to mRNA half-life as a major modulator of p53’s
target genes dynamics
How can pulsatile p53 give rise to different mRNA dynamics despite similar
DNA binding and transcription? To answer this, we built a two-parameter model
describing mRNA dynamics with p53 protein levels as input:
!"#$%(')
!'

= 𝑘𝑘+ ×𝑝𝑝53(𝑡𝑡 − 1) − 𝑘𝑘! ×𝑚𝑚𝑚𝑚𝑁𝑁𝐴𝐴(𝑡𝑡) (Equation 1)

We used p53 levels at t–1h as the input for p53 (Figure 2.4B) and fit the
production and degradation rate constants, 𝑘𝑘+ and 𝑘𝑘! to the measured mRNA-Seq
data of p53 bound induced genes (from Figure 2.6B, see Methods). We obtained a
fit with R2=0.93 for the p21 gene (Figure 2.8A) and a median R2=0.79 for all genes
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compared to R2=0.43 for genes without a p53 peak (Figure 2.8B, Wilcoxon rank
sum test p=7.3×10-9).
The activation rate 𝑘𝑘+ showed a significant correlation with the maximal
p53 ChIP peak amplitude on a per gene basis (Spearman’s ρ=0.53, p=5.2×10-5, the
signal from the closest peak was used for genes with multiple p53 ChIP peaks). The
degradation rate constant 𝑘𝑘! was significantly correlated with previously published
mRNA half-life data collected in the same cell line (Spearman’s ρ=0.55, p=8.2×104

) [90]. The significant correlations between parameters extracted from our model

and independent datasets (p53 ChIP peak and mRNA half-life) further validate the
model and suggest that our mathematical formulation can be used for explaining
p53 dependent gene expression.
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Figure 2.8: Mathematical modeling recapitulates the different mRNA
dynamics for induced genes. A. Using p53 protein dynamics (quantified
from Western blot, Figure 2.4B) as the input, we fit the production and
degradation rates, kp and kd respectively, to the RNA-Seq data. p21 gene
is shown as an example. B. Heat map of mRNA-Seq data of p53 target
genes (same as Figure 2.6B) and corresponding fit data from the model.
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Figure 2.9: Contribution of model parameters to the gene expression
dynamics. A. Schematic of gene expression dynamical features that were
computed for the model stimulation. B-E. Simulation of the model
(Equation 1) for the shown range of kp and kd values. Heat maps of the
gene expression properties from A. derived for each kp and kd
combination are shown.

To explore the contribution of the production and degradation rates to
specific dynamical properties of gene expression (for example maximal induction,
pulsatility and time to reach maximal induction; defined in Figure 2.9A), we ran a
simulation for a range of 𝑘𝑘+ and 𝑘𝑘! parameters. We observed that maximal
induction of gene expression increased with 𝑘𝑘+ values (Figure 2.9B). This
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dependency was lost when we looked at the maximal fold change, which was only
dependent on the degradation rate 𝑘𝑘! (Figure 2.9C). The degradation rate 𝑘𝑘! also
determined the pulsatility and the time to maximal induction, with higher
degradation rates leading to pulsatile behavior and faster induction (Figure 2.9D,
E). Our simulation therefore suggests that p53 protein level and DNA binding
strength determine how strongly a gene is induced; however, the dynamics and
timing of activation are controlled at the post-transcriptional level through mRNA
half-life. In this scenario, different dynamics of target genes in response to p53
pulses can be achieved by solely varying the 𝑘𝑘! values while maintaining similar
𝑘𝑘+ values (Figure 2.10A). Indeed, the three genes representative of the three
expression clusters with pulsatile pre-mRNA (Figure 2.7) had different 𝑘𝑘! values
(Figure 2.10B). At the global level, genes in cluster 1 were had higher 𝑘𝑘! values
compared to genes in clusters 2 and 3 (p<2×10-9, Figure 2.10C) but not significantly
different 𝑘𝑘+ values (p>0.05).
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Figure 2.10: mRNA degradation rate can explain the differences in
dynamics across gene expression clusters. A. Model simulation with
varying only the kd parameter. B. Examples of RNA-Seq measurements
(blue circles) and model fit (black lines) of three genes from clusters 1
(p21), 2 (DDB2), and 3 (RPS27L). C. Distributions of kd per cluster.

Can our model of gene regulation by p53 (Equation 1) be applied for a
different dynamical input? To test the predictive power of the model we perturbed
p53 dynamics from pulses to sustained levels using an established protocol that
combines g irradiation with a small molecule that inhibits p53 degradation (Nutlin
3a) [36]. We used sustained p53 protein level as input (Figure 2.11 A,B), and the
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parameters derived from the pulsed condition, to predict mRNA dynamics in the
sustained condition. We compared our predictions to the time-course RNA-Seq
experiment under the sustained p53 condition (Figure 2.11C). The predicted mRNA
dynamics for p53 target genes were in strong agreement with the levels measured
by RNA-Seq (median R2=0.91 versus R2=0.64 for genes without a p53 peak,
Wilcoxon rank sum test p=1.6×10-12). Thus, the 𝑘𝑘+ and 𝑘𝑘! parameters that were
derived from the pulsed condition can predict the expression of target genes under
different p53 input dynamics.

45

Figure 2.11: Experimental validation of the model under sustained
p53 input dynamics.
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Figure 2.11 (continued): A. Western blot for the samples at the p53 ChIP
time points, time points 0, 1, 2.5, 4, 5 and 7.5h were collected for the
pulsed condition, and an additional 7.5h time point was collected under
sustained p53 treatment (7.5S). B. Quantification of Western Blot (A) for
the sustained p53. C. Using sustained p53 protein dynamics, from B, as
input, and kp and kd derived from the pulsed data, we can predict gene
expression under the sustained p53 condition. Results are shown as a
heatmap for experimental data and model prediction. D. Model simulation
with p53 sustained input only varying the kd parameter values. E.
Examples of model prediction and mRNA measurements for RPS27L,
DDB2 and p21 genes under the sustained condition.

Lastly, our study provides new insights into the question of why p53 shows
pulses in response to DNA damage. Our model suggest that under sustained p53,
the degradation rate affects the maximal fold change of induction, however the
pattern of gene expression dynamics is less variable between genes; notably they
all show continuous accumulation (Figure 2.11C, D,E). Our RNA measurements of
a few target genes with distinct mRNA half-lives showed that this is indeed the case
(compare Figure 2.10B with Figure 2.11E). On a global scale, sustained p53
dynamics resulted in a more uniform pattern of gene expression compared to
pulsatile p53 (Figure 2.11C) with significantly smaller Euclidean distances between
genes in different clusters (Table 2.1). These findings suggest that p53 pulses may
provide a mechanism for diverse gene expression patterns which cannot be
achieved under sustained conditions.
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2.3 Discussion
In response to g irradiation, p53 exhibits a series of pulses. We used this
stereotypic dynamical behavior to understand how a pulsing transcription factor
regulates downstream genes. We performed time-course mRNA-Seq in response to
g irradiation and consistent with other work, we observe a range of gene expression
dynamics for irradiation responsive genes [36, 46, 91]. Induced genes were largely
p53 dependent, and p53 ChIP-Seq data revealed that about one third of the induced
genes were direct p53 target genes. In contrast, repressed genes were only partially
and indirectly dependent on p53, consistent with other studies showing that p53
does not directly mediate repression [72, 88, 89, 91].
Focusing on the induced p53 bound genes, we observed distinct gene
expression dynamics: pulses, induction and plateau, or continuous accumulation.
However, the dynamics of p53 ChIP-Seq signal were pulsatile in all cases. Thus,
p53 pulses were translated into pulsatile DNA binding but were not predictive of
the output gene expression. We used mathematical modeling to understand how a
uniform pulsatile input can give rise to different dynamics of gene expression.
Using a two-parameter model with p53 protein levels as input, we found that we
can recapitulate the different activation dynamics of p53 target genes. Moreover,
our model parameters provide a mechanistic understanding of gene regulation by
p53, where the strength of p53 binding contributes to the maximal induction of gene
expression, and the mRNA degradation rate is important for the dynamic pattern of
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activation. We showed that our model can be used to predict gene expression for a
new dynamical input of p53. Indeed, we were able to predict gene expression
dynamics for sustained p53 input dynamics and experimentally validated these
predictions across the genome.
The fact that our model recapitulates the observed gene expression patterns
for p53 target genes suggests that p53 activity is sufficient to explain their
expression. Although we cannot exclude the contribution of other co-factors on
specific genes, our global observations are consistent with the findings of a recent
study that showed, using a high throughput enhancer assay to test p53 bound
genomic regions, that p53 can act in isolation [72]. The second prediction of the
model is that the intrinsic differences in mRNA half-life lead to distinct dynamics
of gene expression. Our results suggest that given a specific p53 input dynamics,
information about mRNA stability of p53 target genes is sufficient for predicting
their gene expression dynamics. Analogously, in the NF-κB system mRNA halflife was also found to be important for tuning the timing and pattern of gene
expression in response to NF-κB oscillations [42, 45] and further studies are needed
to determine if a similar model of gene regulation would also apply to NF-κB target
genes.
In this study, we focused on genes that showed strong expression changes
(>2 fold) and used a conservative approach to associate p53 peaks with genes
(<20kb from TSS). Due to these constraints, we are likely underestimating the
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number of genes that are directly regulated by p53 and only considered a small
fraction of p53 ChIP peaks that we were able to connect with differentially
expressed genes. However, these stringent criteria, allowed us to identify a high
confidence set of genes that are directly regulated by p53 and to gain mechanistic
understanding of how p53 dynamics control their expression.
How p53 chooses between its target genes is a longstanding fundamental
question. Our findings suggest that, in the context of g irradiation, p53 itself does
not make that choice; it globally binds to DNA in a temporal pattern that mimics
the dynamics of its protein levels. The degradation rate of mRNA dominates the
timing, profile and fold change of gene induction. Post-transcriptional control of
mRNA stability, although independent of p53, results in different ‘decoding’ of p53
input dynamics by different genes. For example, expression dynamics of genes with
short mRNA half-life, as for example p21, follow p53 protein dynamics and thus
have different dynamics under pulsed and sustained p53 inputs (Figure 2.10B and
2.11E). On the other hand, genes with long mRNA half-lives, like RPS27L, low
pass filter the p53 signal and act as an integrator (Figure 2.10B and 2.11E).
Different effectors of p53 signaling may therefore act as integrators or
instantaneous readouts of p53 activity. The role of mRNA half-life in tuning the
mRNA level and what impact they have on protein levels and consequently on cell
fate decision in response to different p53 inputs remains an open question. In
addition, further studies will be required to determine whether a similar
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input/output relationship exists between p53 dynamics and its target genes under
additional conditions and cellular backgrounds.

2.4 Methods
Cell culture and DNA damage treatment
MCF7 + p53shRNA, from Reuven Agami group [92], and MCF7 cells were
grown in RPMI + 10% fetal bovine serum (FBS) supplemented with 100 mL/L
FBS, 100 U/mL penicillin, 100 mg/mL streptomycin, and 250 ng/mL fungizone
(Gemini Bio-Products). and also grown in RPMI + 10 % FBS. Irradiation and
irradiation with Nutlin 3a treatment, for the sustained p53 dynamics were
performed as described in [36].
RNA-Seq
RNA was collected using the TRIZOL reagent and purified using the Zymo
RNA Clean-up kit. 500ng of RNA was used as input for the Illumina TruSeq
Stranded mRNA Library Prep Kit. Barcoded libraries were pooled and single-end
sequenced on Illumina Next-Seq.
ChIP-Seq
MCF7 cells were cross-linked in 1% formaldehyde for 5 min at room
temperature, quenched with glycine, washed in ice cold PBS with Protease
Inhibitors (Roche). Pellets were flash frozen in liquid nitrogen and stored at -80°C.
Cross-linked cells were thawed on ice and lysed for 10 minutes in ice cold lysis
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buffer (10mM Tris-HCl pH 8.0, 10mM NaCl, 0.5% NP-40 with Protease Inhibitors
(Roche) and 500uM DTT added just before use). Following a 5’ spin, wash in ice
cold 1xPBS and a second spin, supernatant was discarded and nuclei were lysed for
10’ in nuclei lysis buffer (50mM Tris-HCl pH 8.0, 10mM EDTA, 0.32 % SDS) and
sonicated using Digenode Bioruptor for 15 minutes using high power and 30
seconds on, 30 seconds off cycle. The remainder of the ChIP protocol was done
according to the Broad ChIP Protocol from the Roadmap Epigenomics project
(www.roadmapepigenomics.com) using 5M cells, 3ul of X-DO1 (Santa Cruz, sc126 X) anti p53 antibody and anti H3K27ac antibody (Abcam ab4729). Illumina
library preparation was done using the Nugen Ovation Ultralow Library Systems
V2 kit. Barcoded libraries were pooled and sequenced on Illumina Next-Seq.
Quantitative RT-PCR
Same RNA samples as used RNA sequencing were used to generate
complementary DNA using the high-capacity cDNA reverse transcription protocol
(Applied Biosystems). Quantitative RT-PCR was then performed using 8.4 ng total
cDNA, 100 nM primer, and SYBR Green reagent (Applied Biosystems).
Normalization was done to the average of both ACTB and GAPDH genes.
qPCR Primers used:
p21 mRNA
FW: TGTCACTGTCTTGTACCCTTG
REV: GGCGTTTGGAGTGGTAGAA
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p21 pre-mRNA
FW: CCCGGCCAGGTAACATAGT
REV: CATGGGTTCTGACGGACATC
DDB2 mRNA
FW: TCGTCAGGACCCTCCAC
REV: CGCCAAGGATGTAGCCC
DDB2 intron
FW: CGCTAGAGTGCAGTGATTCG
REV: GGTGGTAGGTGCATGTGGTT
RPS27L mRNA
FW: CGTCCTTGGAAGAGGAAAAG
REV: ACCGTGGTGATCTTGTAGCA
RPS27L pre-mRNA:
FW: GGGATTGCTAGTGTGGTGTG
REV: TGTCCCTGACATTTCCAATTC
GAPDH:
FW: ACATCGCTCAGACACCATG
REV: TGTAGTTGAGGTCAATGAAGGG
ACTB:
FW: ACCTTCTACAATGAGCTGCG
REV: CCTGGATAGCAACGTACATGG
RNA-Seq data analysis
RNA-seq reads were mapped and analyzed by TopHat/Cufflinks RNA-seq
analysis pipeline[93] using Tophat version 2.1.0 and cufflinks version 2.1.1.
Alignment was done against hg19 genome and hg19 RefSeq.gtf transcript
annotations were used.
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Selection of differentially expressed genes was done by calculating the fold
change (FC) and significance relative to basal expression on the two biological
replicates and selecting the genes that show FC>2 with FDR (Benjamini and
Hochberg) <0.2 at any time point. Clustering was done on z-scores using Fuzzy cmeans clustering with exponent for the fuzzy partition matrix=1.3 and number of
clusters=5. Small variation in parameter values does not qualitatively affect the
results and their interpretation.
ChIP-Seq data analysis
Reads were aligned to the human reference genome (hg19) using Bowtie 1
algorithm and only uniquely aligned reads were retained [94]. Duplicate reads were
removed for downstream analyses. For peak calling the IDR framework [95, 96]
with MACS2 [97] algorithm was used. Briefly, reads from all time points were
pooled together and peaks were called using the MACS2 software using p=1e-3
cutoff on the pooled reads file and on pseudo-replicate files where reads from the
pooled file were randomly split in half. We identified 4141 peaks with 0.0025 IDR
threshold. For these 4141 peaks, we defined regions of +/- 300bp around the peak
center to count the number of reads per peak for each condition which were then
normalized to the total number of reads in the sample.
The HOMER package [98] was used for de novo motif discovery. WebLogo
was used to generate the motif plot [58] in Figure 2.5A for the top enriched motif.
The top enriched motif (Figure 2.5A) was then used to re-scan and score all peaks
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and background regions. Background regions were generated by selecting 600bp
regions adjacent to either side of the peak and excluding regions that overlap with
p53 peak regions.
Mapping of peaks to genes was done using the HOMER package to find the
closest gene. Only peaks with 20kb relative to the TSS of each gene were used for
the analyses. For genes with multiple p53 ChIP peaks, the signal from the closest
p53 ChIP peak was used.
Model
Due to the discrete data we implemented the model in Equation 1 by
calculating the mRNA level at each step for a given set of 𝑘𝑘+ and 𝑘𝑘! parameters at
each time point.
𝑚𝑚 𝑡𝑡 = 1 − 𝑘𝑘! 𝑚𝑚 𝑡𝑡 − 1 + 𝑘𝑘+ 𝑝𝑝53(𝑡𝑡 − 1)
Quantification of p53 Western blot (Figure 2.4B) was used as input for p53
levels for the pulsed condition. For the sustained p53 condition, we interpolated
between Western blot values for 0, 1, 2.5h time points and 7.5h sustained time point
(Western blot, Figure 2.11A, B).
We fit the model under the pulsed p53 condition as to minimize the square
of the Pearson’s correlation between the predicted and the measured mRNA
levels for each gene.
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cluster 1 and 2
cluster 1 and 3
cluster 2 and 3

Pulsed
3.4
4.7
3.2

Sustained
1.6
2.4
1.7

p-value
8.9E-103
2.4E-59
6.7E-48

Table 2.1: Median Euclidean distances under the pulsed and sustained
condition. P-values were calculated using the Wilcoxon rank sum test.
Pairwise gene to gene distances were calculated using on the normalized
gene expression (z-score, as this was used for clustering).
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Chapter 3:
A single cell system to connect the dynamics
of p53 protein, p21 transcription and p21
protein in live cells

This chapter is part of an ongoing project performed in collaboration with
Jacob Stewart-Ornstein and supervised by Galit Lahav.

3.1 Introduction
Temporal dynamics of the tumor suppressing transcription factor p53 in
response to stimuli have been shown to control gene expression and cellular
outcomes [36, 46, 75, 99]. In Chapter 2, we have studied the mechanism that leads
to differential gene expression dynamics in response to pulses in p53 protein levels
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induced by g irradiation. Using population level time course measurements we
showed that p53 DNA binding showed uniformly pulsatile dynamics across the
genome, mirroring p53 protein levels; while differences in mRNA stability lead to
differences in expression dynamics between genes. While the genome wide nature
of our study allowed us to develop a general model of how p53 pulses are decoded
by p53 target genes, there are questions that we are not able to address due to
averaging over a large number of cells. For example, we do not know if all pulses
of p53 induce transcription at the single cell level, or if p53 transcription factor
activity changes at consecutive pulses. Further, our study - and any population level
assay - is restricted to conditions of high cellular synchrony, where the average p53
activity well represents individual cells. g radiation induces highly synchronized
behavior across the population, but many other genotoxic treatments result in
heterogeneous behavior across single cells. Further, while DNA binding
measurements were sufficient to explain p53 activity in the single stimulus we
tested, in other cases p53 modifications such as phosphorylation or acetylation may
introduce a disconnect between DNA binding and transcriptional activation.
Addressing these questions requires a single cell system that allows to
simultaneously measure p53 protein levels and transcription of a target gene.
To be able to measure dynamics of p53 and downstream transcription at
high temporal resolution, we took advantage of the MS2 system developed in
Robert Singer’s lab due to its unique capacity to enable visualization of
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transcription in live cells [100-103]. The approach relies on an RNA binding protein
derived from the bacteriophage MS2 (MCP) that recognizes with high affinity and
specificity its RNA hairpin motif. Insertion of multiple MS2 sequences into a gene
of interest and expression of a fluorescently tagged MCP protein in the same cells,
allows visualization of transcription in live cells. Since this approach relies on
localization of the MCP proteins to the RNA, it provides an instantaneous readout
of RNA, in contrast to traditional fluorescent reporters of transcription that require
translation and maturation time. To use this system in a natural context we used
Cas9 triggered homologous recombination to insert MS2 repeats at the C-terminal
of the canonical p53 target gene and important cell cycle regulator CDKN1A (p21).
In addition to the MS2 tag, we added a reporter for p21 protein dynamics in the
same cells. This new constructed cell line allows following the cascade from the
input of the p53 protein to transcription and protein dynamics using live
microscopy.
Using this three reporter system we found that qualitatively, p21
transcription dynamics track p53 protein levels for three different stimuli that
trigger three different p53 input dynamics. These observations are consistent with
the results from population level measurements in Chapter 2, where pulses in p53
protein level in response to g-irradiation were translated into pulsatile DNA binding
and transcription of p21. Our single cell data in response to Nutlin 3a and Cisplatin,
suggested that a similar relationship may be generally valid for p53. Quantification

59

of the kinetics of p53 and p21 transcription pulses in response to the radiomimetic
drug NCS, revealed a delay in the decay times between p53 and p21, with p21
transcription terminating prior to the decay in p53 protein level. This delay has
never been detected before and may provide important insights about the temporal
regulation of p53 activity. To generate hypotheses about the potential molecular
mechanisms responsible for this early termination of p21 transcription, we
constructed a mathematical model. We are planning to experimentally test the
model predictions and use in silico and experimental perturbations to identify
important parameters for dynamic regulation of p21 transcription by p53.

3.2 Results
Using the MS2 system to measure p21 transcription and protein dynamics in
live cells
To quantify dynamics of transcription at the single cell level we used the
MS2 system and chose to tag the cell cycle regulator gene, p21. One of the first
identified p53 target genes [50, 86], p21 has been previously shown to be amenable
to tagging without perturbing p21 function [104]. To tag p21 in its endogenous
locus we used Crispr/Cas9 and roughly 600bp homology regions flanking the stop
codon to insert the tag cassette consisting of mCherry, antibiotic selection marker
and 24xMS2 repeats. In the same cell line, we have expressed a transgene coding
for the MS2 binding protein (MCP) fused to YFP. Thus upon expression of the p21,
MS2 RNA hairpin loops allow assembly of the already present MCP-YFP proteins
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and lead to formation of foci at the sites of transcription (Figure 3.1A). We obtained
a clonal cell line with a single tagged allele of p21, that we verified by Western blot
(Figure 3.1B) and genomic PCR. In response to p53 activation by Nutlin 3a we
observed nuclear YFP foci. We verified by single molecule fluorescent in-situ
hybridization (smFISH) against p21 that these were indeed bona fide p21 sites of
transcription (Figure 3.1C). We verified using qPCR and specific primers for the
endogenous and tagged p21 alleles, that both transcripts show pulses in expression
in response to g irradiation consistent with previous work [36, 46] (Figure3.1D,
Figure 2.4D).
To measure the dynamical behavior of this transcription reporter in live
cells, we treated cells with a radiomimetic drug, Neocarzinostatin (NCS), which
causes double strand DNA breaks and similarly to g irradiation induces p53 pulses
[105]. We observed induction of transcriptional foci with pulsatile dynamics that
we could quantify using a custom Matlab image analysis code (Figure 3.2A, B,
Methods).

61

Figure 3.1: Design and validation of the p21 endogenous transcription
and protein tag.
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Figure 3.1 (continued): A. Schematic of the reporter design and insertion
into the endogenous locus of p21 between the last exon and 3’UTR. B.
Western blot in the parental cell line and a clonal line containing the
endogenously tagged allele and the MCP-YFP transgene. Cells were
treated with 10Gy g irradiation and collected at 0 and 24 hour time points.
A band corresponding to the endogenous protein as well as size shifted
p21-mCherry band are detected in the tagged cell line. C. Imaging of fixed
cells 3 hour post Nutlin 3a treatment. smFISH was performed with probes
against p21 and the cells were stained with DAPI. YFP transcriptional foci
overlap with smFISH p21 transcriptional foci in the nucleus. D. Timecourse qPCR testing the dynamics of the tagged and endogenous p21
alleles. Time points were collected every hour post 10Gy g irradiation.
Primer locations are indicated in the schematic.

Figure 3.2: Imaging and quantification of p21-MS2 transcriptional
foci in live cells. A. Time lapse images at 2.5 hour intervals are shown for
the Brightfield and YFP channels post NCS treatment for 2 cells. B.
Quantification of the YFP foci intensity of the 2 cells in A.
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p53 and p21 relationship remains stable across different stimuli
To study the relationship between the dynamics of the p53 protein, p21
transcription and p21 protein dynamics, we inserted a p53-CFP transgene in the
cells carrying the p21 tag (Figure 3.3A), which allows us to follow the cascade from
p53, to p21 transcription, to p21 protein dynamics (Figure 3.3B). We decided to
use this system to study the response to DNA damage induced by NCS, and
consistent with previous work observed stereotypical pulses of p53 that persist for
over 24 hours post DNA damage and show damped amplitudes upon averaging of
all single cell trajectories (3 single cell examples and average Figures 3.3C, D and
[20, 21]). In the same cells we tracked MS2 foci intensity as well as mCherry levels
reporting for p21 transcription and protein respectively (Figures 3.2 C,D).
Transcription of p21 showed persistent pulses over the duration of the movie which
overlapped with p53 expression. On the other hand, p21 protein dynamics showed
an initial increase and plateau of expression, although we could still observe bumps
of expression following p53 and p21 transcription pulses in some cells. Therefore,
in response to p53 pulses and consistent with our population level measurements in
Chapter2 (Figure 2.7), p21 transcription qualitatively tracks p53 protein dynamics
while p21 protein integrates over the pulses. In addition, this single cell system
allows to connect p53 and p21 dynamics beyond the duration of the first two pulses,
which is a limitation for population level measurements due to the loss of synchrony
between cells.
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Figure 3.3: Addition of the p53 tag allows to follow p53, p21
transcription and protein dynamics in live cells. A. Schematic of the
p53-CFP transgene driven by the Ubiquitin promoter, B. addition of which
enables imaging of the cascade from p53-p21 transcription-p21 protein in
the same cells. C. Example trajectories of 3 single cells post NCS
treatment imaged for over 24 hours. D. Averaging of the single cell
trajectories from the movie in C. with n=247 cells. E. Quantification of
p53 pulse and F. p21-MS2 pulse amplitudes over consecutive pulses post
NCS treatment.

To get a quantitative understanding of the relationship between p53 levels
and p21 transcription, we measured their peak pulse amplitudes over multiple cells
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and consecutive pulses. We saw heterogeneity in both p53 and p21 peak amplitudes
(Figure 3.3E, F). Comparison of consecutive pulses of p53 showed that, after the
initial pulse, which had higher levels, there was no significant difference in
distributions between subsequent pulses, consistent with previous work on p53
[21]. Similarly, for p21 transcription we observed uniform amplitude distributions
throughout the duration of the experiment (Figure 3.3F). This suggests that p53 is
capable of inducing p21 transcription to a similar extent regardless of the proximity
to the time of DNA damage.
Our model of p53 transcription developed in chapter two suggests that
greater levels of p53 would induce higher transcription of p21. Inconsistent with
this, direct comparison of pulse amplitudes showed no correlation between p53
levels and p21 transcription. This lack of correlation could be due to biological
factors such as promoter saturation, or may result from a technical limitation of our
system.
To extend our observations to different p53 dynamics we performed a
similar time-lapse microscopy in response to Nutlin 3a. A small molecule that
specifically blocks the p53-Mdm2 interaction [106, 107], Nutlin-3a leads to
accumulation of p53 in the absence of DNA damage [82]. Our single cell data
showed heterogeneous accumulation of p53 as shown by representative single cell
trajectories (Figure 3.4A). Qualitatively, p21 transcription followed p53 protein
dynamics, with transcriptional foci appearing only in cells expressing p53. Under
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these experimental conditions, similarly to NCS, we found no simple correlation
between p53 signal and p21 transcription. Comparison between treatments on the
other hand showed that Nutlin 3a leads to higher maximal p53 and p21 transcription
levels relative to the maximal amplitudes in response to NCS (Figure 3.4 B, C).
Therefore, although within each treatment we did not find a quantitative
relationships between p53 level and transcription between individual cells, across
treatments, the difference in p53 was reflected at the level of p21 transcription.
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Figure 3.4: Nutlin 3a and Cisplatin treatment reveal qualitatively
similar dynamics to NCS. A. Nutlin 3a leads to either continuous or a
single wave of accumulation of p53, p21-MS2 and p21 protein levels as
shown by example single cell trajectories. B. Quantification of maximal
p53 and C. p21-MS2 levels in response to Nutlin 3a (92 cells) and
comparison with maximal levels in response to NCS treatment. Nutlin
leads to an increase in both p53 and p21. D. Treatment with 20uM cisplatin
results in pulsatile, NCS like dynamics and non-pulsing cells.
Representative examples are shown for each category.
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We also experimented with several other p53 inducing treatments which led
to a similar observation of tightly linked p53 and p21 transcription dynamics. An
interesting example is treatment with the widely used chemotherapy agent
Cisplatin, a platinum derived small-molecule compound that generates adducts on
DNA which stall replication and transcriptional machinery resulting in DNA breaks
[108]. We found that Cisplatin led to heterogeneous p53 dynamics, where some
cells showed pulses and others continuous accumulation of p53 (Figure 3.4D). As
with the other tested stimuli, p21 transcription dynamics followed p53 and showed
pulses in response to p53 pulses, and accumulated with similar dynamics to p53 in
non-pulsing cells.
Time delays between p53 and p21 transcription pulses in response to NCS
One substantial advantage of the MS2 based RNA measurements is the high
time resolution, allowing quantification of the precise temporal coupling of events
to transcription. Focusing on the kinetics of induction and decay for p53 and p21
transcription in response to NCS, we noticed in single cell traces as well as for the
population average, a drop in p21 transcription that occurred prior to the decrease
in p53 levels (Figure 3.3C, D). We quantified the induction and decay times that
we defined as times at half-maximal points before and after each peak (schematic
in Figure 3.5A) and found that p21 transcription ceased about 28 minutes (t-test,
p=8·10-36) prior to p53 off time (Figure 3.5B). We also observed a slight delay in
activation times, with transcription preceding p53 protein levels by a median of
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about 7 minutes (t-test, p=3·10-7). We suspect that the delay in the ‘on’ times is due
to the time required for maturation of CFP (roughly 20 minutes). To explain the
fast turn-off of p21 transcription, our current model is that Mdm2, induced in
response to NCS, sequesters and transcriptionally inactivates p53 prior to its
degradation. Indeed, as described in Chapter 1, there is a negative feedback loop
between p53 and Mdm2 where mdm2 is transcriptionally induced by p53, and
Mdm2 protein in turn, binds to and ubiquitinates p53 targeting it for degradation.
The interaction between p53 and Mdm2 occurs at the N-terminus of p53, which
also contains the transactivation domain [109-111]. Mdm2 binding to p53 was
shown to repress p53 transcriptional activity [112]. We hypothesized that increase
in Mdm2 in response to NCS, would lead to a decrease in transcriptionally active
p53 molecules, which would occur prior to the total p53 signal decay and account
for the early termination of p21 transcription. We tested this hypothesis
computationally, by adapting models of the p53 network from previous work [29,
36, 82] to include free and complexed p53 and Mdm2 species (Figure 3.5C). Our
model reproduced oscillations of total p53 and Mdm2 protein levels in response to
DNA damage (Figure 3.5D). Looking dynamics of ‘free’ p53, i.e. not bound by
Mdm2, which in our model corresponds to transcriptionally active p53, we saw a
drop preceding the total p53 level and correspondingly a decrease in transcription
of the downstream target gene. Note that in this simulation, we did not make a
distinction between transcription of different p53 target genes, and the transcription
levels in this case were equivalent for both p21 and mdm2 (Figure 3.5E). We plan

70

to validate this model with experiments measuring if p53-Mdm2 complex is
detectable by co-immunoprecipitation, and if blocking the p53-Mdm2 interaction,
that we can do experimentally using Nutlin 3a, would indeed lead to prolonged p21
transcription.
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Figure 3.5: Time delays between p53 level and p21 transcription are
recapitulated in a mathematical model supporting an Mdm2
sequestration hypothesis.
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Figure 3.5 (continued): A. Schematic of the p53 and p21-MS2 pulse and
definition of the peak maxima and on and off times for p53 and p21-MS2.
B. Quantification of p53 and p21-MS2 on and off times in response to
NCS for all pulses in 247 cells from the experiment in Figure 3.3. p21
transcription shows an off time that precedes p53 by a median of 28
minutes. C. Schematic of the computational model with the addition of
free and complex p53-Mdm2 species. D. Mathematical model with the
additional species from C. reproduces the oscillations of total p53 and
Mdm2 protein levels. E. View of the p53 total, p53 free and transcription
species during 1 pulse. p53 free molecules decay prior to the decrease in
p53 total levels and correspondingly lead to termination of transcription
30 minutes before total p53 that is shown by vertical lines.

3.3 Discussion
In this study, we developed a system that allows us to study the cascade of
events from transcription factor to target gene transcription and protein using live
cell imaging for long time-scales and high temporal resolution. Using time-lapse
imaging we can quantify p53 and p21 protein levels and p21 transcription in
conditions of cell-to-cell heterogeneity, resolving a limitation of the population
based approaches we used in Chapter 2.
Collectively, our data showed a strong dependence of p21 transcription on
p53 across conditions tested. However, within any single condition there wasn’t a
strong relationship between p53 protein and p21 transcription levels. It is
interesting to note that p21 is regulated by multiple transcription factors [113, 114],
but in our experiments its activation is dominated by p53. It will be interesting to
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see if combination with other treatments, that are known to induce p21
independently of p53, such as TNFα for example [115, 116], can alter this strong
relationship with p53. In addition, we are also exploring other perturbations to the
p53-p21 transcriptional link with the goal to identify the promoter properties
important for the activation kinetics.
The MS2 transcriptional reporter enables us to study the kinetics of p21
transcriptional activation and connect it with the p53 input dynamics. In response
to p53 pulses induced by NCS, we found that transcription decays about 30 minutes
prior to p53, and we can further improve this measurement by increasing the time
resolution of imaging, which is currently every 15 minutes. This phenomenon was
not apparent with the population level measurements, and suggests a mechanistic
model of regulation downstream of p53 pulses that we are following up on. In
addition, we can use the MS2 system to tag additional p53 target genes identified
in Chapter 2 which will allow us to determine if the same relationship between p53
dynamics and transcription is applicable across genes.
Finally, we have yet to take full advantage of this system in linking p53 and
transcriptional dynamics with p21 protein expression and cellular behavior. Indeed
p21 is an important cell cycle regulator and from current work in the lab we know
that its protein levels can determine entrance, maintenance or exit from cell cycle
arrest (unpublished work by Jose Reyes) or protect cells from apoptosis [113].
Identifying the relationship between p53, p21 transcription and p21 protein
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dynamics requires additional information on cell division, as p21 is sharply
degraded in S phase [104, 117]. Understanding how p53 levels and p21
transcription affect p21 protein levels and dissect the contribution of cell cycle
dependent regulation, as well as additional post-transcriptional and posttranslational control p21 protein can provide key insights into the cell outcomes in
response to different stresses.

3.4 Methods
Cell culture and DNA damage treatment
MCF7 cells were grown in RPMI + 10% fetal bovine serum (FBS)
supplemented with 100 mL/L FBS, 100 U/mL penicillin, 100 mg/mL streptomycin,
and 250 ng/mL fungizone (Gemini Bio-Products). DNA damage was induced by
treatment with 10Gy g irradiation, addition of the radiomimetic drug NCS (Sigma)
at 50 ng/ml, or Cisplatin at 20uM (Sigma). Nutlin 3a was purchased from Cayman
Chemical, dissolved in DMSO, and applied at a final concentration of 10 uM.
Quantitative RT-PCR
Same RNA samples as used RNA sequencing were used to generate
complementary DNA using the high-capacity cDNA reverse transcription protocol
(Applied Biosystems). Quantitative RT-PCR was then performed using 8.4 ng total
cDNA, 100 nM primer, and SYBR Green reagent (Applied Biosystems).
Normalization was done to the GAPDH gene.
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qPCR primers used:
p21 Forward: GACTCTCAGGGTCGAAAACG
p21 wild type Reverse: AAGATGTAGAGCGGGCCTTT
p21 mCherry MS2 Reverse: CATGTTATCCTCCTCGCCCT
GAPDH Forward: ACATCGCTCAGACACCATG
GAPDH Reverse: TGTAGTTGAGGTCAATGAAGGG

Western blot
Cells were harvested by lysis in the presence of protease inhibitors, and run
on 4%–12% Bis-Tris gradient gel (Invitrogen). Transfer was done onto
Nitrocellulose membrane and the membrane was blocked with 5% nonfat dried
milk prior to antibody addition. p21 (Calbiochem), p53 (DO1 Santa Cruz), Actin
(Sigma) and RFP (MBL) antibodies were used. Secondary antibodies with IR-600,
IR-800 dyes (Licor) were used for detection.
Plasmids and cloning
The plasmid containing p21 homology regions, mCherry, P2A Neo and
24xMS2 (Addgene 31865) repeats sequential restriction enzyme cloning was used.
The p21 homology regions, 632 bp for the upstream homology region and without
the STOP codon and 666 bp for the downstream homology regions were used.
mCherry was cloned in frame with the p21 upstream region. The plasmid generated
by [104] with gRNA sequence targeting p21 was used.
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Cell line construction
Lentivirus was by transfecting 293T cells using TransIT-293 reagent
(Mirus) and manufacturer’s instructions, with lentiviral packaging vectors and
MCP-YFP (Addgene 31230) or p53-CFP plasmids. Viral supernatant was collected
and filtered after 3 days of infection.
To generate a stably expressing MCF7 MCP-YFP cell line, MCF7 cells
were infected with the MCP-YFP virus in media containing HEPES and protamine
sulfate. Single-cell clones were obtained by limiting dilution. A clonal MCP-YFP
line was then transfected with both 1ug of the Cas9-p21gRNA plasmid and 1ug of
plasmid containing mCherry-P2ANeo-MS2 flanked by p21 homology regions
using TransIT-LT1 reagent (Mirus) according to the manufacturer’s instructions.
Cells were allowed to recover in nonselective media for 1 day before selection with
Neo (400ng/ml) and single clone selection using limiting dilution. Finally a clonal
MCP-YFP, p21-mCherry-MS2 cell line was infected with p53-CFP lentivirus.
Selection was done with Puro (0.5 ug/ml) and single clones were obtained by
limiting dilution.
Microscopy
Two days prior to imaging, cells were plated in poly-D-lysine-coated glassbottom plates (MatTek Corporation). For live imaging cells were switched to
transparent RPMI transparent medium supplemented with 5% FBS and imaged
using a Nikon Eclipse Ti-E microscope equipped with a chamber for controlled
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temperature (37%) and CO2 (5%) environment. All live-cell imaging was
performed with a 20x PA objective (Nikon) using YFP, mCherry and CFP filtersets
(Chroma). For imaging the p21 transcriptional foci, 3 z-stacks (spanning 4nm) were
collected in the YFP channel. Images taken every 15 minutes.
For single molecule RNA FISH (smFISH), cells were fixed in 2% PFA and
stained according to the smFISH protocol and smFISH oligos (Biosearch
Technologies) described in [36]. Imaging was done using a 60x oil objective and
z-stacks were collected for the YFP (p21 MS2 foci and Cy5 (p21 smFISH probes).
Image processing
Image processing was done using a custom MATLAB code developed by
Jacob Stewart-Ornstein [104]. Briefly, manual tracking was done on the YFP
channel. For p53 and mCherry, nuclear signal was estimated based on the average
of the top ten pixels in the nuclear area. For the YFP foci quantification, maximal
projection from the YFP z-stacks was done prior to the analysis, and the original
code was modified for foci quantification. Briefly, nuclei were identified using YFP
signal. The signal was then and the foci were quantified by selecting the 9 brightest
pixels in the filtered image.
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Model
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Model parameters
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Chapter 4:
Conclusion and future directions

In this work, I aimed to understand how temporal changes in the level of
the transcription factor p53 affect its transcriptional activity and are read out by the
downstream target genes. In Chapter 2, I focused on a particular dynamical input
of p53, pulses in its protein level in response to g irradiation. Taking advantage of
the synchronized response during the first two pulses, I found that pulses in p53
protein level, were directly translated to pulsatile DNA binding at all genomic loci.
Downstream, I found that the different mRNA activation patterns between p53
target genes could be explained by differences in mRNA stability between genes
(Figure 4.1A). In Chapter 3, I developed a single cell system to follow p53 protein
and p21 transcription and protein dynamics in live cells, and showed that the p53-
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p21 transcriptional relationship was constant under various conditions and at long
time-scales (Figure 4.1B).

Figure 4.1: Relationship between p53 dynamics and target gene
expression. A. Schematic representation of findings in Chapter 2. Pulses
in p53 protein level translated in pulses in p53 ChIP-Seq signal genome
wide, whereas mRNA dynamics of p53 target genes showed three broad
patterns of activation that correlated with their mRNA stability. B.
Schematic of results from Chapter 3, where p21 transcription mimics p53
protein dynamics for time-scales beyond the first two pulses in response
to NCS, as well as in response to different p53 dynamics induced by Nutlin
3a.

p53 is often portrayed as a decision-making transcription factor that
selectively activates subsets of genes to produce a specific cellular outcome [56,
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118]. My work and recently published analyses of p53 ChIP-Seq data in different
conditions and cell types [72], suggest an alternate view. I think that there is a
simpler model of gene regulation by p53, where p53 binds DNA in a contextindependent manner and that the cellular decision making occurs downstream or in
parallel. Further studies are needed to determine if this is indeed the case. In my
thesis, I have shown that studying the p53 network from the dynamic perspective,
combining several genome wide and single cell approaches and mathematical
modeling can provide mechanistic and predictive models of gene expression.
Extending these analysis to different treatments and cell types as well as collecting
new types of data, both at the population and single cell level, will advance our
understanding of regulatory mechanisms in the p53 network. I will discuss more
specifically the next steps that I am currently taking in order to more fully
characterize p53 transcription factor function with the goal to predict gene
expression and future directions to connect p53 dynamics, gene expression and cell
fate.
Generalization of predictive gene expression model for p53 target genes across
cell lines and treatments
In Chapter 2, I showed that for a core set of p53 target genes the strength of
DNA binding and mRNA half-life was sufficient to explain mRNA dynamics and
predict expression under two different p53 dynamic inputs. I have not tested this
model in other contexts, such as distinct genotoxic treatments that activate p53
through distinct post-translational modifications [61-63] or its validity in other cell
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types. If this model is generalizable it would imply that p53 binds to the same target
genes with comparable affinity regardless of the cellular conditions and also that
the contribution of other transcription factors or post-transcriptional regulators to
the majority of p53 targets is negligible.
Meta analyses of multiple p53 ChIP datasets, by me and others, collected
across several cell lines and conditions does indeed show highly conserved p53
binding [72] (Figure 4.2A). In collaboration with Jacob Stewart-Ornstein in the
Lahav lab, I am currently working to expand on the published studies by directly
measuring both the degree of conservation of p53 DNA binding by collecting p53
ChIP-Seq data in 16 phenotypically diverse cell types under g irradiation or Nutlin
3a treatments. We designed the experiment such that p53 is induced to a
comparable level and similar dynamics, across all samples. This will allow us to
directly compare between p53 ChIP peaks intensities, and link differential p53
binding to mRNA expression of target genes. Moreover, datasets in other cell types
will allow us to determine if our observations and our model are valid beyond
MCF7 cells, which were mainly used in my thesis.

86

Figure 4.2: Comparison of p53 ChIP-Seq datasets across cell lines and
conditions. A. UCSC screenshot of p53 ChIP-Seq peaks at the p21 locus.
In green, our data collected at 2.5h post g irradiation and previously
presented in Chapter 2 (Figure 2.5). In black published data sets from
U2OS, IMR90, Saos2 and MCF7 cells and the corresponding treatments
[73, 79, 87, 119] (y axes scales individually for each data set for best
representation). B. Our p53 ChIP-Seq experiment in MCF7 cells in
response to g irradiation (10Gy) or Nutlin 3a (5µM) at 2.5 h post treatment.
Comparison of read counts in p53 ChIP-Seq peaks shows a high
correlation between the two conditions.
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In our pilot experiment, we treated MCF7 cells with g irradiation or Nutlin
3a for 2.5 hours, which both induce p53 protein to similar levels (not shown) and
did not find any statistically significant p53 ChIP peaks that were not shared
between the two treatments. Moreover, the peak intensities were highly correlated
(Figure 4.2 B). Thus within the same cell line, two treatments that similarly induce
p53, appear indistinguishable at the level of p53 DNA binding. Gene expression
following g irradiation or Nutlin 3a treatment will allow us to validate the model
prediction that, given similar p53 input protein level and DNA binding genes should
induced to comparable levels between both treatments.
Reconciling in vivo and in vitro p53 DNA binding
I observe p53 binding across cell types to be highly conserved, which raises
the question of what determines p53 binding in vivo? In many datasets the p53
DNA binding motif is modestly correlated with p53 peak strength in ChIPseq data
[72]. In our MCF7 ChIP-Seq data in response to g irradiation (Chapter 2), we find
a correlation of about 0.3 between peak strength and motif score, suggesting that
the motif incompletely explains the in vivo DNA binding strength.
In part, the weak correlation between motif score and p53 binding may be
explained by an imperfect model of p53 binding. An analysis of p53 motifs in p53
bound genomic regions, found that the two p53 half-sites (Figure 1.5) within a
single binding site may not contribute equally. Indeed, typically only one of the
half-sites represented a strong match to the consensus half-site sequence whereas
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the second half-site was more degenerate and showed more deviation from motif
[120]. Therefore, we hypothesized that the full p53 motif matrix may not be
representative of the binding affinity and does not properly account for the observed
differences between half-sites.
In order to directly measure the contribution of the DNA sequence on p53
binding affinity, we are collaborating with Martha Bulyk’s lab and using the Protein
Binding Microarray (PBM) technology [121-123] to measure relative p53 binding
scores to all genomic binding sites. For that purpose, we designed a custom p53
PBM, containing >60 thousand sequences that are mostly composed of in vivo p53
bound sites extracted from ChIP-Seq data. With these data, we will be able to
directly compare the PBM derived p53 binding affinity scores with p53 ChIP peak
strengths, and determine the contribution of the DNA sequence to the in vivo p53
DNA binding strength independently of the motif score.
Connecting p53 dynamics and gene expression to cell fate
Previous work in the Lahav lab has shown that p53 dynamics can determine
the cell fate decision in response to treatment. For example, at low levels of DNA
damage induced by g irradiation, p53 pulses allow cells to recover and re-enter the
cell cycle while a combination of g and Nutlin 3a treatments switched p53 pulses
into sustained and led to senescence [36]. In another study, the rate of p53
accumulation in single cells was found to determine survival versus cell death in
response to Cisplatin [75]. How to relate our findings of the relative simplicity of
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p53 regulation of gene expression to downstream cellular decision making is the
next challenge.
In Chapter 2, I showed that p53 does not differentially bind to genes in
distinct gene expression programs and that the mRNA stability of genes allows
them to differentially respond to p53 pulses (Figures 2.6 and 2.10). In addition, I
found no significant functional enrichments between clusters with different
dynamics of gene expression. Therefore, there does not seem to be a clear relation
between the functional annotation of a gene and its expression dynamics. However,
I found that perturbing p53 dynamics from pulses to sustained levels reduced the
differences in expression dynamics between genes (Figures 2.8, 2.10, 2.11 and
Table 2.1). Thus, changes in p53 dynamics have different effects on gene
expression, depending on the half-life of that gene. We still don’t understand how
differential expression, of a gene or group of genes, in response to changes in p53
dynamics, connects to cell phenotype.
It is possible that altering dynamics of a single gene might push cells
towards a different outcome. From previous [36] and ongoing work in the lab, p21
is a good candidate for a fate altering factor. In response to p53 pulses, the short
mRNA half-life of p21 results in its degradation between consecutive pulses, an
effect also observed in p21 protein levels. Sustaining p53 activity could allow p21
to continuously accumulate and perhaps cross a threshold for irreversible cell cycle
arrest. Designing experiments to control p21 level will be needed to test this model.
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It is perhaps more likely that cell fate is a coordinated process between
multiple genes and that relative dynamics and abundance of gene products - which
will vary with different p53 input dynamics - is what ultimately determines the
cellular outcome. To identify groups of genes whose dynamics collectively
determine the outcome, is a challenging task. To start, it will require a system where
one has two clearly distinct cell phenotypes that depend on p53 dynamics. I think
that the response to Cisplatin could be a good study system, where we observed
different p53 dynamics, as shown in Chapter 3 (Figure 3.4D), and we know that
Cisplatin treatment can lead to both cell cycle arrest and apoptosis in this system.
Thus, connecting p53 dynamics with cell fate and taking advantage of the recent
developments in single cell RNA-Seq technologies to measure global changes in
gene expression in this heterogeneous population, has the potential to significantly
advance our understanding of the mechanisms that push cells towards a specific
outcome.
Finally, while RNA dynamics have dominated my work, I believe that
investigation of protein dynamics can provide a crucial mechanistic link between
p53 dynamics, gene expression and cell fate. In the case of p21, we found that RNA
and protein can have quite different behaviors (Figure 3.3). Very little is known
about the protein dynamics of the majority of p53 target genes. A combination of
single cell methods, quantifying protein dynamics for the genes of interest or
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exploring the possibility of doing time-course proteomics may provide a more
complete picture of the outcome of TF dynamics for cellular phenotype.
More broadly, the approaches used in this thesis can applied to study the
function of TF dynamics in other systems. The most direct comparison is NF-κB,
which has been suggested to differentially induce specific gene expression
programs in response to TNFα or LPS stimuli [19, 22, 44]. Similarly to p53, mRNA
stability was shown to play an important role for the dynamics of NF-κB target
genes [42, 45], however, there are currently no dynamic NF-κB ChIP-Seq
measurements and we still lack a quantitative understanding of the link between
NF-κB dynamics, gene expression and their role for cellular outcome.
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