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Abstract

The circadian cycle is an approximately 24-hour cycle of physiological and
biochemical processes in organisms. At a cellular level, the circadian clock
comprises core clock genes showing oscillatory expression with a period of
nearly 24 hrs These genes directly regulate cell cycle checkpoints. The clock-
cell cycle coupling is crucial to cancer therapy since it has been shown that the
maximum tolerated dose and the treatment outcome in cancer chemotherapy
and radiotherapy differ depending on the dosage time. Chronotherapy is an
emerging cancer therapy scheme wherein patients are administered therapy
based on their circadian cycles. However, a proper understanding of the
coupling of the clock to the cell cycle in different cancer cells and the effect
of therapy on these oscillators is needed before we can apply chronotherapy
on a large scale.

In my thesis, I developed an agent-based four-compartment simulation
based on the stochastic molecular clock and cell cycle gene dynamics, which
can simulate cell proliferation and recapitulate physically realistic cell cy-
cle phase durations. I further introduced a modified Linear-Quadratic (LQ)
model that describes the dose and cell cycle phase-dependent effect of radia-
tion on cells. I use HCT116 cells to experimentally show that clock coupling
to the cell cycle can lead to a roughly 25.8 hr oscillation in the G1 proportion.
Using the radiation simulation, I show that circadian coupling to cell cycles
opens a therapeutic window wherein we can target specific cell types at their
most sensitive cell cycle phase. The radiation model further suggests that
daily dosing would not be an optimal therapy scheme due to post-radiation
cell cycle arrest.

We can use the radiation model to understand the effect of irradiating cells
at different times, allowing us to develop an optimal sequential chronotherapy
scheme for cancer.
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Chapter 1

Introduction

The circadian cycle is an approximately 24-hour cycle of physiological and
biochemical processes in organisms. The physiology of the circadian clock in
different species is different. However, they share common features, like being
self-sustained oscillations that environmental cues like sunlight, temperature,
etc., can entrain. Plants and animals show circadian patterns in their behav-
ior. For example, diurnal animals sleep at night while nocturnal ones wake
up. Before dawn, plants position their leaves in the direction of sunrise.
Besides behavioral patterns, the circadian clock regulates physiological phe-
nomena like body temperature, blood pressure, hormones, metabolism, etc.,
(Buhr and Takahashi, 2013). At a cellular level, the circadian cycle regulates
cell proliferation. It is, thus, not surprising that circadian disruption leads to
cancer (Lee (2021), Shafi and Knudsen (2019)). Understanding the coupling
between the circadian clock and cell proliferation can aid us in understanding
tumorigenesis and refine current therapy schemes to be more effective.

Chronotherapy is an emerging therapy scheme that modulates drug or
radiation dosage depending on the patient’s circadian cycle. Clinical trials
using chronotherapy show that it can reduce toxicity and increase treatment
tolerability (Lévi, 2002). However, the applicability of chronotherapy is re-
stricted due to a poor understanding of the difference in the proliferation
of cancer and normal cells when coupled to the same circadian clock in a
patient. Furthermore, it is not well understood how therapy can affect the
circadian cycle in a patient, making sequential dosing in chronotherapy a
challenge.

In this thesis, I used an interdisciplinary approach to understand the ef-
fect of radiation therapy on a population of clock-coupled cells. I describe
a four-compartment lineage-generating model that I developed, which sim-
ulates the dynamics of the molecular clock and cell cycle regulators, and
cell proliferation. Using this model, I have further developed a radiation
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simulation that can help us understand the effect of radiotherapy on prolif-
erating cells. The radiation simulation can be used to study different dosing
strategies and their effect on cancer proliferation and normal cell death.

1.1 The mammalian circadian clock

In mammals, circadian cycles are maintained at cellular, tissue, and organ
level. The central pacemaker in mammals is located in the hypothalamus’s
suprachiasmatic nucleus (SCN) (Fig 1.1) (Welsh et al., 2010). The SCN reg-
ulates daily cycles of temperature, hunger, sleep, etc. The SCN is entrained
by photic inputs sensed by special photosensitive retinal cells that project
into it via the retinohypothalamic tract (Welsh et al., 2010). The SCN syn-
chronizes the other oscillators in the body via direct neuronal pathways or
hormonal regulation. It also has less direct ways to regulate the body’s clock,
like varying body temperature, feeding behavior, etc.

Figure 1.1: A schematic of the SCN and its connection to the peripheral
tissues. The SCN is synchronized by photic inputs from the retina and in
turn, synchronizes the peripheral tissue. The local clocks in the peripheral
tissue lead to circadian patterns in physiological processes like blood pressure,
renal function, etc. Image taken from Hastings et al. (2018).

In 1998, Balsalobre et al. (1998) observed that shocking rat fibroblasts
and hepatoma cells with serum led to circadian cycling of clock genes like
Per1, Per2, Rev-erbα, etc. These sustained oscillations persisted even when
the cells were grown in a serum-free medium after the serum shock with a
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period of 22.5 ± 1.7 hrs. Furthermore, they observed that serum shock in
hepatoma cells induced the same response as light synchronization in SCN
neurons. This led to the discovery of peripheral clocks located in most of our
peripheral tissues, like the liver, skin, lung, heart, etc., capable of generating
circadian rhythms independently. Yoo et al. (2004) used Per2::Luc knock-
in mice and found that while peripheral clocks can independently generate
sustained circadian oscillations, in the absence of SCN, they all desynchronize
at a tissue level.

Thus, the mammalian circadian network is hierarchical, with the SCN
synchronizing the peripheral clocks and the peripheral clocks synchronizing
cellular functions at a tissue level.

1.2 The molecular clock network
At the cellular level, the circadian clock comprises of two negative feed-
back loops that generate 24-hour rhythms (Fig 1.3) (Relógio et al. (2011),Ko
and Takahashi (2006)). The core clock genes are Bmal1 (Brain and Mus-
cle Arnt1 like), its paralogue neuronal PAS domain protein 2 (Npas2 ) and
Clock (short for circadian locomotor output cycles kaput). During the day,
these genes code for transcriptional activators that heterodimerize and bind
to the E-box cis- elements in the promoters of other clock genes like period
homologs (Per1, Per2, and Per3 ) and the Cryptochrome (Cry1 and Cry2 ).
These genes get transcribed and translated during the day and undergo post-
translational modifications. During the night, the resultant PER and CRY
proteins heterodimerize and translocate to the nucleus, where they repress
their own production, completing the negative feedback loop. This entire
loop takes 24 hours to cycle once.
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Figure 1.2: A schematic of the clock transcription-translational feedback loop
(TTFL). Image taken from Ko and Takahashi (2006).

The BMAL1/CLOCK heterodimer also binds to the E-box of retinoic
acid-related orphan receptor (Rora, Rorb, Rorc) and Rev-Erb nuclear orphan
receptor (Rev-Erbα, Rev-Erbβ) activating their transcription during the day.
The ROR and REV-ERB proteins bind to the retinoic acid-related orphan re-
ceptor response elements (ROREs) present in the promoter region of Bmal1.
RORs promote Bmal1 transcription while REV-ERBs inhibit it.

The BMAL1/CLOCK-PER/CRY negative feedback loop is the main loop
that sets up the cellular clock. However, the role of the RORs and REV-ERBs
is not entirely understood in maintaining the circadian rhythm. Work by
Liu et al. (2008) showed that the circadian clock showed normal oscillations
even in Rorc−/− mice, suggesting redundancy in the second circadian loop.
However, the RORs and REV-ERBS are thought to stabilize the clock and
make it robust. BMAL1/CLOCK can bind to the E-box regulatory elements
of various genes involved in other biological processes, leading to circadian
oscillations in cellular activity.

7



1.3 Coupling between the clock and the cell cy-
cle

The cell cycle is regulated by cyclins and cyclin-dependent kinases (CDKs),
which interact with each other and dictate the transition of cells across cell
cycle phases. Progression through the G1, S, G2, and G2/M is controlled by
Cyclin D/CDK4–6, Cyclin E/CDK2, Cyclin A/CDK2 and Cyclin B/CDK1,
respectively (Yan and Goldbeter, 2019). Cyclin-B-Cdc2/CDK1 complex is
also known as the Maturation Promoting Factor (MPF) as it acts as a mitotic
inducer in eukaryotic cells. However, work by Hara et al. (2012). showed
that Cyclin B/CDK1 alone cannot act as an M-phase promoter. Transition
to the M phase also requires another kinase called the Greatwall kinase that
suppresses the protein phosphatase 2A-B55, which opposes cyclin B–Cdk1
(Hara et al., 2012). M phase entry is also regulated by a kinase called WEE1,
which phosphorylates specific residues of CDK1, inhibiting its binding to
Cyclin-B and preventing premature mitosis.

Various experiments have highlighted that the clock is coupled to the cell
cycle (Gaucher et al., 2018), particularly at the G1/S and G2/M transitions.
The G1 to S transition is regulated by transcriptional control of the genes
p21 and p16. p21 inhibits the cell cycle by binding to various cyclin-CDK
complexes. The clock genes ROR and REV-ERB compete to bind the RORE
site located in the p21 and inhibit its transcription. p16 binds to Cyclin
D/CDK4–6 complex and prevents G1/S transition. PER regulates p16 via a
multifunctional nucleoprotein called NONO (Kowalska et al., 2013). At the
G2/M checkpoint, the BMAL/CLOCK complex binds to the E-box of the
gene Wee1 and increases its transcription, preventing entry into mitosis.

Figure 1.3: A schematic of the cell cycle regulation by the clock. Image taken
from Chakrabarti and Michor (2020).

It is currently unclear if the cell cycle also affects the clock dynamics.
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Matsuo et al. (2003), who discovered the coupling between BMAL/CLOCK
and Wee1, also showed that cell cycle block in mouse hepatocyte cells did
not affect the circadian oscillation of PER2. However, some of the earliest
evidence of the cell cycle machinery affecting clock genes comes from Ok-
lejewicz et al. (2008), who noted the link between DNA damage response
pathways linked to Per2 gene expression. Miki et al. (2013) showed that the
transcription factor p53 competes with BMAL1/CLOCK in binding to the
Per2 promoter. However, the reverse coupling is not fully characterized at
a molecular level, with Bieler et al. (2014) claiming that only unidirectional
coupling exists from the cell cycle to the clock in NIH3T3 cells, while Feillet
et al. (2015) claim that the coupling is bidirectional.

1.4 Mathematical models for the circadian clock
and the cell cycle

The earliest mathematical model for the circadian clock came from a modified
version of the Goodwin oscillator model (Ruoff and Rensing, 1996). With
growing research in Drosophila circadian rhythms, Goldbeter gave a minimal
model of 5 equations to model the circadian cycle of PER (Goldbeter, 1995).
Since then, several models have looked at the circadian clock of different
organisms, including mammals.

Mammalian circadian clock models either describe the molecular details
of the clock TTFL or the population oscillations of cells under circadian
rhythm without using any molecular details. Becker-Weimann et al. (2004)
gave a mathematical model consisting of 7 ODEs that describe the dynamics
of the core clock network. They take into account the three conditions that
an oscillator must satisfy (Friesen and Block, 1984)-

1. A source of excitation

2. A restorative process

3. A source of delay

The clock network modeled by Becker-Weimann et al. (2004) is shown in
Fig 1.4. Apart from the feedback loops obtained from experiments, the delay
in their model comes from prescription, translation, and nuclear transport.
Their model could generate circadian patterns in the cell cycle components,
having experimentally agreeable phase shifts between different components.
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Figure 1.4: A schematic of the clock network modeled by Becker-Weimann
et al. (2004). Image taken from Becker-Weimann et al. (2004).

Modeling the cell cycle requires a careful understanding of the complex in-
teraction of the Cyclins and CDKs. Tyson and Novak (2001) gave one of the
earliest detailed models for the cell cycle by noticing that at the root of the
cell cycle oscillator was the antagonistic interaction between CyclinB/CDK1
and the Anaphase Promoting Complex (APC). They noted hysteresis in the
CyclinB-APC loop, wherein a cell marked for division cannot revert back.
While they initially gave a model with 8 differential equations for various cell
cycle component dynamics, they later extended their model to have 13 com-
ponents to describe the cell division in yeast (Novak et al., 2001). However,
their model did not involve the effect of clock coupling on the cell cycle.

Various mathematical models have looked at the molecular details of the
clock and the cell cycle (Gérard and Goldbeter (2009),Zámborszky et al.
(2007)). In these models, the clock affects the cell cycle via gating cell cycle
phases. Some other models look at the effect of clock coupling on population
dynamics using cellular automata (Altinok et al., 2011) or age-structured
population (Clairambault et al., 2011) models.

El Cheikh et al. (2014) aimed to combine the molecular and population-
level descriptions and explain the effect of clock coupling to the cell cycle on
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population dynamics. They used the circadian clock model given by Becker-
Weimann et al. (2004) and combined it with the cell cycle description of
Novak et al. (2001).

Yan and Goldbeter (2019) have recently tried to model the molecular
bidirectional coupling between the clock and the cell cycle. This model links
the cell cycle to the clock via the inhibition of Bmal1 transcription by CDK1.
Understanding the molecular network for reverse coupling better will allow
us to develop more accurate mathematical models that model the clock and
cell cycle dynamics.

1.5 Effect of radiation on the cell cycle

Radiation leads to DNA damage by causing single or double-stranded DNA
breaks. Double-stranded DNA breaks are considered to be lethal. Post-
radiation, cells can attain three fates - 1. They undergo DNA repair and then
divide normally 2. They show senescence, or 3. They show cell death (Reyes
et al., 2018). Radiation-induced DNA damage is sensed by DNA repair post-
radiation can happen via homologous recombination (HR) in the S/G2 phase
or by non-homologous end joining (NHEJ) in the G2 phase (Pawlik and Key-
omarsi, 2004). Various experiments have shown that cells are least sensitive
to radiation-induced DNA damage in the S phase, followed by G1 and G2, and
most sensitive in the M phase (reviewed by Pawlik and Keyomarsi (2004)).
Radiation-induced cell death can occur due to the inheritance of unrepaired
DNA breaks by the progeny (necrosis) or via programmed cell death (apop-
tosis) (Pawlik and Keyomarsi, 2004). Maier et al. (2016) give a really good
review of the molecular pathways involved in sensing radiation and initiating
DNA damage response (DDR) pathways. However, the key point is that the
tumor suppressor p53 mainly controls cell cycle arrest and apoptosis. p53
activates the transcription of p21 which inhibits G2/M transition. Recent
work by Reyes et al. (2018) shows that transient fluctuations in p53 can be
amplified by p21 -CDK2 network, leading to escape from cell cycle arrest of
irradiated cells. Thus, release from cell cycle arrest of surviving cells post-
radiation is a stochastic process that depends on the accumulation of p53 in
the nucleus and fluctuation in its levels. From a radiotherapy point of view,
this raises questions on how the dosing scheme should be designed to target
the cancer cells at their most vulnerable cell cycle stage.
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1.6 Chronotherapy for cancer

Given the dynamic cross-talk between the circadian clock and the cell cycle,
it does not come as a surprise that clock disruption can lead to various
abnormalities, particularly cancer (Lee, 2021). Bmal1/Clock can lead to
several cancers like colon cancer (Zhang et al., 2020), lung adenocarcinoma
(Papagiannakopoulos et al., 2016), pancreatic cancer (Jiang et al., 2016), etc.
These cancers arise due to the effect of BMAL1/CLOCK on p53 and c-Myc.
Recent work by Diamantopoulou et al. (2022) showed that circulating tumor
cells (CTCs) intravasate the most during sleep, and Bmal−/− mice fail to
generate CTCs. Night shift workers have been shown to have higher chances
of incidence of breast, colon, lung, etc (Lee, 2021).

A novel strategy to combat cancers is to use chronotherapy, a therapy
scheme that targets the clock of the cancer. Sulli et al. (2018) categorizes
chronotherapy into three categories- 1. Training the clock, 2. Clocking the
drugs, and 3. Drugging the clock. While there has been a lot of research
on ligands that can affect the molecular clock and lead to therapeutic effects
(Sulli et al., 2018), I do not discuss it below as it is out of the scope of this
thesis.

1.6.1 Training the clock

Various stimuli, like light, temperature, food intake, etc, entrain the circa-
dian cycle. By varying these stimuli, we can entrain the clock differently.
In patients experiencing poor circadian cycles, behavioral therapy or sleep
medication can entrain the body’s circadian clock. Liu et al. (2016) review
the use of melatonin, a hormone released by the pineal gland to promote
sleep, for treating insomnia, mood disorders, and cancer.

1.6.2 Clocking the drugs

Even before the circadian network was fully understood, Hrushesky (1985)
noted that switching the time of administering adriamycin and cisplatin in
patients with ovarian cancer showed varied effects in dosage attenuation and
patient complications. Chronotherapy has been shown to improve efficacy
and reduce toxicity in mouse models (Okazaki et al. (2014),Takane et al.
(2000)). Randomized multi-center clinical trials by Lévi et al. (1997). showed
that chronotherapy with different drugs for metastatic colon cancer led to
reduced drug toxicity and increased relapse time.

Chronomodulated radiotherapy relies on the radioprotective effect of the
S phase of the cell cycle (Fig 1.5). The sensitivity of cells to radiation is
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maximum in the M phase and the least in the late S phase (Sinclair and
Morton (1965), Terasima and Tolmach (1961)). Since cancer and host cells
have different cycling clocks, targeting radiotherapy at the M phase peak of
cancer cells can kill more cancer cells with reduced toxic effects of radiation
on host cells.

Figure 1.5: Trend in the radiosensitivity across cell cycle phases. Image taken
from Plikus et al. (2013)

Bermúdez-Guzmán and Blanco-Saborío (2021) review some pre-clinical
trials that look at chronotherapy using radiation on mouse models. Clinical
trials in humans for different cancers have shown that there is a significant
difference in radiation side effects and toxicity depending on the time of ra-
diation (Harper and Talbot, 2019). However, clinical trials with head and
neck cancer did not show a significant difference in patient outcomes after
chronotherapy using radiation. This begs the question of how radiation af-
fects cancer proliferation and how we can tune radiotherapy to cause maximal
cancer cell death. A proper understanding of the molecular mechanisms of
the clock and cell cycle and their effect on a population of cells is required to
develop optimized chronotherapy strategies. Furthermore, the effect of radi-
ation on the clock and cell cycle genes would help us devise better sequential
therapy schedules.
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Chapter 2

Model

2.1 Three-compartment model
El Cheikh et al. (2014) proposed a mathematical model that combines the
molecular details of the circadian clock-cell cycle coupled oscillator system
with population dynamics. The molecular dynamics of the clock genes,
mRNA, and proteins were modeled using a system of seven ODEs proposed
by Becker-Weimann et al. (2004) Fig 2.1 shows a schematic of the clock
transcription-translation feedback loop.

Figure 2.1: A schematic of the clock transcription-translation feedback loop
modeled by El Cheikh et al. (2014). Image taken from El Cheikh et al.
(2014).

The ODEs describing this network are as follows:
dy1
dt

=
ν1b(y7 + c)

k1b(1 + ( y3
k1i

)p) + y7 + c
− k1dy1 (2.1)
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dy2
dt

= k2by
q
1 − k2dy2 − k2ty2 + k3ty3 (2.2)

dy3
dt

= k2ty2 − k3ty3 − k3dy3 (2.3)

dy4
dt

=
ν4by

r
3

kr4b + yr3
− k4dy4 (2.4)

dy5
dt

= k5by4 − k5dy5 − k5ty5 + k6ty6 (2.5)

dy6
dt

= k5ty5 − k6ty6 − k6dy6 + k7ay7 − k6ay6 (2.6)

dy7
dt

= k6ay6 − k7ay7 − k7dy7 (2.7)

where the various variables and parameters have the same meaning as in
El Cheikh et al. (2014).

The cell cycle model was inspired by Novak et al. (2001), who described
the yeast cell cycle regulators using 18 ODEs. El Cheikh et al. (2014) con-
sidered three equations that modeled the dynamics of the Mitosis Promot-
ing Factor (MPF) and its two antagonists, the tyrosine kinase WEE1 and
the MPF inhibitor (which can be associated with the Anaphase Promoting
Complex (APC)) (Fig 2.2). The ODEs (with the symbols having the same
meaning as in El Cheikh et al. (2014)) are as follows-

dz8
dt

=
k0mpfk

n
1mpf

kn1mpf + zn8 + szn10
(1− z8)− dwee1z9z8 (2.8)

dz9
dt

=
kactw

kactw + dw1
(cw + Cy7) + (

kactw
kactw + dw1

− 1)
kinactwz

n
8 z9

kn1wee1 + zn8
− dw2z9 (2.9)

dz10
dt

= kact(z8 − z10) (2.10)
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Figure 2.2: A schematic of the cell cycle model given by El Cheikh et al.
(2014). Image taken from El Cheikh et al. (2014).

The coupling of the clock to the cell cycle is modeled by the coupling
factor C in equation 2.9. C describes the strength of activation of the MPF
by the BMAL1/CLOCK complex.

El Cheikh et al. (2014) used an age-structured model to model population
dynamics and divided their cell cycle into three phases - G1, S/G2, and
M. The MPF value of each cell governs the transition across the cell cycle
phases. Cells transition from the G1 to the S/G2 phase when their MPF
concentrations cross 0.09. Cells enter the M phase when their MPF activity
exceeds that of WEE1. Finally, cells return to the G1 phase when their MPF
concentrations drop below 0.06.

We used the molecular dynamics model from El Cheikh et al. (2014). and
developed our own three-compartment lineage construction simulation. We
use the igraph package in R and construct a lineage graph with the cells as
nodes and the concentrations of the clock and cell cycle components as their
attributes. At every time step, we update the molecular concentrations of
each cell by numerical integration of Eqns 2.1 - 2.10 and use the MPF cut-
offs suggested by El Cheikh et al. (2014). to transition cells across the three
cell cycle phases. When a cell exits the M phase to enter the G1 phase, we
replace it with two daughters having the same clock and cell cycle expression
as that of the parent to simulate cell division.

While Eqns 2.1-2.10 capture the molecular oscillations of the clock and
cell cycle genes, they do not model the noisy gene expression observed exper-
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imentally (Elowitz et al. (2002), Ozbudak et al. (2002), Blake et al. (2003)).
Noisy clock and cell cycle gene expression give rise to variability in the cell
cycle durations across cells, and hence, incorporating it in the model is crucial
to capture the effect of the clock on the cell cycle.

The concentrations of all the clock and cell cycle components are updated
by Euler-Maruyama integration of Eqns 2.1-2.10 added with a noise term A
given by

A = a0
√
∆t×N (0, 1) (2.11)

where a0 is a fixed noise amplitude, ∆t is the time step, and N (0, 1) is
a random sample from a normal distribution with mean 0 and variance 1.
The parameter a0 needs to be tuned based on experimental data on the
gene expression profiles of each gene included in the model. Since such data
is unavailable, we used Inter-Mitotic Time (IMT) data of the human colon
cancer cell line HCT116 from Chakrabarti et al. (2018). The IMT of HCT116
cells is best fit by an Exponentially Modified Gaussian (EMG) distribution
with parameters µ = 14.3, σ = 2.45 and λ = 0.27 (Chakrabarti et al., 2018).
The IMT captures the effect of all the clock and cell cycle components in
the model and hence can be used to fix the noise amplitude (a0). We varied
a0 and plotted the histogram of the IMT obtained from our simulation. We
compared this histogram with the expected distribution predicted by the
EMG distribution. We observed that a noise amplitude of 0.0025 led to a
good match to the expected IMT distribution (Fig 2.3).
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Figure 2.3: Inter-mitotic time distribution obtained from the three-
compartment model when a noise of 0.0025 is added. The expected ex-
perimental value is taken from Chakrabarti et al. (2018)

Thus, our simulation generates a graph with the cells as nodes, the
mother-daughter relationship as edges, and the clock and cell cycle expres-
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sion as vertex attributes. The molecular concentrations decide the cell cycle
phase of each cell. Our simulation also models the noisy expression of the
genes, which gives rise to varying cell cycle durations.

2.2 Four compartment model

While the three-compartment model proposed by El Cheikh et al. (2014).
allows us to study the effect of the clock-cell cycle coupled oscillator system
at a population level, its application in chronotherapy is limited by the lack
of resolution of the S/G2 phase. We thus need a four-compartment model,
with the S and G2 phases as separate compartments, that uses the MPF
concentration of a cell to assign cell cycle phases based on certain thresh-
olds. The key objective of this thresholding is to ensure that the cell phase
durations that result from it should agree with experimental trends. This is
because the average fraction of cells found in a particular phase of the cell
cycle at a steady state is proportional to the duration of that phase (Wheeler,
2015). Typically, the G1 phase is the longest, followed by S, G2, and then M.
Ensuring that our model follows these trends would allow us to make better
predictions on the effect of perturbations on the distribution of cells in each
cell cycle phase post-irradiation. While the actual durations of the cell cycle
phases can vary a lot depending on the type of cell, for a typical rapidly
dividing human cell, the cell cycle durations are shown in Table 2.1.

Phase Expected duration (hrs)
G1 11
S 8
G2 4
M 1

Table 2.1: Average cell cycle phase durations in a rapidly proliferating human
cell with a total cell cycle time of 24 hours.

A straightforward approach to developing a four-compartment model
would be to add an extra threshold on the MPF concentration to mark
the entry into the S phase and then use the existing thresholds to assign
the other cell cycle phases. The thresholds could be placed such that the
average cell phase durations agree with the experimental results. This trivial
approach proved to be unhelpful since thresholding alone could not solve the
phase resolution problem. On careful inspection of the MPF expression pro-
file, I realized that the time MPF takes to drop from its peak is longer than
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an hour. Since MPF needs to drop below a low threshold for cell division
to occur, the time that MPF takes to drop from its maximum value to its
minimum would need to be adjusted in the model. Furthermore, the rise
in MPF concentration during the S/G2 phase would have to be adjusted to
have a suitable rise, giving rise to appropriate cell phase durations.

The MPF concentration profile can be modified only by changing the
parameterizations of the equations that determine its dynamics. Thus, in
order to get the desired cell cycle phase durations, we need to understand
the effect of changing each parameter in the ODEs that govern the dynamics
of MPF, WEE1, and the MPF inhibitor.

2.2.1 Effect of changing the MPF parameters

The equation for the variation of the MPF concentration is (2.8)-

dz8
dt

=
k0mpfk

n
1mpf

kn1mpf + zn8 + szn10
(1− z8)− dwee1z9z8

The production term in this equation is a modified Hill function that
models the inhibitory effect of the MPF inhibitor (z10) on MPF production.
The degradation term simply involves the inhibitory effect that WEE1 has on
MPF production. There is also an autoregulatory negative feedback loop in
which MPF affects its own production and degradation. The key parameters
in this equation and the effect of perturbing them are as follows:

• k0mpf
This is the maximum production rate of MPF that can be observed
in the absence of any inhibitory effect of the MPF inhibitor (z10). In-
creasing k0mpf would increase the maximal MPF production rate in the
simulation, leading to a rapid rise in the MPF concentration. If the
degradation terms are left unchanged, this would lead to a slow drop
in the MPF concentration, thus increasing the M phase duration.

• k1mpf
This parameter is the concentration of the MPF inhibitor (z10) at which
the production rate of MPF drops to half the maximum value (given
by k0mpf ). Thus, increasing k1mpf would delay the inhibitory effect of
the MPF inhibitor on the production rate of MPF. This would rapidly
increase MPF concentrations, making the G1, S, and G2 phases short.
Changing k1mpf can help us tune the time it takes for MPF to rise to
its maximum.
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• dwee1
This parameter controls the degradation of MPF. Increasing this pa-
rameter would cause an overall low MPF expression and a rapid drop
in MPF concentration after its maximal level. This would lead to a
shorter M phase.

2.2.2 Effect of changing the WEE1 parameters

The equation governing WEE1 dynamics is (2.9)-

dz9
dt

=
kactw

kactw + dw1
(cw + Cy7) + (

kactw
kactw + dw1

− 1)
kinactwz

n
8 z9

kn1wee1 + zn8
− dw2z9

The production term of WEE1 involves a constant production rate spec-
ified by kactw

kactw+dw1
and its coupling between the BMAL1/CLOCK complex

given by the parameter C. Note that kactw
kactw+dw1

is always less than 1. A nega-
tive Hill function gives the degradation term, which describes the inhibitory
effect of MPF on WEE1. Furthermore, there is an intrinsic degradation rate
of WEE1 given by dw2. The effect of perturbing some key parameters in this
equation are as follows-

• kactw
This is the activation rate of WEE1 production by BMAL1/CLOCK.
Changing this parameter affects both the production and the degrada-
tion term of WEE1. Thus, increasing kactw would lead to more rapid
WEE1 oscillations and a faster shift between the G1 and S phase.

• dw1
This is a Michaelis constant that describes the concentration of BMAL1/
CLOCK at which WEE1 production is half of its maximal value. In-
creasing dw1 would lead to a slower production rate of WEE1, which
would lead to a longer G1 phase. A lower production rate and a high
degradation rate would mean that WEE1 levels drop faster, making
the cell cycle’s S, G2 and M phases longer.

• cw
This is a constant activator concentration, which promotes the pro-
duction of WEE1 even in the absence of clock coupling. Increasing cw
increases the production rate of WEE1, which in turn would increase
the G1 phase duration.

• kinactw
This is the maximal WEE1 inactivation rate by MPF. Increasing kinactw

20



would increasing the rate at which WEE1 concentration drops, leading
to longer S/G2/M phase duration.

• k1wee1
This parameter is the concentration of MPF at which the WEE1 pro-
duction is half of its maximal value (given by kinactw). Increasing this
parameter would reduce WEE1 degradation rate, leading to longer du-
rations of high WEE1 expression. This would lead to a longer G1

phase.

• dw2
This is the degradation term for WEE1. Increasing dw2 would lead to
increased degradation of WEE1 causing a shorter G1 phase

2.2.3 Effect of changing the MPF inhibitor parameters

The dynamics of the inhibitor of MPF (z10) are given by Eqn 2.10-

dz10
dt

= kact(z8 − z10)

The dynamics of z10 are given simply by its activation by MPF (z8) and
its intrinsic degradation. The only parameter in this eqn is kact, which is the
activation rate of the inhibitor of MPF. Increasing the activation rate of the
MPF inhibitor would lead to lower MPF expression, which would make all
the cell cycle phases shorter.

2.2.4 Appropriate parameters for the four-compartment
model

The parameters discussed above need to be altered in a way such that they
satisfy the following conditions-

• The concentration of MPF remains low for the longest time during a
single cycle. This would ensure a long G1 phase.

• The rise in MPF should be gradual, such that we can suitably threshold
it to define the S and the G2 phases.

• The fall in the MPF concentration in a single cycle should be rapid.
This would lead to a short M phase.
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• The thresholds on the MPF concentrations used to define the cell cy-
cle phases should be such that their durations agree with experimental
trends (Table 2.1). Furthermore, phase specification by the MPF dy-
namics should have a biological basis to it.

I perturbed the key parameters that affect cell cycle proteins based on
their effects on the cell phase durations. I also set the thresholds that define
cell cycle phases based on the MPF oscillation and the desired cell phase
duration. I was finally able to set the parameters (Table 2.2) and thresh-
olds (Table 2.3) in such a way that the cell phase durations observed in my
simulation closely agree with experimental data (Table 2.4).

Parameter Old value New value
dwee1 5 6
kactw 1 1.24
cw 1.46 1.29

kinactw 200 175
dw2 1 0.65

Table 2.2: List of changed parameters in the four-compartment model

Phase MPF Conc. [nM]
G1 to S >0.033
S to G2 >0.110
G2 to M ≤ 0.139

M to cell division ≤ 0.020

Table 2.3: Phase transition thresholds for MPF in the four-compartment model

Phases G1 (hrs) S (hrs) G2 (hrs) M (hrs) Total time (hrs)
Expected 11 8 4 1 24
Observed 10.8 7.8 4.2 1.2 24

Table 2.4: Average expected and observed cell cycle phase durations in the four-
compartment lineage model.

2.2.5 Adding noise to the model

Similar to the three-compartment model, the dynamics of the molecular
species in the four-compartment model are added with Gaussian noise to
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simulate their noisy expression. The noise amplitude a0 in Eqn 2.11 was
determined for the four-compartment model by varying it and checking the
similarity between the IMT distributions obtained from the simulation and
the expected distribution. I observed that noise amplitudes between 0.0008
and 0.0009 lead to IMT distributions that match the expected distribution
(Fig 2.4) (Chakrabarti et al., 2018). For all my simulations of the four-
compartment model, I have used a noise amplitude of 0.00085.
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Figure 2.4: Inter-mitotic time distribution obtained from the four-
compartment model when a noise of 0.00085 is added. The expected ex-
perimental value is taken from Chakrabarti et al. (2018)

2.3 Radiation model

The four-compartment model allows us to apply this model to study the
effect of radiation on a mixed population of cancerous and normal cells. In
order to do this, we need a simulation algorithm that satisfies the following
requirements-

• Cells show a drop in the total population post-radiation, depending on
the radiation dose

• Cells in different cell cycle phases have different radiosensitivities.

• Cells show cell cycle arrest post-radiation.

In the following sections, I describe the details of these considerations
and, finally, lay out the simulation structure I have developed.
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2.3.1 Linear-Quadratic model

The Linear-Quadratic (LQ) (Sachs et al., 1997) model is a model that de-
scribes the relationship between cell survival post-radiation and the radiation
dose. It is given as

p(survival) = exp(−αD − βD2) (2.12)

where α and β are parameters that describe the radiosensitivity of the cell.
These parameters vary with cell type.

The linear quadratic model suggests that the probability of a cell surviv-
ing the radiation dose at low doses drops linearly with the dose. However,
at higher doses, the probability of cell death drops faster with dosage.

The LQ model does not distinguish between each cell cycle phase. Thus,
we need to modify this model in order to predict the fraction of cells surviving
post-radiation in a dose and cell-phase-dependent manner.

2.3.2 Phase specific radiosensitivities

Cells in different cell cycle phases show variable radiosensitivities. Cells in the
S phase are the least sensitive to radiation-induced DNA damage, while M
phase cells have the highest radiosensitivity (Plikus et al., 2013). Chronother-
apy aims to manipulate the circadian oscillation in cell phase proportions to
target M-phase cells. Thus, our radiation model must include the variable
radiosensitivities post-radiation.

In order to model the differential radiosensitivity, I used a modified Linear-
Quadratic model similar to the one used by Powathil et al. (2013). The new
model is as follows -

p(survival) = exp(γ(−αD − βD2)) (2.13)

where α and β are sensitivity parameters as before, and γ is a phase-dependent
sensitivity parameter. As the value of γ increases, the radiosensitivity of the
phase increases. Thus, we obtain four LQ model equations, one for each cell
cycle phase specified by the parameter γ.

The phase-specific sensitivities must be set based on the trend described in
Fig 1.5. Thus, the expected trend of the sensitivities is γM > γG2 > γG1 > γS.
In the simulation, γG1 = 0.3, γS = 0.2, γG2 = 0.4, and γM = 1.

2.3.3 Cell cycle arrest post radiation

Radiation leads to cell cycle arrest in either the G1 or the G2 phases, de-
pending on the cell type. Powathil et al. (2013) simulated G1 and G2 arrest
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by randomly sampling an arrest duration for each G1 and G2 cell from a
uniform random distribution. Each cell is then held in that phase for the
sampled duration, after which it can cycle normally.

I only considered G1 arrest for my simulation, although G2 arrest can
also be added. To simulate cell cycle arrest, I sampled a random arrest time
for each cell in the G1 phase from a normal distribution with a fixed mean
and standard deviation. I then arrest the MPF concentration for these cells
for the duration sampled for that cell. Following that, the cell is allowed to
cycle normally. The mean and variance of the G1 arrest were obtained from
the data by Reyes et al. (2018).

2.3.4 Radiation model overview

Having taken into account the considerations mentioned above, I developed
a radiation model simulation using the simulation for the four-compartment
model. Similar to the four-compartment model, we can specify the au-
tonomous cell cycle period and the strength of the clock-cell cycle coupling.
Furthermore, one needs to input the parameters for the LQ model (α and
β). I used experimentally obtained values of these parameters for HCT116
cells (Miller et al., 1992) and set α to 0.479 and β to 0.067. Furthermore,
one needs to specify the phase-specific sensitivities (γi) for each cell cycle
phase i. Using α, β, and γi, we can obtain the phase-specific cell survival
probabilities denoted as pG1 , pS, pG2 , and pM using Eqn 2.13. We also need
to specify the irradiation time and the radiation dosage. Lastly, we need
to specify the mean and the variance of the G1 arrest post-irradiation. The
release time in the simulation was sampled from a normal distribution with
a mean of 18 hours and a standard deviation of 4 hours based on experiment
data on HCT116 cells.

Using these input parameters, the simulation generates cell lineages that
proliferate normally before radiation. At the time of radiation, a random
number is uniformly sampled between 0 and 1 for each cell. The sampled
values are then compared with the survival probabilities depending on the
phase of the individual cells. The irradiated cells with a sampled value lower
than the survival probability of their phases survive, and the rest are killed.

After radiation, cells that are in the G1 phase are assigned a release time
by randomly sampling values from a normal distribution with the mean and
variance specified by the inputs. The MPF concentration of these cells is not
updated as per Eqn 2.8, but they are held constantly to the concentration
just before irradiation. Cells in the S, G2 and M phases are allowed to divide
normally once, after which the daughter cells undergo G1 arrest. After a
cell completes its arrest duration, its molecular concentrations are updated
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normally.

2.4 Kuramoto model

The circadian clock-cell cycle network is a complicated network that can be
simplified by considering them as two coupled oscillators, each oscillating
with its intrinsic frequency. Oscillators are said to be synchronized when
they oscillate with the same frequency ω. When oscillators with different
intrinsic oscillation frequencies are coupled to each other, their frequency
gets altered by varying degrees, and they synchronize over time depending
on the strength of the coupling.

The coupled oscillator model was originally studied by Winfree in 1967
(Winfree, 1967), who studied identical oscillators that are weakly coupled
to each other. He used a mean-field approach wherein he assumed that
all oscillators are coupled to the average rhythm generated by the entire
population.

θ̇i = ωi + (
n∑
j=1

X(θj)Z(θi)

where θi is the phase of the ith oscillator, ωi is its angular velocity. Each
oscillator j exerts its effect, X(θj) on the oscillator i through Z(θi). Stro-
gatz (2000) gives a brief history of the Kuramoto model and describes how
Winfree’s work inspired Kuramoto.

Kuramoto (1984) used a reductive perturbation method, where he consid-
ered very weakly perturbed oscillators near the Hopf bifurcation point. Ku-
ramoto considered the simplest case of identical oscillators coupled equally
to each other by a sinusoidal coupling.

Say we have N identical oscillators, each with an intrinsic angular velocity
ωi. These angular velocities are distributed according to some unimodal
and symmetric distribution function g(ω). Suppose that the oscillators are
globally coupled to each other by a coupling factor K. Then, the Kuramoto
model states that the angular velocity of each oscillator is

θ̇i = ωi +
K

N

N∑
j=1

sin(θj − θi) (2.14)

In the following sections, I describe the behavior of the Kuramoto model,
its simplification, and its application to the clock-cell cycle system.
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2.4.1 Model Analysis

The first term in Eqn 2.14 is the intrinsic angular velocity of the oscillator.
In the absence of any coupling, we would expect each oscillator to oscillate
with this angular velocity. The second term affects the angular velocity of
each oscillator based on its coupling to the other oscillators. For any other
oscillator with phase θj, the following three cases arise:

1. θi < θj
This means the ith oscillator is phase lagging to the jth oscillator. In
this case, sin(θj − θi) is positive. This term contributes to speeding up
the angular velocity of the ith oscillator. Note that in the expression for
the angular velocity of the jth oscillator, there will be a term sin(θi−θj).
This term would be negative, implying that it contributes to slowing
down the jth oscillator. Thus, we see that the coupling function acts on
the phase-lagging oscillator to speed it up while simultaneously acting
on the phase-advanced oscillator to slow it down.

2. θi = θj
This means that both oscillators are in the same phase. This implies
that the sin(θj−θi) term is zero. Thus, synchronized oscillators do not
affect each other’s angular velocity.

3. θi > θj
This case is the opposite of the first one. Here, sin(θj − θi) is negative
leading to the ith oscillator to slow down, while the jth oscillator to
speed up.

Thus, in a system of N oscillators, we expect the oscillators with a higher
angular velocity to slow down while the ones with a lower angular velocity
speed up.

2.4.2 Order parameter

Kuramoto further simplified his model by looking at mean-field dynamics by
defining the order parameter as -

R(t)eiΘ(t) =
1

N

N∑
j=1

eiθj(t) (2.15)

Here R(t) gives the level of coherence between the oscillators. R(t) = 0
implies perfect non-coherence, implying that the oscillators are not synchro-
nized at all. R = 1 implies perfect synchrony of the oscillators. The order
parameter is essentially the average of the positions of all the oscillators.
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We can write 2.14 in terms of the order parameter as follows

θ̇i = ωi +KIm(
1

N

N∑
j=1

ei(θj−θi))

= ωi +KIm(
e−iθi

N

N∑
j=1

eiθj)

= ωi +KIm(R(t)eiΘ(t)e−iθi)

θ̇i = ωi +KRsin(Θ− θi) (2.16)

The order parameter summarizes the behavior of the oscillators, making
it convenient to study. Kuramoto found that a system of oscillators shifts
from being asynchronous to synchronous at a critical coupling value, Kc.
Synchronization occurs when the oscillators oscillate with the same angular
velocity. If all oscillators oscillate with the same constant angular velocity,
we say that the system is fully synchronized. If n < N oscillators oscillate
with a constant angular velocity, then the system is said to be partially
synchronized. Kuramoto found that for a coupling value K < Kc, the system
cannot be synchronized. The system can be synchronized partially or fully
for K > Kc. The synchronization increases as K increases and complete
synchrony is achieved at some coupling value. The value of Kc is dependent
on g(ω).

2.4.3 Application of the Kuramoto model to study clock-
cell cycle dynamics

The clock and the cell cycle can be modeled as coupled oscillators with
individual intrinsic time periods. Determining the phase of entrainment
for the clock-cell cycle system is important to understand the feasibility of
chronomodulated radiation strategies in cancer therapy. We can do this using
the Kuramoto model for a pair of oscillators.

The Kuramoto model for a pair of coupled oscillators

Consider two oscillators, O1 and O2, that are coupled to each other in a
sinusoidal manner with a constant coupling factor K. We can write 2.14 for
these two oscillators as,

θ̇1 = ω1 +
K

2
sin(θ2 − θ1)

θ̇2 = ω2 +
K

2
sin(θ1 − θ2)
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We can solve these equations,

θ̇2 − θ̇1 = ω2 − ω1 +
K

2
sin(θ1 − θ2)−

K

2
sin(θ2 − θ1)

θ̇2 − θ̇1 = ω2 − ω1 −Ksin(θ2 − θ1)

Let ϕ = θ2 − θ1. Thus ϕ is the phase difference between the oscillators.
The time derivative of ϕ, ϕ̇ = θ̇2− θ̇1, if the difference in the angular velocities
of O2 and O1. Let Ω be the difference in the intrinsic angular frequencies of
the oscillators, Ω = ω2 − ω1. Substituting these, we obtain

ϕ̇ = Ω−Ksin(ϕ) (2.17)

At steady state, ϕ̇ = 0. From 2.17, we have

ϕ̂ = sin−1(
Ω

K
) (2.18)

where ϕ̂ is the steady state phase of entrainment.
Using this model, we can study the steady-state dynamics of the clock and

cell cycle for cancer and normal cells. Comparing the phases of entertainment
of these cells would tell us the phase difference in the cell cycles between these
cell types, thus allowing us to predict the therapeutic window.

One drawback of this approach is the assumption of the sinusoidal cou-
pling between the clock and the cell cycle. The nature of the coupling between
the clock and the cell cycle is poorly understood. While estimates of the cou-
pling value can be obtained (Droin et al., 2019), the sinusoidal response of
the cell cycle to the circadian clock has not been noted before. This requires
us to consider a more general description of the Kuramoto model. A general
formulation of the Kuramoto model can be stated as follows

dθi
dt

= Ω+
N∑
j=1

Γij(θj − θi) (2.19)

where Γij is the influence of the jth oscillator on the ith oscillator. For very
weak coupling between identical oscillators, we can consider Γij to be the
convolution of two functions

Γij(ϕ) =
1

2π

∫ 2π

0

pj(t)Zi(t− ϕ)dt (2.20)

where ϕ is the phase difference between the ith and the jth oscillators, pj(t) is
the perturbation applied by the jth oscillator and Zi(ϕ) is the Phase Response
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Curve (PRC) of the perturbed oscillator. The PRC is the response of a
perturbed oscillator to infinitesimal perturbations as a function of the phase
at which the perturbation arrives. Note that averaging the perturbation over
a complete cycle can only be done for weakly coupled oscillators (Breakspear
et al., 2010).

Granada et al. (2013) consider Eqn 2.19 along with Eqn 2.20 for a pair
of oscillators and state the Kuramoto model as

dϕ

dt
= Ω+K

∫ 2π

0

p(t)Z(t− ϕ)dt (2.21)

where ϕ = θ2 − θ1 is the phase difference between the oscillators, Ω is
the angular velocity difference, K is the coupling constant, and the other
variables are as in Eqn 2.20.

To study the steady-state dynamics of the clock-cell cycle coupled oscilla-
tor system, we need an understanding of the PRC of the cell cycle in response
to the clock. If the coupling between these two oscillators can be modeled
using a sinusoidal function, then we will be able to easily predict the phase
difference between the circadian clock and the cell cycle oscillator at a steady
state (Eqn 2.18). However, generating a PRC for the cell cycle oscillator is
not straightforward since the clock cannot discretely and infinitesimally per-
turb the cell cycle. To address this problem, I looked for methods that could
infer the Phase Response Curve of a continuously perturbed oscillator. This
led me to an iterative algorithm given by Cestnik and Rosenblum (2018),
which infers a finite Fourier approximation of the PRC using an iterative
algorithm.

2.5 Inferring the PRC of the cell cycle oscilla-
tor

The Phase Response Curve (PRC) is the phase shift of an oscillator to an
infinitesimal perturbation that arrives at a particular phase of the oscillator.
The PRC of an oscillator is typically constructed by perturbing an oscillator
infinitesimally and then calculating its net phase shift over subsequent cycles,
i.e., if the autonomous period of the oscillator is T0, and a perturbation of
magnitude ϵ is applied to it then the PRC is given as

Z(ϕ) = 2π
nT0 −

∑n
i=1 Ti

ϵT0
(2.22)

where {Ti}ni=1 are the periods of the oscillator post the perturbation, and n
is chosen sufficiently large so that the oscillator settles back to its limit cycle.
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For the clock-cell cycle coupled oscillator system, the discrete perturba-
tion method of obtaining the PRC is challenging. We cannot discretely per-
turb the cell cycle by the clock. Hence, we turn to a method given by Cestnik
and Rosenblum (2018) that can help us estimate the PRC of a continuously
perturbed oscillator.

A continuously perturbed oscillator can be modeled by the phase model
as follows

ϕ̇ = ω + Z(ϕ)p(t) (2.23)

where ϕ is the instantaneous phase of the oscillator, ω is its intrinsic
angular velocity, Z(ϕ) is the PRC of the oscillator and p(t) is the input per-
turbation. Cestnik and Rosenblum (2018) considered a finite Fourier trans-
formation of Z(ϕ).

Z(ϕ) = a0 +
N∑
n=1

[ancos(nϕ) + bnsin(nϕ)] (2.24)

Substituting Eqn 2.24 in Eqn 2.23 and integrating over a complete cycle
we get

2π =ωTm + a0

∫ tm+Tm

tm

p(t)dt+
N∑
n=1

[an

∫ tm+Tm

tm

p(t)cos[nϕ(t)]

+ bn

∫ tm+Tm

tm

p(t)sin[nϕ(t)]]

(2.25)

where [tm, tm+1] is a time interval over which the phase of the oscillator varies
from 0 to 2π, and Tm = tm+1 − tm. Identifying the inter-event interval, [tm,
tm+1], is not a trivial task and can be done using a Poincare section of the
limit cycle of the oscillator.

The algorithm given by Cestnik and Rosenblum (2018) begins with a
linear approximation of the phase, ϕ(0)(t) = 2π (t−tm)

Tm
. It then uses an iterative

method to obtain the PRC as follows -

1. Identify the inter-event intervals, [tm, tm+1]

2. Plug in the phase estimate ϕ(k)(t) in Eqn 2.25 for each inter-event
interval

3. Obtain the coefficients in Eqn 2.25 using a linear fit. This gives us
estimates of the angular velocity ω(k+1) and Z(k+1)(ϕ)
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4. Plug ω(k+1) and Z(k+1)(ϕ) in Eqn 2.23 and numerically integrate to ob-
tain a new estimate of the phase ϕ(k+1)(t)

5. Since Z(k+1)(ϕ) is only an estimate of the PRC, the phase function can
be such that ϕ(k+1)(tm + Tm) = ψ

(k+1)
m , where ψm ̸= 2π. Thus, we

rescale the phase as ϕ(k+1)(t) → 2π ϕ
(k+1)(t)

ψ
(k+1)
m

A rather helpful part of this model is the ease of error estimation. For
model validation, we began by using known PRCs (Z(t)(ϕ)). In such cases,
the error of estimation is given by

∆Z =
||Z(t) − Z(r)||

||Z(t)||
(2.26)

In general, the true PRC is not known. In such a situation, this model
suggests a straightforward error estimation method. We expect the recon-
structed phase to be 2π at the end of each interval in step 4 above. Thus, a
simple error estimate is the deviation of the reconstructed phase at the end
of each interval from 2π

∆ψ = ⟨(ψm − 2π)2⟩
1
2 (2.27)

∆ψ can be obtained directly from the data. One issue with this error
estimate is that it also depends on the irregularity in the inter-event intervals.
Hence, Cestnik and Rosenblum (2018) propose an inter-event irregularity
error estimate -

∆ψT
= ⟨(⟨ω⟩Tm − 2π)2⟩

1
2 (2.28)

where ⟨ω⟩ is the average angular velocity of the oscillator.
The error in the PRC reconstruction is low if ∆ψ << ∆ψT

. This would
mean that the iterative algorithm reconstructs a PRC and angular velocity
that can explain the data much better than a perfectly periodic oscillator
with an angular velocity ⟨ω⟩.

I wrote a code in R for this algorithm. I also compared my results with
the code available online by Cestnik. To test my code, I tried to replicate
Figure 1(b) in Cestnik and Rosenblum (2018). They use a known PRC given
by

Z(ϕ) = (1− cos(ϕ))exp(3[cos(ϕ− π

3
)− 1]) (2.29)

They generate spike data by using an autonomous angular velocity (ω)
1 and using the Ornstein-Uhlenbeck process as an input perturbation (Eqn
2.30).
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ṗ = −p
τ
+ ϵ

√
2

τ
ξ(t) (2.30)

where ξ is Gaussian noise and ϵ and τ are the amplitude and the correlation
time of the perturbation respectively.

I ran the PRC reconstruction algorithm on the phase oscillation data
that resulted from Eqn 2.23 using Eqns 2.29 and 2.30. I also used the online
available code to reconstruct the PRC.
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Chapter 3

Experimental Methods

3.1 Cell culture

HCT116 cells (ATCC CCL-247) were borrowed from Dr Sabrinathan Rad-
hakrishnan. The cells were cultured in McCoy’s 5A Medium (Gibco Cat
No-16600082) supplemented with 10% Fetal Bovine Serum (FBS) and 1%
PenStrep. They were frozen down using a freezing mix given in Table 3.1.
The freeze-downs were first maintained at -80o C and then transferred to a
liquid Nitrogen tank.

Component Concentration
Fetal Bovine Serum (FBS) 90%

DMSO 10%

Table 3.1: Freezing mixture composition

For thawing a vial, we place the frozen vials in a water bath at 37o C. The
DMSO is quenched with pre-warmed fresh complete medium and centrifuged
at 1500 rpm for 5 mins. The supernatant is aspirated, and the pellet is
resuspended in 1 mL complete medium. The cells are then transferred to a
T25 flask containing 2 mL complete medium.

HCT116 cells were passaged using 0.05% Trypsin. The detached cells
were flushed with a complete medium and centrifuged at 1500 rpm for 5
mins. The supernatant was aspirated, and the cell pellet was resuspended
in fresh complete medium. If a specific cell number is to be seeded for
an experiment, we count the number of cells per mL using CountessTM 3
Automated Cell Counter (Cat no.: AMQAX2000) and make a cell dilution
as per the requirements. We then transfer the cells to an appropriate culture
medium.
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3.2 Cell cycle staining using DAPI intensity

HCT116 cells were seeded in 35mm punched dishes with 1.5mm coverslips.
After an initial incubation period to allow the cells to attach, we synchronized
half the plates using 1mL of 100nM Dexamethasone. These plates were
incubated for an hour, after which the Dexamethasone-containing medium
was replaced with fresh complete medium. Following that, plates were fixed
at 4hr intervals using 4% Paraformaldehyde for 15 mins. After 15 mins, the
PFA was aspirated, and the cells were given a 1x PBS wash. The dishes were
stored in 4◦C until DAPI staining.

For DAPI staining, the dishes were given a 1x PBS wash for 2 mins,
following which 0.5% Triton-X solution was added. After a 15 min incubation
at room temperature, the dishes were given a 1x PBS wash for 2 mins.
0.1µg/mL DAPI solution was added to the dishes. After 3 mins, the DAPI
solution was aspirated, and the cells were washed with 1x PBS. High salt
mounting medium was added to the dishes, after which they were imaged.

3.3 Imaging

The DAPI-stained cells were imaged using a 60X oil objective in a Nikon
Ti2e inverted microscope. For each field of view, Z-stacks were set such that
the nuclei were not extremely out of focus in any stack. In our first round
of imaging, we observed that the nuclear fluorescence was too high, and the
camera sensor was saturated (Fig 4.17). This resulted in inaccurate cell phase
proportion predictions. In subsequent imaging, we lowered the input LED
intensity, thus ensuring the nuclear fluorescence did not exceed the dynamic
range of the DAPI channel.

3.4 Image analysis

Image analysis was done using the cellpose package in Python and ImageJ.
The raw DAPI images were first denoised using the BaSic plugin in ImageJ.
The flat field corrected images were average projected. These images were
then imported into the cellpose GUI, where a nuclear segmentation model was
trained. The trained model was used to segment all the nuclei which gave the
nuclear masks. These masks were then overlayed on the flat field corrected
DAPI images using the MorphoLibJ plugin in ImageJ. This gave the mean
intensity of each cell and its area. These two quantities were multiplied to
obtain the total nuclear DAPI intensity for each cell.
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To obtain the cell cycle phase proportions for each time point, the total
DAPI intensities were obtained from cells fixed at different time points. The
total intensity was rescaled by a suitable power of 10 to make the intensity
a single digit. This prevents computational overflow. The rescaled intensity
values were fit to a mixture model involving a mixture of two univariate
normal distributions (Eqn 3.1).

I ∼ aN (µ1, σ1) + (1− a)N (µ2, σ2) (3.1)

The fitting was done using the flexmix package in R. The weight corre-
sponding to the Normal distribution with the lower mean gives the fraction
of cells in the G1 phase. If a single normal distribution fits the total inten-
sity profile, the G1 proportion depends on the mean of the distribution. If
the mean is lower than 1.7, the G1 proportion is set to 1 else, it is set to
0. The cutoff for the mean intensity comes from Dhuppar and Mazumder
(2018), who used a mixture model to fit their data using the condition that
the mean of the G2 peak is 1.7 - 2.3 times the mean of the G1 peak.

Rhythmicity analysis for the G1 proportion was done using a package
called ODeGP (Sahay et al., 2023), which combines Gaussian Process (GP)
regression with Bayesian inference to detect rhythmicity in noisy datasets.
This model requires time series data as an input and outputs the strongest
detected period of oscillation in the data. It also compares the oscillatory
model with a no-oscillation model to give a Bayes factor which is used to
determine if the data is oscillatory or not. The threshold on the Bayes factor
is 14.

3.5 Flow Cytometry
HCT116 cells were seeded in 26 35mm cell culture dishes and grown for 48
hours. After 48 hours, 13 plates were synchronized using 100nM Dexametha-
sone in complete medium, while 13 were left unsynchronized. After adding
Dexamethasone, the cells were incubated at 37◦C for 1 hr. Following that,
a medium change was given to all plates, and two plates were fixed, one
synchronized and the other unsynchronized.

For fixing the cells, the existing medium was aspirated and the 35 mm
dish was given a 1x PBS wash. After the wash, 500 µL 0.05% Trypsin was
added to the dish, and the cells were incubated at 37◦C for 3.5 mins. After
the incubation, the Trypsin was quenched with 2mL complete McCoy’s 5A
medium. The dish was flushed to ensure that all cells had detached, after
which the cell suspension was transferred to a 15 mL centrifuge tube. The
cells were spun at 1500 rpm for 5 mins. The supernatant was discarded,
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and the cell pellet was resuspended in 1 mL of an RNAase buffer (1mg/mL
Trisodium Citrate, 40µg/mL RNase, and 0.03% IGEPAL CA-360 in ddH2O).
The cell suspension was vortexed and left for 5 mins at room temperature.
Then, 2mL of chilled 100% ethanol was added to the tube, and the cells
were stored at 4◦C. This procedure was repeated every four hours for a syn-
chronized and unsynchronized culture, leading to 13 time points across 48
hrs.

For staining the cells with PI, the cells were centrifuged at 1500 rpm for
5 mins, and the supernatant was aspirated. The cell pellet was suspended in
PI solution and incubated for 10 mins. The cells were then imaged in a
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Chapter 4

Results

4.1 Three-compartment model
We developed a lineage-generating simulation using the circadian clock-cell
cycle model proposed by El Cheikh et al. (2014). This model can simulate
the molecular dynamics of the clock and cell cycle genes (Fig 4.1) and use
these dynamics to simulate cell division. The simulation starts with an input
of N identical cells with pre-specified molecular concentrations. Three key
parameters need to be specified in the simulation-

• The noise amplitude, a0

• The clock-cell cycle coupling constant, C

• The average autonomous cell cycle period of the cells, τ

The simulation then uses Eqns 2.1-2.10 with additive Gaussian noise to
update the molecular concentrations of each cell and uses MPF thresholds
to simulate the cell cycle.

In the absence of noise, we have a fully deterministic system, which is
easier to study. I used noise-free simulations to validate the oscillation of the
clock and cell cycle components in the simulation to see if our simulation
agreed with the results from El Cheikh et al. (2014). I initialized my simu-
lation with a single cell in the G1 phase with set molecular concentrations.
I ran my simulation with a0 and C set to 0. The autonomous period of the
cell (τ) is set to 18 hrs. As shown in Fig 4.1, the BMAL1, PER2, WEE1,
and MPF concentration graphs show sustained oscillations even in the ab-
sence of coupling. These results agree with El Cheikh et al. (2014)’s findings,
confirming that our molecular concentrations are being updated correctly.
When clock coupling is added (C = 0.5), the period of the MPF oscillation
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gets entrained to that of the clock (Fig 4.2). These results hold even after
noise (with a noise amplitude of 0.0025) is incorporated into the model (Fig
4.3). Henceforth, all the results presented have noise incorporated in the
ODEs, leading to a stochastic gene expression profile.
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Figure 4.1: Clock and cell cycle gene expression in the three-compartment
model without noise. On the left, the clock is not coupled to the cell cycle,
while on the right, the clock coupling is 1.5.
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Figure 4.2: Spectral analysis of MPF oscillations in the clock coupled and
uncoupled system shows that the cell cycle gets entrained to the period of
the clock when coupled to it.
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Figure 4.3: When noise is added to the three-compartment model, we obtain
clock and cell cycle oscillations (left) and entrainment of the cell cycle by the
clock (right). The coupling constant was set to 1.5.

For simulations that start from a single cell, the fraction of cells in a
particular phase shows oscillatory patterns only when the clock is coupled to
the cell cycle (Fig 4.4). This behavior can be explained by the entertainment
of the period of MPF to that of the clock on coupling the two. This is
also reflected in the period of the phase proportion oscillations. Despite the
autonomous cell cycle time being 18 hrs, the fraction of cells in each cell
cycle phase oscillates with a period of 24 hrs (Fig 4.5). In the absence of
coupling, we see an initial transient oscillation pattern. The initial step-like
oscillatory behavior is observed since we started our simulation from a single
cell, leading to 100% synchrony in the cells at the start.
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Figure 4.4: Clock and cell cycle gene expression in the three-compartment
model shows sustained oscillations when the clock is coupled to the cell cycle.
On the left, the clock coupling is 0, while on the right, the clock coupling is
1.5.
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Figure 4.5: Spectral analysis of the M phase proportion in the clock coupled
system shows that it oscillates with a dominant period of 24 hours.

We can start our simulation from any arbitrary number of cells, each
with a different initial molecular concentration. Starting from a single cell
is equivalent to starting from N identical cells. These cells have identical
molecular concentrations and belong to the same cell cycle phase at the start
of the simulation. I ran a simulation starting with 50 identical cells in the
G1 phase for 200 simulation time. As shown in Fig 4.6, in the absence of
coupling, the fraction of cells in each cell cycle phase oscillates initially, after
which it settles to a constant value. The initial oscillations are observed
because we start the simulation with identical cells that are in the same
cell cycle phase. These cells cycle through the cell cycle together. However,
noise makes each cell’s duration in a particular phase variable, leading to the
desynchronization of cells over time. Thus, the cell phase proportions reach
a constant value.
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Figure 4.6: Proportion of cells in each cell cycle phase when we start the
simulation with 50 identical cells in the G1 phase in the absence of clock
coupling. The dotted lines are the expected cell cycle phase proportions at
steady state obtained from Eqn 4.1
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The fraction of cells in each cell cycle phase, in the absence of external
perturbation by the clock, can be predicted by the ergodic theory. The
ergodic principle states that the fraction of cells in a particular cell cycle
phase is proportional to the duration of that phase. Wheeler (2015) applied
the ergodic principle to study the fraction of cells in each cell cycle phase.
Since a cell division event leads to the death of a single cell but its replacement
by two daughter cells, the fraction of cells in the G1 phase is higher than what
is predicted by simple ergodicity. Correcting for this, Wheeler described the
fraction of cells including and up to a phase n, p≤n as -

p≤n = 2(1− 2−t≤n/T ) (4.1)

where t≤n denotes the duration of phases up to and including phase n. This
rule applies only in cases where the cell cycle does not have any external
perturbations by the clock. If the fraction of cells in each cell cycle phase
obtained from our simulation data with no clock coupling matches that pre-
dicted by Eqn 4.1, then the lineage generated by our simulation follows the
ergodic principle, validating the simulation.

I obtained the mean cell phase durations and the mean cell cycle time
for the data shown in Fig 4.6. Using Eqn 4.1, I calculated the expected
proportion of cells in each cell cycle phase at steady state. As shown in Fig
4.6, the fraction of cells in each cell cycle phase settles to the value predicted
by Eqn 4.1. This validates the lineage generation in our model.
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Figure 4.7: Proportion of cells in each cell cycle phase when we start the
simulation with 50 identical cells in the G1 phase in the presence of clock
coupling (left). The dotted lines are the expected phase proportions obtained
from Eqn 4.1. Spectral analysis of the M phase proportion in the clock-
coupled system shows that it oscillates with a dominant period of 24 hours
(right).

When the clock is coupled to the cell cycle, we observe that the fraction
of cells in each cell cycle phase shows a sustained oscillation (Fig 4.7). The
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period of this oscillation matches that of the clock (Fig 4.7). Such circadian
oscillation in clock-controlled proliferating cells has been observed experi-
mentally by Plikus et al. (2013) in mouse hair cortical cells. Thus, our model
is able to replicate the oscillatory behavior in proliferation that is observed
experimentally.

In a real-life setting, we do not expect the cells to be phase-synchronized
at the start. In order to model this, we generated a starting population of
50 cells with varying clock and cell cycle expression by sampling them from
the end of a previously run simulation. These cells can be used to simulate
a starting population of asynchronous cells under the same clock control but
at varying stages of the cell cycle.

Using the asynchronous starting population, I ran a simulation to study
the phase proportion oscillations. In the absence of clock coupling, the frac-
tion of cells in each cell cycle phase settles to a constant value, as predicted
by Eqn 4.1 (Fig 4.8). The initial oscillations observed in the synchronized
initial population are no longer observed. When clock coupling is added, the
fraction of cells in each cell cycle phase oscillates around a mean predicted
by Eqn 4.1 (Fig 4.8). As the coupling strength is increased, the amplitude of
these oscillations increases, suggesting that more cells are synchronized (Fig
4.9). An interesting behavior that we observe is that the phase proportion
oscillations show 24-hour oscillations regardless of the coupling strength (Fig
4.9).
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Figure 4.8: Proportion of cells in each cell cycle phase settles to the expected
value predicted by Eqn 4.1 (shown by the dotted line) in the absence of
clock coupling(left). In the presence of clock coupling, the phase proportions
oscillate with a mean given by Eqn 4.1. The simulations were started with
an asynchronous starting population.
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Figure 4.9: Proportion of cells in the M phase shows an increase in synchrony
with an increase in coupling(left). The dominant period of oscillation is 24
hours, regardless of coupling (right).

To test how cancer and normal cell cycle dynamics vary in a clock-coupled
system, I used the three-compartment model to simulate cell cycle dynamics
of clock-coupled cells having autonomous cell cycle periods (τ) 18, 20, 25,
and 26. The coupling between the clock and the cell cycle was identical for
all the cell types. While the fraction of cells in the M phase oscillates with a
circadian period, we see peaks in the oscillation patterns at different times for
the different cell types (Fig 4.10). The cells with an autonomous period of 26
hours show a phase delay of 5.6 hours in the M phase proportion oscillations
compared to the cells that cycle at 18 hours. As the autonomous cell cycle
period rises, the M phase proportion oscillations show a phase delay in their
oscillation pattern. We also notice an increase in the amplitude of the M
phase proportion oscillation with the autonomous period. This is due to an
increase in synchronicity in cells that intrinsically cycle with a period close
to the period of the circadian clock.
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Figure 4.10: M phase proportion oscillations for cells having different au-
tonomous periods. As the autonomous period increases, the M phase peak
comes at a later time.

4.2 Four-compartment model
The radio-resistance of the S and G2 phase is quite different. Thus our three-
compartment model is not directly applicable to model the effects of radiation
on cells. I developed a four-compartment model by varying different model
parameters. This model uses the same molecular dynamics equations as the
ones in the three-compartment model but is able to classify cells into the G1,
S, G2, and M phases.

The cell cycle phase durations obtained for each cell in the four-compartment
model follow the expected trend (Fig 4.11), with G1 being the longest phase
and the S phase being the shortest. We further see that the means of the G1,
S, G2 and M phases are 10.8 hrs, 7.8 hrs, 4.2 hrs, and 1.2 hrs, respectively.
These values have also been observed experimentally for 24-hour cycling hu-
man cells (Cooper, 2000).
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Figure 4.11: The duration of each phase of the cell cycle obtained from the
simulation follows the trend that we expect from normal human cells.

Using this model, I began by studying the behavior of phase proportion
oscillations under different values of coupling. In the following sections, I
describe some key findings from this model.

4.2.1 Phase population proportions oscillate with clock
coupling

I ran the four-compartment model starting from a single cell with an au-
tonomous cell cycle period of 18 hrs for different coupling values (0, 0.25,
0.5, and 1) and plotted the cell fraction in each phase over time. A repre-
sentative graph of the fraction of cells in the S phase is shown in Fig 4.12.
In the absence of coupling between the clock and the cell cycle, the fraction
of cells in the S phase oscillates initially. However, these oscillations die over
time, and the S phase proportion settles to a constant value. As the cou-
pling parameter increases, the amplitude of the oscillation of the proportion
of cells in the S phase rises, indicating that more cells are simultaneously in
the same cell cycle phase.
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Figure 4.12: The fraction of cells in the S phase oscillates when the clock is
coupled to the cell cycle. Furthermore, the synchronicity of the cells increases
with higher clock coupling.

4.2.2 Phase population proportions oscillate with the
same period

Similar to the three-compartment model, coupling the clock to the cell cycle
leads to nearly 24-hour oscillations of the S phase proportions despite the
autonomous cell cycle period (the cell cycle period in the absence of clock
coupling) being 18 hours (Fig 4.13). The period of these oscillations does
not depend on the coupling constant.
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Figure 4.13: Fourier transform of the S phase proportion oscillations seen in
Fig 4.12. The dotted line represents a period of 24 hours.
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4.2.3 Difference in division times opens a therapeutic
window

The influence of the circadian clock on the period of phase proportion oscilla-
tions (Fig 4.12) raises questions about the entrainment of a mixed population
of cancer and normal cells since these have different intrinsic cycling periods.
If both cell types are coupled to the clock, we expect them to progress through
the cell cycle with the same period, albeit a phase shift in the times when
most cells are in a particular phase.

I ran a simulation with constant coupling and varying cell cycle times
to study the behavior of clock-controlled cancer and normal cells. I chose
fast-cycling cells with a division time of 12, 18, and 20 hours and slightly
slower-cycling cells with a mean division time of 25 hours. We observe that
the time when most cells are in the S phase differs for each cell type (Fig
4.14). As the autonomous cycling period of the cells increases, the peak of
the relative S phase population shifts further right. The S phase peak for
cells that cycle with a period of 25 hours comes 8 hours after that of cells
cycling with a period of 18 hours.
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Figure 4.14: The variation of the proportion of cells in the S phase for cells
cycling with autonomous periods of 12, 18, 20 and 25 hours. The S phase
peak of cells with an autonomous period of 25 hours comes 8 hours after that
of cells with an intrinsic cycling period of 12 hours.
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4.3 G1 proportion oscillations using DAPI imag-
ing

The proportion of cells in each cell cycle phase can be obtained from the
DAPI intensity profiles of a mixed population of cells, which typically shows
a bimodal distribution. Cells in the G1 phase (having lower nucleic acid
content) contribute to the lower intensity mode while the S, G2 and M cells
(having double the nucleic acid content) contribute to the higher intensity
mode. Fitting this DAPI intensity profile to a univariate normal mixture
model allows us to find the proportion of cells in each phase of the cell cycle
(Ferro et al. (2017), Dhuppar and Mazumder (2018)).

Since the lower intensity mode directly gives the G1 phase proportion,
it is the most convenient to study. To look at the variation of G1 phase
proportion over time, I seeded HCT116 cells in 34 35mm punched dishes
with 1.5mm coverslip (∼ 70,000 cells/dish) and synchronized 17 plates using
100nM Dexamethasone at the start of the experiment, leaving the rest un-
synchronized. Post synchronization, I allowed all cultures to grow normally
and fixed a synchronized and an unsynchronized culture every 3 hours us-
ing 4% PFA, obtaining a sequence of cultures fixed at different time points
varying from 0 to 48 hours with a step size of 3 hours. I DAPI stained and
imaged them to obtain DAPI intensity profiles for each time point. I fit the
DAPI intensity profile for each field of view to a univariate normal mixture
model to obtain its G1 phase proportion.
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Figure 4.15: Variation in G1 phase proportion with time (top: unsynchro-
nized, left: synchronized). The phase proportion shows small variations in
the asynchronous population and no variation in the synchronous popula-
tion.

The proportion of cells in the G1 phase shows a small amplitude oscillation
that is not circadian in nature in the asynchronous cultures (Fig 4.15). In
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both cultures, we see an initial short-period oscillation in the proportion of
cells in the G1 phase, which dies after one oscillation. Neither of the cultures
shows a sustained oscillatory pattern in the G1 proportion. One also notices
that in the synchronous population, almost all time points starting from 18
hrs show a G1 proportion of 1. This likely results from the nature of the total
DAPI intensity profile from each time point (Fig 4.16), which is fit by a single
normal distribution. In the mixture model, if the mean of the single normal
distribution that fits the entire data falls below 1.7, then the G1 proportion
is set to 1 and is set to 0 otherwise.
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Figure 4.16: Total DAPI intensity profile for the last timepoint in the syn-
chronized culture. The purple line is the fit given by the mixture model.

On carefully analyzing the mean intensity of the nuclei, I noticed that a
large number of cells had a bright fluorescence. Fig 4.17 shows the average
intensity of the pooled data from all time points for the synchronous and
asynchronous population. The last bin has many cells, suggesting that the
dynamic range of the microscope is smaller than the output fluorescence. To
test this hypothesis, I reimaged the unsynchronized dishes for time points
between 24hrs to 48hrs with a lower input LED light intensity, ensuring that
the output fluorescence falls within the dynamic range of the microscope.
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Figure 4.17: Mean DAPI intensity profile for all time points combined (left:
unsynchronized, right: synchronized). The lack of a right tail suggests that
the output fluorescence is brighter than the dynamic range of the microscope.

As shown in Fig 4.18, the mean DAPI intensity profile has a tapering
right tail. Thus, the output fluorescence is within the dynamic range of the
microscope.
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Figure 4.18: Variation of the G1 proportion of asynchronous cells that were
reimaged with a lower DAPI intensity profile.

The G1 proportions obtained from the reimaged data (Fig 4.21) for the
asynchronous population shows a very short period variation (∼ 8.5 hrs de-
tected by ODeGP) and do not show oscillatory behavior.

51



0.4

0.6

0.8

1.0

24 27 30 33 36 39 42 45 48
Time (hrs)

G
1 

ph
as

e 
pr

op
or

tio
n

Figure 4.19: Variation of the G1 proportion of asynchronous cells that were
reimaged with a lower DAPI intensity profile.

An issue that still persisted, however, is that the total DAPI intensity does
not always follow a bimodal distribution, where the second peak has a mean
that is twice the first one. We found that this was particularly true for the
early time points. For example, the histograms of the total DAPI intensity
for the 24th hour and 45th hour time points are shown in Fig 4.20. The 24
hr timepoint data does not show bimodality, while the 45 hr one does. Most
of the time points show a DAPI profile with an intermediate distribution
wherein the bimodality is unclear because of noise (4.21). While such data
can be fit by a mixture mode, it often leads to poor fits, as discussed later.

0.0

0.2

0.4

0.6

0.0 2.5 5.0 7.5 10.0
Intensity

D
en

si
ty

24

0.00

0.25

0.50

0.75

1.00

0 2 4 6
Intensity

D
en

si
ty

45

Figure 4.20: Total DAPI intensity profile for the 24th hr (left) and the 45th
hr (right) time points obtained after re-imaging the dishes from the previous
experiment with lower input LED intensity. The 24th hr time point shows a
single peak, while the 45th hr time point shows two peaks.
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Figure 4.21: Total DAPI profile of the 27th hr time point obtained after re-
imaging. We see a right tail in the histogram, but we do not see two peaks.

The lack of a clear bimodal distribution has not been reported in the
literature. Lack of bimodality can lead to the flexmix package fitting the
data with a single normal distribution. Since we observed better bimodality
at later time points compared to earlier ones, I re-ran my experiment with
a slight modification. After seeding my cells in the 35mm punched plates, I
let them grow for 48 hrs before beginning the experiment. This was done to
allow the transients in phase proportion oscillations to die out. After 48 hrs,
I synchronized half of the plates with 100nM Dexamethasone and repeated
the experiment as before, with a time interval of 4 hours. While imaging the
cells, care was taken that the input LED intensity was set appropriately and
that the images were taken from different parts of each plate.

Contrary to what we expected, the DAPI profiles from this experiment
were similar to those obtained in the re-imaged data as before (Fig4.22).
Most of the time points did not show clear two peaks in the total DAPI
intensity profile. The only timepoint that showed two peaks clearly is the
last timepoint in the unsynchronized culture (Fig4.22).
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Figure 4.22: Total DAPI intensity profile for the unsynchronized culture
(top) and the synchronized culture (bottom). The time point is indicated at
the top left of each plot.

The resultant G1 proportions obtained by fitting the data with the mix-
ture model did not show any oscillatory pattern (Bayes factor of 0.57 for the
asynchronous population and 0.94 for the synchronous one)(Fig 4.23). We
see a random variation in the G1 proportion in both cultures.
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Figure 4.23: Variation in the proportion of cells in the G1 phase with time
for the unsynchronized (left) and synchronized (right) cultures.

To check if what we were observing was not a chance event, I repeated
my experiment with a new set of cultures, keeping the experimental setup
the same. The DAPI intensity profile for these cultures did not show a clear
bimodality for any time point in either culture. For example, the 24 and 48
hr time points are shown in Fig 4.24. There is a single mode with a right tail
in each case.
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Figure 4.24: Total DAPI intensity profile for the unsynchronized culture
(top) and the synchronized culture (bottom) in the repeat experiment. The
time points are indicated in the top-left of each plot.

The total DAPI intensity profile for each time point was fit to a mixture
model to get its G1 proportion. Neither cultures show a periodic variation in
the G1 proportion (Fig 4.25). The rhythmicity of the G1 proportion variation
for each culture was checked using ODeGP. Neither culture returned an oscilla-
tory pattern in the G1 proportion (Bayes factor 0.76 for the unsynchronized
population and 6.19 for the synchronized one). However, we notice that the
fraction of cells in the G1 phase shows a single oscillation in the synchronized
culture having a period of at least 20 hours. Following that, the G1 propor-
tion begins to vary randomly. The lack of periodicity detection by ODeGP
could be due to the second half of the data, which shows random variations.
To test this, I subset the G1 proportion data for both cultures to include
data until the 28th hr time point. I analyzed its rhythmicity using ODeGP.
The algorithm predicts that the proportion of cells in the G1 phase oscillates
in the synchronized culture with a period of 25.8 hours (Bayes factor 40),
while it shows no oscillation in the unsynchronized population (Bayes factor
0.97) (Fig 4.26).
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Figure 4.25: Variation in the proportion of cells in the G1 phase with time
for the unsynchronized (left) and synchronized (right) cultures in the repeat
experiment.
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Figure 4.26: Rhythmicity analysis for the variation of G1 proportion up till
the 28 hr time point. The unsynchronized culture (left) shows no oscillations
(Bayes factor 0.97), while the synchronized population shows an oscillation
with a period of 25.8 hours (Bayes factor 40.07). The green line is the
posterior mean of the fit, and the blue line is the standard deviation. The
data is centered around zero by subtracting its mean.

The period of oscillation in the G1 proportion in the synchronized cul-
ture during the initial half of the experiment is longer than 24 hours. This
could likely be due to Dexamethasone treatment, which is known to slow
down cell growth by increasing G1 arrest. In fact, the initial increase in
G1 proportion is consistent with what we expect the cell cycle phase to be
post-Dexamethasone treatment.

A question that still was not answered was the lack of two peaks in the
histograms of the DAPI intensities for each time point. A single peak with a
tail could result from a very short G2/M phase. In order to validate this, we
used Flow cytometry to check the fraction of cells in each cell cycle phase.
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4.3.1 Flow cytometry

We first ran a control experiment where we cultured HCT116 and NIH3T3
cells in a T25 flask and harvested them using 0.05% and 0.25% Trypsin,
respectively. A million cells (106 cells) from each culture were DAPI stained
and loaded in a cytometer. The fluorescence data is shown in Fig 4.27, and
the fraction of cells in each cell cycle phase is given in Table 4.1.

Figure 4.27: DAPI fluorescence observed in the flow cytometry test experi-
ment. The figure on the left is for NIH3T3 cells, and the figure on the right
is for HCT116 cells.

Phase NIH3T3 HCT116
G1 59.6% 45.0%
S 29.2% 45.1%
G2 12.6% 8.15%

Table 4.1: Distribution of cells in each cell cycle phase in NIH3T3 and
HCT116 cells obtained from flow cytometry of DAPI stained cells.

The DAPI intensity profile does show two peaks in both cultures. Inter-
estingly, the fraction of cells in the G1 and S phase is similar in HCT116
cells, whereas this is not the case in NIH3T3 cells. This might be due to a
higher proliferating population in HCT116 cells,

To validate our imaging-based G1 proportion data, we ran a timepoint-
based experiment for HCT116 cells for flow cytometry. Cells were grown
in 35mm cell culture-treated dishes for 48 hours. Half of the plates were
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synchronized with 100nM Dexamethasone, and the remaining were left un-
treated. Two plates, one from each culture, were fixed every four hours for
flow cytometry using ethanol and an RNase buffer. These were then stained
with PI and loaded onto a cytometer. The output fluorescence profiles are
shown in Fig 4.28.

The fraction of cells in the G1 phase is lower than that in the S phase
across all time points and cultures. Furthermore, there is no oscillation in the
fraction of cells in each cell cycle phase (4.28). We notice that the average
fraction of cells in the G1 phase rises over the 48 hours for both the culture
types. Similarly, the fraction of cells in the S phase decreases with time. This
might be due to the loss of synchrony in cells over time, leading to the phase
proportions settling to a steady state value. It could also likely result from
an increase in the G1 duration that occurs with increased cell density.
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Figure 4.28: Fraction of cells in each cell cycle phase obtained from the flow
cytometry data.

While the dip in proportion of all cell cycle phases at the 20th hour in
the synchronized population might make it look like there is an oscillatory
pattern in the S phase proportion, there is a large apoptotic population
(28.37%) in that sample.

The flow cytometry experiment needs more standardization regarding
the seeding of cells, the incubation period before beginning the experiment,
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and the DAPI and PI staining protocol. However, for our imaging-based
DAPI experiment, it is noteworthy to note that we see two peaks in the
fluorescence data of DAPI and PI. Thus, in our imaging-based cell cycle
staging technique, we must ensure that our image acquisition and analysis
give us DAPI intensities comparable to flow cytometry data to assign the cell
cycle stages properly. Furthermore, a large S phase population likely makes
the gap between the two peaks in imaging-based DAPI profiles difficult to
identify, as the S phase cells would have DAPI intensities in that region.

4.4 Reconstructing the PRC of the cell cycle
oscillator

The phase difference between the cell cycle phase proportions of cells with
different intrinsic periods can be theoretically predicted using the Kuramto
model (Eqn 2.21). However, to apply the Kuramoto model to the clock-
cell cycle system, we need to know the nature of coupling (i.e., the PRC)
between the two oscillators. To do this, I aimed to use the algorithm given by
Cestnik and Rosenblum (2018) to infer the PRC of a continuously perturbed
oscillator.

I began by developing a code in R that implemented the algorithm given
by Cestnik and Rosenblum (2018). To test my code, I ran a simulation using
a known PRC function (Eqn 2.29) and spike data, similar to Fig 1(b) in
Cestnik and Rosenblum (2018). The perturbation amplitude (ϵ) was set to
7.6, and the correlation time was set to 0.1. However, the PRC reconstruction
algorithm that I wrote did not return a good estimate for the true PRC after
10 iterations (4.29), having a ∆Z value of 0.37. In fact, the PRC was not
reconstructed well even by the code available online from the publication
(Fig 4.29).

60



0.0

0.2

0.4

0.6

0 2 4 6
Phase

P
R

C

True
Reconstructed

0.0

0.2

0.4

0.6

0 2 4 6
Phase

P
R

C

True
Reconstructed

Figure 4.29: Reconstructed PRC using the algorithm given by Cestnik and
Rosenblum (2018). The perturbation amplitude (ϵ) and correlation time (τ)
are 7.6 and 0.1. On the left is the reconstruction using the R code I have
written, and on the right is the reconstruction using the code available online.
The reconstruction error (∆Z) for the R code is 0.37, and that for the code
available online is 0.20.

I also ran the algorithm I wrote for a less perturbed oscillator with a
perturbation strength (ϵ) of 6 and a correlation time (τ) of 0.01. The code I
wrote could reconstruct the PRC accurately (∆Z = 0.01).
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Figure 4.30: Reconstructed PRC for a perturbation amplitude (ϵ) 6 and
correlation time (τ) 0.1. The error in reconstruction (∆Z) is 0.01.

4.5 Radiation model
The four-compartment model suggests that cells that cycle with different
autonomous periods show a phase shift in their cell cycle oscillations (Fig
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4.14). Thus, it is imperative that we extend this model to incorporate the
effect of radiation on the cells and understand the effects of different radia-
tion schemes. I developed a radiation simulation using the model described
by Powathil et al. (2013). Using this simulation, I looked at the effect of
radiation on the cell cycle oscillations for different doses and cell types.

4.5.1 The fraction of cells killed is cell cycle phase de-
pendent

An important aspect of the radiation model is phase-specific radiosensitivity.
In the modified LQ model (Eqn 2.13), the phase-specific sensitivity is given
the the constant γ. The expected trend of cell death should be M > G2 >
G1 > S. In order to verify if the expected trend of cell death is seen, I ran a
simulation with cells having an autonomous period of 18 hours and irradiated
them with 2 Gy at time 80. I did this for cells that were not clock coupled
and cells that had a clock coupling of 0.5. Firstly, we note that the cell cycle
components cycle normally until the cell is irradiated, after which the MPF
concentration is held fixed for a randomly sampled duration with a mean of
18 hours and a standard deviation of 4 hours (Fig 4.31). The clock continues
to oscillate normally even post-radiation.
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Figure 4.31: Clock and cell cycle gene expression oscillations obtained from
the radiation simulation. The autonomous period of the cell is 18 hours and
we apply a dosage of 2 Gy at time 80 (indicated by the dotted line).

Furthermore, the number of cells that die post-radiation follows the ex-
pected trends for the clock coupled as well as the clock uncoupled case (Fig
4.32).
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Figure 4.32: Percentage of cell death post radiation in the clock-uncoupled
(left) and the clock-coupled (right) cases.

4.5.2 Higher dosage leads to higher cell kill

I checked the effect of increasing the radiation dosage on cells that cycle with
an autonomous period of 18 hours with a clock coupling of 0.5. I irradiated
these cells with doses of 2 Gy, 4 Gy, 6 Gy, and 10 Gy at time 80 and looked
at their total population reduction. As shown in Fig 4.36, the number of
cells drops as the dose increases. Post-radiation, we see an increase in the
population. This happens because the cell cycle returns back to normal after
the G1 arrest in the simulation.
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Figure 4.33: Increase in radiation dosage leads to higher cell killing. The
autonomous period of the cell is 18 hours, and we apply a radiation dose of
2 Gy at time 80 (indicated by the dotted line).
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4.5.3 The G1 proportion rises post radiation

In my simulation, cells show G1 arrest post-radiation. Thus, we expect the
cells in the S/G2 phase to divide and get arrested in the G1 phase, leading to
an accumulation of cells in this phase. Indeed, we see a peak in the fraction of
cells in the G1 phase post tradition (Fig 4.34). Interestingly, there are two G1

peaks. The earlier peak arises from the cells irradiated in the S/G2/M phase,
which get arrested in the G1 phase after division. We see a drop in the G1

proportion around time 100, which results from the cell cycle release of those
cells that were irradiated in the G1 phase. These cells divide and contribute
to the second G1 peak. Finally, the cells irradiated in the S/G2/M phase
are released from cell cycle arrest, and the cell phase proportions oscillate
normally.
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Figure 4.34: Variation of cell phase proportions post-radiation. The au-
tonomous period of the cell is 18 hours, and we apply a dosage of 2 Gy at
time 80 (indicated by the dotted line). After irradiating the cells, we observe
two peaks in the G1 phase proportion.

I compared the G1 proportion oscillation for irradiated cells with the
unirradiated cells and observed that irradiation leads to a temporary phase
shift in the G1 peak. The irradiated cells skip one oscillatory division cycle
and start oscillating normally afterward (Fig 4.35).
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Figure 4.35: Comparison of the G1 proportion oscillations shown in Fig 4.34
with unirradiated cells. The radiated cells accumulate in the G1 phase and
skip one division cycle. The dotted line indicates the time of irradiation.

4.5.4 Radiation synchronizes the cell cycle

The rise in the fraction of cells in the G1 proportion could possibly serve as a
synchronization of cancer cells. To test this, I started with an asynchronous
cell population that is not coupled to the clock. Thus, these cells would not
show any cell phase proportion oscillations independently. I irradiated these
cells at time 80 with a dose of 2 Gy and observed the cell phase dynamics
post-radiation.
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Figure 4.36: The cell proportions show oscillation post-radiation even in cells
not coupled to the clock. The autonomous period of the cell is 18 hours, and
we apply a dosage of 2 Gy at time 80 (indicated by the dotted line).
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The cell phase proportions show damped oscillations post-radiation. In
fact, these oscillations persist even 120 hours or 5 days after radiation. This
suggests that the radiation synchronizes the cell cycle phases, which even-
tually get unsynchronized due to the variance in cell cycle durations. The
duration for which the synchrony is maintained would depend on the cell
cycle arrest duration post-radiation.

4.5.5 Time to first division post radiation shows a bi-
modal distribution

The fraction of cells in the G1 phase shows two peaks post-radiation, with
the first peak resulting from cells in the S/G2/M phase and the second peak
resulting from cells in the G1 phase. In fact, if we check the time to division
post-radiation, we see that it follows a bimodal distribution (Fig 4.37). This
result agrees with experimental data obtained by Reyes et al. (2018), who
studied G1 phase arrest post-radiation in RPE-hTERT cells.
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Figure 4.37: The time to the first division of irradiated cells follows a bimodal
distribution.

The first peak in the above figure results from the early dividing cells,
which were irradiated in the S/G2/M phase, while the second peak arises
from the late dividers, which were irradiated in the G1 phase.

4.5.6 Time of irradiation affects total population

The central question in chronotherapy is to understand the effect of irradiat-
ing cells at different times of the day. We expect that irradiating cells when
most of them are in the M phase should cause maximal damage. To test this,
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I ran a set of simulations where I irradiated cells at different times, corre-
sponding to their S peak, G2 peak, G2/M peak, and M peak. I looked at the
relative decrease in the total population post-radiation. We see that when
cells were irradiated at the G2/M peak, they showed the greatest population
drop, followed by cells irradiated at the M peak, G2 peak, and then the S
peak (Fig 4.38). The higher drop in total population of cells irradiated when
most cells are in the G2/M phase is likely because a higher fraction of cells
are in the G2 phase, even if it is slightly less sensitive than the M phase. This
suggests that timing radiotherapy should consider not only the differential
radiosensitivities of the cell cycle stages but also the number of cells in each
stage.
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Figure 4.38: Percentage drop in the total populations of cells that were
irradiated at different times corresponding to their S peak, G2 peak, G2/M
peak, and M peak. In all cases, the cells were dosed with 2Gy of radiation.
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Chapter 5

Discussion

The coupling between the circadian clock and the cell cycle is known to give
rise to cell cycle entrainment. Furthermore, chronotherapy aims to exploit
this coupling to cause maximal damage to cancer cells while minimizing the
toxicity to normal cells. In this study, I used an interdisciplinary approach to
understand how the clock coupling to the cell cycle at a molecular level can
give rise to population dynamics. I further looked into how the population
dynamics change on irradiating the cells. The central theme of these studies
is to understand a way to develop an optimal radiation chronotherapy scheme
for cancer.

5.1 Molecular clock coupling leads to oscilla-
tion in cell phase proportions

In the absence of external perturbation, the fraction of cells in each cell
cycle phase should settle to a constant value predicted by Eqn 4.1. However,
multiple studies have reported circadian oscillation in cellular proliferation
(Kiessling et al., 2017). The circadian clock entrains the cell cycle via the
regulatory influence of WEE1 on MPF (Matsuo et al., 2003). In my study,
I looked at a computational way to combine molecule dynamics of the clock
TTFL and the cell cycle genes with population-level dynamics to look at
emergent phenomena. I developed a three-compartment lineage-generating
simulation using the mathematical framework proposed by El Cheikh et al.
(2014). The compartments in this simulation represent the G1, S/G2 and
M phases. Transition through the cell cycle phases is governed by the MPF
concentration in each cell. Thus, this model can replicate the molecular
oscillations of the clock and cell cycle genes and simulate cell division and
population growth (Fig 4.1).
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Our model shows that the fraction of cells in each cell cycle phase shows
sustained oscillations only when the clock is coupled to the cell cycle (Fig
4.4). Furthermore, the period of these oscillations is ∼ 24 hours (Fig 4.5),
suggesting an entertainment of global cell cycle behavior by cellular clocks.
An interesting observation from the simulation is that the period of the phase
proportion oscillations remains the same regardless of the coupling strength
(Fig 4.9). Similar observations were made by El Cheikh et al. (2014) when
they compared their model with models given by Mirsky et al. (2009) and
Leloup and Goldbeter (2004). They noted that the cell cycle need not be
phase-locked with the clock in a 1:1 ratio across different autonomous cell
cycle durations. The entrainment of the cell cycle to the clock can follow a
rational ratio n : m, such that n divisions occur at the end of m cycles of the
clock. The entrained cell cycle period is the same for certain autonomous
cell cycle periods, regardless of coupling. Since our simulations have been
run with autonomous periods of 20 hrs, the 24-hour entrainment of the cell
phase proportions is because of this phase-locking phenomenon. However,
one must note that the amplitude of these oscillations increases with coupling,
indicating higher synchronicity between cells at higher coupling values. Thus,
while the dominant oscillatory frequency is 24 hours in oscillation of the phase
proportions, it is the strongest period of oscillation only in highly coupled
cases.

Modeling the effect of radiation on the cell population in a cell phase-
dependent manner requires better cell phase resolution. The sensitivity of
the S phase cells is lower than that of the G2 phase. Thus, I developed
a four-compartment model that uses the same clock dynamics of the three-
compartment model but has re-parametrized cell cycle oscillations that agree
with experimental observations. The resultant simulation can recapitulate
the cell cycle phase durations typically observed for a proliferative human
cell (Fig 4.11).

The four-compartment model also suggests that the fraction of cells in
each cell cycle phase shows an oscillatory pattern on clock coupling, with
an oscillation period of 24 hours (Figs 4.12 and 4.13). The variation of the
proportion of cells in each cell cycle phase has not been studied much in
HCT116 cells. Thus, we turned to imaging-based cell cycle staging using
DAPI stains. DAPI fluorescence can be used to quantify the DNA content
of a cell. Thus, DAPI data can be fit to a univariate normal mixture model
to get the fraction of cells in the G1 and S/G2/M phase.

We studied the variation of G1 proportion in HCT116 over time by seeding
multiple 35mm dishes and fixing and DAPI staining them at different time
points. Every experiment had two types of cultures - one set of dishes was
treated with 100 nM Dexamethasone for 1 hour, while the other set was left
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untreated. Dexamethasone promoted Per2 transcription and leads to cell
cycle synchronization in the G1 phase (Kiessling et al., 2017).

Our experiments using fluorescence imaging for cell cycle staging high-
lighted some important points that should be taken care of while performing
this experiment. Firstly, we need to ensure that the cells are seeded at a
density that does not lead to over-confluence of cells over the course of the
experiment, as this can lead to longer G1 phase durations. Secondly, it is
important to choose a DAPI concentration that does not lead to the output
DAPI fluorescence exceeding the dynamic range of the microscope. We used
1 µg/mL of DAPI in all our experiments. Thirdly, the input LED intensity
of the microscope should be set according to its dynamics range. It is also
important to set the Z-stacks according to the size of the nucleus of the cells.
The Z-stacks are acquired such that the nuclei are not entirely out of focus
in any stack, as this will contribute to noise during image analysis. Lastly,
it is important to image cells from all parts of the plate to prevent biases in
sampling that might occur while imaging only in a certain region.

The total DAPI intensity profiles that we have obtained across differ-
ent experiments suggest that we rarely observe two peaks in the profiles.
While this is expected in synchronized cultures, it is initially strange to ob-
serve single peaks in unsynchronized cultures. This could arise from possible
synchronicity that persists in our population, regardless of Dexamethasone
treatment. However, the synchronicity is observed in the asynchronous pop-
ulation as well. This seems unlikely since we grow both cultures for 48 hours
to offset any cell cycle synchronicity that arises due to trypsinization and cell
seeding. The other hypothesis is that a significant population of cells are in
the G1/S phase compared to the G2/M phase, leading to a very prominent
first peak and lack of a clear second peak. This hypothesis can be tested by
using a G2 arrest drug like Ginkgetin (Lee et al., 2017) and observing the cell
cycle dynamics post-drug release. A prominently G1/S population is likely
to result from a longer G1 and S phase duration in the cell cycle. Literature
on the exact cell cycle phase durations for HCT116 cells shows slight vari-
ability depending on the technique used. G1 phase durations are typically in
the range of 4.1-5.4 hours (Pereira et al. (2017), Bernard et al. (2019)). The
literature on S phase duration has a lot of variability. Measurements made
from EdU or flow cytometry revealed that the duration of the S phase is 5-
7.1 hours (Pereira et al., 2017), while a dual EdU-BrdU pulse-chase method
reports an S phase duration of 11.7 hours (Bialic et al., 2022). Nevertheless,
we expect a higher proportion of cells to be in these phases, implying that
the DAPI peaks we see at each time point would mostly be unimodal. Fur-
thermore, our flow cytometry data agrees with the trend of the S phase being
longer than the G1 phase in HCT116 cells in the unsynchronized cultures.
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Synchronizing the cultures using Dexamethasone would lead to a spike in
the fraction of cells in the G1 phase, at least during the initial time points.
We only see this in the last experiment. Furthermore, we observe that the
G1 phase proportion shows an oscillation of a period of 25.8 hours during the
first 28 hours (Fig 4.26). This circadian oscillatory pattern dies out after 28
hours. Loss of synchrony due to noise could contribute to a dying oscillatory
pattern over time, suggesting that an extrinsic synchronizer is needed to
maintain sustained oscillations in the phase proportions. This suggests that
the fraction of cells in each cell cycle phase does show circadian rhythmicity.
However, multiple biological replicates will be required to test this rigorously.

The flow cytometry data shows no oscillatory pattern in any phase pro-
portion variation in either cell type (Fig 4.26). Furthermore, we do not see
a spike in the G1 proportion after Dexamethasone treatment. This is quite
surprising and is likely due to a high fraction of apoptotic cells, especially in
the 4th hour. Furthermore, we see a gradual increase in the G1 proportion
and a drop in the S proportion with time. This could result from increased
cell confluence with time, leading to G1 phase duration lengthening (Bernard
et al., 2019). To offset the effect of cell density with time, we can seed cells
at different starting densities to ensure that the cell densities at the time of
fixing are constant.

5.2 Phase-shifted cell cycle oscillations in cells
with varying intrinsic periods

To test how cancer and normal cell cycle dynamics vary in a clock-coupled
system, we used the three-compartment model to simulate cell cycle dynamics
of clock-coupled cells having autonomous cell cycle periods 18, 20, 25, and
26. While the fraction of cells in the M phase oscillates with a circadian
period, we see peaks in the oscillation patterns at different times for the
different cell types (Fig 4.10). The cells with an autonomous period of 26
hours show a phase delay of 5.6 hrs in the M phase proportion oscillations
compared to the cells that cycle at 18 hrs. As the autonomous cell cycle
period rises, the M phase proportion oscillations show a phase delay in their
oscillation pattern. We also notice an increase in the amplitude of the M
phase proportion oscillation with the autonomous period. This is due to
an increase in synchronicity in cells that intrinsically cycle with a period
close to the period of the circadian clock. Similar patterns are seen in the
four-compartment model (Fig 4.14). The phase shift in cell cycle phase
proportion dynamics between different cell types is of major interest. It
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holds the potential to be exploited by chronotherapy, wherein we radiate
cancer cells based on the time of day when a majority of them are in the
M phase. Since this M phase peak would appear at a time different from
that of normal cells, the chronomodulated radiotherapy would cause greater
damage to cancer cells than normal cells. Theoretical predictions of the phase
difference between the M phase peak of cancer cells and normal cells would
help us set a bound on the therapeutic window available during a day during
which radiotherapy would be most impactful.

I turned to the Kuramoto model for couple oscillators to understand the
phase difference in phase proportion variation between different cell types.
While this model has been extensively studied and applied in the context
of the circadian clock (Granada et al., 2013), its application in the circadian
clock-cell cycle coupled oscillator system is limited due to a poor understand-
ing of the coupling between the two. Kuramoto’s analysis was mainly done
for a sinusoidal coupling between the oscillators (Kuramoto, 1984). However,
no data suggests that the cell cycle responds to perturbations by the clock in
a sinusoidal manner. Thus, obtaining a Phase Response Curve (PRC) for this
coupled oscillator system is important. This study proves to be challenging
since the clock cannot discretely and infinitesimally perturb the cell cycle.
I turned towards the algorithm given by Cestnik and Rosenblum (2018) to
infer the PRC of this coupled oscillator system from time series data. While
the algorithm itself has its issues in reconstructing the true PRC (Fig 4.29),
there are further concerns about using this algorithm to infer the PRC of
this system. Since the clock is coupled to the cell cycle quite strongly, the
cell cycle reporter level(MPF in the simulation) is highly correlated to the
clock level. This makes inferring the PRC an issue since there is not enough
variability in the phase at which a particular clock perturbation arrives at
the cell cycle reporter. I had an email discussion on this issue with Rok
Cestnik, who suggested a simplification of a neural network approach where
we train a neural network to predict the response of an oscillator to an input
perturbation depending on the phase it arrives at. Thus, developing a new
way to infer the PRC of the cell cycle oscillator is a challenge that needs
more thought and work.

5.3 Dosage timing can be studied using the ra-
diation model

The radiation model that I have developed can be used to study the dose
(Fig 4.36) and cell cycle phase-dependent effects of radiotherapy on cells. The
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model is able to replicate the experimentally obtained cell cycle death trends
(Fig 4.32). Furthermore, we see an accumulation of cells in the G1 phase post-
radiation since we have only simulated a G1 arrest in our model (Fig 4.35).
While we can also simulate G2 arrest as was done in Powathil et al. (2013),
Reyes et al. (2018) only observed G1 arrest in RPE-hTERT cells. Thus, we
could validate our simulation by replicating the bimodal distribution of the
time to the first division post-radiation that they experimentally studied (Fig
4.37).

The radiation simulation suggests that radiating cells when most of them
are in the G2/M phase can cause the most cell death (Fig 4.38). This agrees
with experimental results (Sinclair and Morton (1965), Takane et al. (2000),
Plikus et al. (2013)) and leads us to move on to develop a sequential dosage
scheme that would allow us to reduce the tumor burden. Our simulation
results suggest that the G1 accumulation of cells post-radiation leads to the
skipping of one normal cell division cycle (Fig 4.35). Furthermore, we ob-
serve that radiation can synchronize cells (Fig 4.36). From a therapy point
of view, this means that the irradiated cells would not be very sensitive to a
subsequent round of dosage for a period equal to the arrest duration. Current
sequential radiotherapy schemes have looked at dosing consecutively for a cer-
tain number of days (Kapiteijn et al. (2001), Dean et al. (2022)). However,
our model suggests that cell cycle arrest post-radiation would make cancer
cells less sensitive to radiation-induced DNA damage, leading to higher tox-
icity effects compared to cancer cell death. Thus, it would be advisable to
dose patients after the cancer cell’s expected cell cycle arrest duration.

We can use the radiation simulation to understand how two different cell
types co-evolve post-radiation. The LQ model parameters and cell cycle
arrest durations would differ for the two cell types. We know that cells with
different autonomous periods have an inherent phase difference in their cell
cycles (Fig 4.14). Thus, it would be interesting to understand the change
in the phase difference between the cell phase oscillations of these cell types
before and after radiation.
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