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ABSTRACT

Circadian rhythms are archetypal examples of nonlinear oscillations. While these oscillations are usually attributed to circuits of biochemical
interactions among clock genes and proteins, recent experimental studies reveal that they are also affected by the cell’s mechanical environ-
ment. Here, we extend a standard biochemical model of circadian rhythmicity to include mechanical effects in a parametric manner. Using
experimental observations to constrain the model, we suggest specific ways in which the mechanical signal might affect the clock. Addition-
ally, a bifurcation analysis of the system predicts that these mechanical signals need to be within an optimal range for circadian oscillations to
occur.

Published under an exclusive license by AIP Publishing. https://doi.org/10.1063/5.0164829

Cells are nonlinear dynamical elements, which in multicellu-
lar tissues are commonly coupled to one another. Much work
has been done, both theoretically and experimentally, to under-
stand this coupling and to identify its dynamical consequences
from a biochemical viewpoint. In contrast, much less is known
about how the mechanical interactions between cells affect these
dynamics. Recent work has shown, for instance, that circadian
oscillations degrade substantially in populations of cells in vitro

when cell density decreases sufficiently. Here, we use this fact to
constrain a standard model of circadian oscillations and propose
a way through which external mechanical signals and internal
biochemical interactions could combine in clock cells.

I. INTRODUCTION

Molecular clocks are present in all organisms on Earth, rang-
ing from bacteria to humans.1 One of these clocks is the circadian

day/night rhythm, whose intrinsic period is around 24 h.2,3 Adher-
ing to this clock is crucial for survival, as organisms need to behave
differently in the presence or absence of daylight, in order to thrive
in natural ecosystems.4

In multicellular organisms, cells need to synchronize their
circadian rhythms across and between tissues.5,6 The general con-
ditions underlying the synchronization of nonlinear systems (of
which circadian oscillators are an example) were explored by
Arthur Winfree and others as far back as the 1960s7–9 and
described in further detail by Jürgen Kurths and others over
the 1990s and 2000s.10–12 In the case of circadian clocks, rhythm
coordination can arise from biochemical signaling, mechanical
interactions, or (most likely) through a combination of both.
While much effort has been devoted to studying the biochemical
aspects of circadian cell–cell coordination,13–18 the role of mechan-
ical interactions on circadian rhythmicity is still largely unex-
plored.
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Here, we address this question by including mechanical factors
in a biochemical model based on a standard architecture for genetic
oscillations. The model represents mechanical effects through the
activity of the transcription factors YAP/TAZ, which are known to
sense mechanical signals.19 Changes in the cell’s microenvironment
due to phenomena such as apoptosis, proliferation, and motion of
neighboring cells affect the nuclear localization of these proteins,
thereby altering their transcriptional regulatory activity.19,20 Recent
experimental observations have revealed that the levels of YAP/TAZ
signaling, controlled either through changes in cell density or
directly through overexpression, determine the quality of circadian
rhythms (in terms of period stability) in mouse fibroblasts.21 We use
this observation and the measured effects of YAP/TAZ on the clock
gene Rev-Erbα to constrain our model and to suggest a potential
mechanism through which these mechanical effects may arise.

II. EXPERIMENTAL CONSTRAINTS

Circadian oscillations are possible thanks to well-structured
biochemical networks. In mammals, the genes at the heart of the
clock include the activators Clock and Bmal as well as the transcrip-
tional repressors Per and Cry. Clock and Bmal form a complex that
activates the expression of Per and Cry, which bind to each other
in the cytoplasm and return to the nucleus to inhibit their own
expression. This leads to a nonlinear transcription-translation neg-
ative feedback loop that is capable of sustaining oscillations in gene
expression.3 A second feedback is provided by the nuclear receptor
Rev-Erbα, whose transcription is also activated by the Clock/Bmal
complex and inhibits Bmal itself upon returning to the nucleus,
forming an additional negative feedback loop that adds robustness
to the core network.22,23

Recent experiments in mouse fibroblasts21 have shown that
Rev-Erbα is cell-density dependent, which results in circadian
rhythms being more robust for higher cell densities. A representative
realization of those experimental results is shown in Fig. 1(a). This
behavior has physiological consequences: during wound healing,
for instance, circadian robustness is lost as the cells on the wound
front have lower cell density.21 The molecular connection between
cell–cell contact and the molecular clock is believed to be mediated
by YAP and TAZ, whose concentrations are known to decrease with
increasing cell density.24 In agreement with this fact, overexpression
of TAZ leads to a disappearance of circadian rhythmicity, as shown
in Fig. 1(b) (blue line). This contrasts with the behavior exhibited
by the cells in basal conditions, for which a clear spectral peak at a
period of 1 day is observed [red line in Fig. 1(b)]. That circadian peak
is completely absent for the case of TAZ overexpression, which cor-
responds to low cell densities in the experiments shown in Fig. 1(a).
Additionally, experiments show that TAZ overexpression leads to
increased Rev-Erbα levels [Fig. 1(c)].

III. MODELING THE CIRCADIAN EFFECTS OF YAP/TAZ

The molecular mechanism through which increased YAP/TAZ
nuclear concentration (and correspondingly low cell density) causes
cells to lose their circadian rhythmicity remains unknown. In what
follows, we address this question using a variation in the Goodwin
model to simulate the effect of YAP/TAZ on the robustness of the

circadian clock. Our model aims to propose a specific mechanism by
which YAP/TAZ can affect the quality of circadian oscillations. Fur-
thermore, the model aims to predict possible outcomes that were
not tested in previous experiments, such as the effect of decreas-
ing YAP/TAZ levels (and correspondingly increasing cell density).
Also, it will help us to better understand how the system responds
to continuous changes in YAP/TAZ levels: Do cells lose the oscil-
lations suddenly at a certain concentration of YAP/TAZ, or do the
oscillations gradually fade away?

The model aims to simplify as much as possible the interactions
among the molecular species present in the system, keeping only the
elements of the clock that are essential for rhythm generation. We
constrain the model using the experimental observations described
above, together with scaling information such as the period of
oscillation and typical molecule levels of the clock components.

The Goodwin model25 is commonly used to describe the
dynamics of circadian oscillators.26,27 It consists of three coupled
ordinary differential equations describing the dynamics of three
biochemical components connected to one another in a negative
feedback loop,

dX

dt
=

α1

1 + ( Z
K
)

h
− d1X, (1)

dY

dt
= β2X − d2Y, (2)

dZ

dt
= β3Y −

d3Z

1 +
Z
S

. (3)

Here, α1 is the maximum expression of X, K is the negative feedback
strength of Z on X, h is the Hill coefficient, β2 and β3 are produc-
tion rates, and d1, d2, and d3 are decay rates. This model can be
used to simulate the expression levels of a simplified version of the
molecular clock network, in which only the feedback loop among
Bmal mRNA (represented by X above), Rev-Erbα mRNA (Y), and
Rev-Erbα protein (Z) is considered.27

An advantage of the Goodwin model is its simplicity and
well-documented use. However, the equations must be adjusted to
realistically represent a circadian clock. First, the model parame-
ters must be properly selected to reflect known concentrations of
molecules within a cell and to produce a period on the order of
24 h. This can be done by rescaling the model variables (concen-
trations and time) as usually done in dimensional analysis27 and
selecting the scaling factors that lead to the correct ranges in the
values of the variables. These factors also rescale the model param-
eters: applying the scaling factors obtained above to the parameters
of Ananthasubramaniam et al.27 led us to the parameter values given
in Table I. These parameters produce oscillations with biologically
realistic period and amplitude ranges,28 as shown in Fig. 2. The code
for the model simulation and subsequent analysis is available at
https://github.com/dsb-lab/mech-gene-clock.

Additionally, saturation was added to the decay term of Rev-
Erbα protein (Z) in Eq. (3) to increase the modulation depth of the
oscillations of that variable, which was too small when using the
standard parameter set in the common version of the model with
linear saturation.27 The modulation depth is defined as the ampli-
tude of the oscillations divided by their mean and provides an idea
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FIG. 1. Experimental results used to constrain our model. (a) Kymographs of Rev-Erbα expression in low (left) and high (right) densities mouse fibroblasts in in vitro. Each
experiment lasted 72 h, and a total of 300 time points were sampled. The horizontal traces correspond to single cells and are ordered vertically by increasing amplitude of
their circadian frequency. (b) Averaged Fourier spectra for two different levels of TAZ expression. (c) Effect of TAZ levels on Rev-Erbα expression. Data adapted from Abenza
et al.

21

of how large the oscillations are with respect to the average con-
centration values. Figure S1 in the supplementary material shows a
comparison between the dynamics of the standard Goodwin model
and our version, extended to account for saturation in the decay

FIG. 2. Sample time series for the deterministic model with added saturation.
Parameters are those given in Table I.

term of Rev-Erbα protein. In the absence of saturation (linear decay,
standard case) the time trace for Z has a very high mean value and,
thus, a low modulation depth. Adding a nonlinearity in the decay
term of Z fixes this issue. Other additional nonlinearities, such as a
nonlinear transcriptional activation of Rev-Erbα mRNA by Bmal1,
have a similar effect, but the effect was larger for the Z decay term in
our case. Incidentally, the addition of an extra nonlinearity allowed
us to lower the Hill coefficient h from 11 to 2 with respect to the
original parameters,27 see Table I.

TABLE I. Parameter values used for the deterministic and stochastic simulations.

Function Parameter Value Units

Maximum Bmal expression α1 5500 molec·h−1

Production β2 1.3 h−1

β3 1.3 h−1

Degradation d1 0.26 h−1

d2 0.26 h−1

d3 3.9 h−1

Hill coefficient h 2 . . .
Negative feedback threshold K 50 molec
Saturation S 100 molec
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FIG. 3. Bifurcation diagram of the extended Goodwin model with saturation. Effect of changing the negative feedback parameter α1 on the concentration of Rev-Erbα (left)
and the period (right). Red (black) lines indicate a stable (unstable) equilibrium, and green (blue) lines denote a stable (unstable) limit cycle. The maximum period occurs at
the same point as the maximum amplitude. The system cycles with a period of 24 h for α1 = 5500molec·h−1, and this value is used as the base for the model below.

As mentioned above, experiments show that Rev-Erbα levels
increase in concentration with TAZ expression [Fig. 1(c)],21 both
in its mean and standard deviation. The model, therefore, needs a
way to introduce YAP/TAZ (and thus cell density) that leads to a
comparable effect. On the basis of previous experimental evidence
suggesting that YAP/TAZ affects the clock protein Bmal,29–33 we
chose to represent the effect of YAP/TAZ in the clock parametri-
cally through modulation of the maximum Bmal expression rate α1,
considering that an increase in α1 corresponds to a larger effect of
YAP/TAZ on Bmal (and correspondingly to a lower cell density).
As we show in what follows, increasing α1 disrupts the oscilla-
tions seen in the system and increases the average concentration of
Rev-Erbα.21

To establish how the nature of the oscillations changes with α1,
we use bifurcation analysis. The results of this analysis, performed
with XPPAUT34 and shown in Fig. 3, reveal that the system under-
goes two Hopf bifurcations, one subcritical at α1 ∼ 470 molec·h−1

and the other supercritical at α1 ∼ 7500 molec·h−1. At the sub-
critical point, the system changes from settling to a stable steady
state to undergo oscillations. At the supercritical point, the reverse
occurs: the system stops oscillating and returns to a stable steady
state. The amplitude varies within the region of oscillations, reach-
ing a maximum of around 1800 molecules at α1 ∼ 1700 molec·h−1

and steadily decreasing until reaching the upper Hopf point. The
period varies somewhat, with a minimum of ∼ 17 h at the lower
Hopf point, rapidly increasing to a maximum value of ∼ 27 h at
α1 ∼ 1700 molec·h−1 and then steadily decreasing to ∼ 22 h at the
upper Hopf point.

It is also worth pointing out that according to the bifurca-
tion analysis results shown in Fig. 3, the fixed point of the system
increases monotonically with α1 (both when stable and when unsta-
ble). This fact, together with the behavior of the extrema of the
limit cycle itself, allow us to infer that the average Rev-Erbα levels
increase monotonically with YAP/TAZ levels, in agreement with the
experimental observation [Fig. 1(c)].

IV. STOCHASTIC MODELING

Deterministic simulations were run first, as described above, to
determine the proper values for parameters and establish a reason-
able scale for molecule numbers. They provide a good starting point
for the model and allow us to make qualitative inferences about the
system. However, they lack the noise seen in true biological systems
since the same time series is always produced from a given initial
condition. Stochastic simulations more accurately capture biologi-
cal processes through the addition of randomness. The next reaction
method, a type of stochastic simulation, was used to simulate the cir-
cadian system, as implemented in the Python package StochPy.35

The next reaction method considers each process in the system as a
separate biochemical reaction that has a certain likelihood to occur,
determined by its respective propensity.36 In our case, the reactions
are either the creation or degradation of one of the components of
system, and the propensities for each are calculated using the same
parameters from the deterministic model. A limitation of using the
next reaction method to model biochemical reaction systems relates
to the number of molecules present. In our model, we considered
realistic Bmal and Rev-Erbα concentrations, with Rev-Erbα hav-
ing 1000 molecules on average and Bmal having a maximum of
around 100 molecules, for which the next-reaction method has an
acceptable efficiency.36,37

A. Ensembles of stochastic simulations

Two groups of stochastic simulations are run, reflecting dif-
ferent concentrations of YAP/TAZ: low (α1 = 5500 molec·h−1) and
high (α1 = 106 molec·h−1). We recall that the level of YAP/TAZ is
inversely related to cell density, where high cell density corresponds
to low YAP/TAZ concentrations and vice versa. For each case, 1000
simulations are run for 20 days, using the corresponding value of
α1. The remaining parameters are varied randomly with each sim-
ulation, adding an extra layer of noise to the system. Specifically,
the parameters are selected from a log-normal distribution, centered

Chaos 34, 013135 (2024); doi: 10.1063/5.0164829 34, 013135-4

Published under an exclusive license by AIP Publishing

 12 M
arch 2025 07:36:44

https://pubs.aip.org/aip/cha


Chaos ARTICLE pubs.aip.org/aip/cha

FIG. 4. Sample time series and Fourier spectra from the stochastic simulations. Three samples from the 1000 repetitions are shown for each of the high and low density
cases. (a) High density (α1 = 5500molec·h−1); (b) low density (α1 = 105 molec·h−1).
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FIG. 5. (a) Kymograph of time series obtained with the stochastic simulations. Results are shown for both low (α1 = 5500molec·h−1) and high (α1 = 105 molec·h−1) values
of maximum Bmal expression, corresponding to high and low cell densities as shown in the experiments of Fig. 1(a). As in that figure, the horizontal traces (1000 in each
case) are ordered vertically by increasing the amplitude of their circadian frequency. The time series are shown after a transient period and are aligned by their first peak
in expression. A qualitative agreement is seen with Fig. 1(b). (b) Fourier spectrum averaged over 1000 stochastic simulations for the two values of α1 given above. The
averages were taken over 1000 stochastic simulations each. (c) Effect of YAP/TAZ concentration on average concentration of Rev-Erbα in the stochastic simulations. Again,
a qualitative agreement is seen with Fig. 1(c).

around the deterministic parameter values from Table I, and with a
spread that is roughly 20% the parameter mean.

B. Stochastic time series

The stochastic time series, examples of which are shown in
Fig. 4, display steady oscillations for the case of low YAP/TAZ (high
cell density), with a period around 24 h on average. The amplitude
varies greatly between cycles of a given time series, but the period
remains fairly consistent. For high YAP/TAZ (low cell density), the
period was higher than 24 h for most of the simulations. Both the
amplitude and period change from cycle to cycle, and the modu-
lation depth is much lower compared to the high cell density case.
Kymographs of the time series are shown in Fig. 5(a). Now that noise
has been added to the system, the model better reflects the results
seen in our reference experiments.21

C. Fourier analysis

Fourier spectra were calculated and averaged over the 1000
simulations described above, for each of the two α1 values [Fig. 5(b)].
When α1 = 5500 molec·h−1 (low YAP/TAZ, high cell density),
the stochastic simulations have a dominant frequency centered at
roughly 0.9 day−1 (26.7 h), which disappears when the parameter
α1 is increased to 105 molec·h−1. These results are consistent with

the experimental observations shown in Fig. 1 above. Although
the match is not perfect, the model produces the same qualitative
behavior, as circadian robustness is lost in both cases with higher
YAP/TAZ concentrations.

D. Effect on circadian gene levels

As discussed briefly in Sec. III above, in our deterministic
model, the average concentration of Rev-Erbα increases with α1.
The stochastic simulations show that not only does the concentra-
tion increase but also becomes more variable across the simulations.
This is shown in Fig. 5(c), which plots the instantaneous levels
of Rev-Erbα obtained in our simulations for both low and high
YAP/TAZ levels. These results fit with our experimental observa-
tions, where higher concentrations of TAZ correspond to higher
Rev-Erbα concentrations with greater spread [Fig. 1(c)].21

The response of Rev-Erbα to a continuous increase in α1 is
shown in Fig. 6, ranging from α1 = 500 molec·h−1 to 105 molec·h−1,
with steps of 50 molec·h−1. For each value of α1, 10 simulations were
run for 10 days. This allows us to see the behavior of the model
throughout the entire range of YAP/TAZ levels. As the parame-
ter α1 increases sufficiently, the expression of Rev-Erbα increases
overall. For small values of α1 (less than 2 × 104 molec·h−1), the
average concentration increases first and then decreases, as α1 passes
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FIG. 6. Effect of a continuous increase in α1 on Rev-Erbα levels.

through and exits the oscillatory region. After this, the concentra-
tion steadily increases. Additionally, the average expression becomes
more variable the further α1 is increased.

The results shown in Fig. 6 do not take into account the time
structure of the system. For completeness, Fig. 7 shows how the
time series behave as α1 increases continuously. The results show
that circadian oscillations persist beyond the regime of determinis-
tic limit cycle oscillations.38 The relationship between increasing α1

and the variability in both amplitude and period was studied as well.
In the deterministic model, as we showed in Fig. 3, the supercriti-
cal Hopf bifurcation at the right of the oscillatory domain occurs at
α1 ∼ 7500 molec · h−1. In the stochastic model, as we now show in
Fig. 8, the variability increases for both amplitude and period (see
also Figs. 6 and 7). Unlike the deterministic model, however, in the
stochastic model, the oscillations never truly disappear after the sec-
ond Hopf bifurcation, although they do lose their circadian behavior
of regular 24 h periods and stable amplitude. The fluctuations seen

for these high values of α1 are, thus, driven by noise rather than by
the oscillatory nature of the model itself.

V. COMPARISON TO EXISTING MODELS INCLUDING
THE PER/CRY LOOP

Previous models of circadian gene expression have been cre-
ated to include both the Per/Cry and Bmal/Rev-Erbα loops.22,39 We
introduced the effect of YAP/TAZ on those models by modify-
ing the production term of Bmal. Specifically, the study by Relógio
et al.22 introduces a model of 19 equations that describes the dynam-
ics of the genes Per, Cry, Clock, Bmal, Rev-Erb, and Ror. The model
not only considers the concentration of mRNA for each gene but
also the concentrations of their respective proteins in the cytoplasm
and nucleus. Equation (8) from the article gives the rate of change
for concentrations of Bmal mRNA (called y5). We varied the tran-
scription rate V5 max of the production term, which is controlled by
concentrations of nuclear Rev-Erb and Ror protein.

The model of Almeida et al.,39 in turn, focuses on the genes
Per, Cry, Clock, Bmal, Rev-Erb, Dbp, E4BP4, and Ror, and intro-
duces the clock controlled elements E-box, R-box, and D-box. The
system contains eight equations and does not consider differences
between concentrations in the cytoplasm and nucleus. In Eq. (4)
from the article, we varied the production term of Bmal by adjusting
the strength of the activation from Rbox.

The results for models can be seen in Fig. 9. In both cases,
bifurcations were seen when increasing the respective parameters
that control the production of Bmal mRNA. This agrees qualita-
tively with the results in our model, although the modulation depth
changes with α1 more strongly than in our case. The behavior of the
period, on the other hand, differs notably from our case. Specifically,
while the model of Relogio et al. exhibits a substantial robustness in
the period to changes in α1, the model of Almeida et al. displays a
strong dependence of the period on α1, with values that never reach
24 hr for the parameters chosen.

FIG. 7. Stochastic trajectories as parameter α1 is increased. Each window shows a distinct time series with its own set of parameters. All model parameters, except for the
Hill coefficient h, are chosen from a log-normal distribution with a coefficient of 0.5 (as measured from the standard deviation and mean of the underlying normal distribution
in each case. The distributions are centered around the deterministic parameter values, and the standard deviation was adjusted to introduce greater variability.
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FIG. 8. Variability in the oscillations of the stochastic model as a function of α1. Changes in Rev-Erbα concentration (a) and period (b) are shown. The black dots represent
the average minimum and maximum points of the oscillations (a) and their average period (b). The gray bars show the standard deviation of these values.

FIG. 9. Bifurcation analysis of models including the Per–Cry loop. (a) Model from Relogio et al.22 As parameter α1 we chose their parameter V5max, the maximum transcription
rate of Bmal. (b) Model from Almeida et al.39 The parameter α1 used here is a scaling factor multiplying the concentration of Ror in the equation for Bmal.
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VI. DISCUSSION

Here, we used a modified version of the Goodwin model to
simulate a circadian clock. The effect of the mechanotransducer
YAP/TAZ on the robustness of the clock was incorporated by vary-
ing the parameter associated with Bmal expression. Overall, the
results from the model are consistent with experimental results.21

As the concentration of YAP/TAZ increased, the average concen-
tration of Rev-Erbα increased as well. Overall, the results of the
model support the idea that YAP/TAZ concentrations affect the
circadian behavior of mammalian cells via its connection to Bmal.
The model also predicts that circadian oscillations would be lost for
low values of α1, corresponding to cell densities higher than the
basal values considered in the experiments shown in Fig. 1. It is
also worth mentioning that the model predicts a positive correla-
tion between the amplitude and period of circadian oscillations, as
shown in Fig. 3. This correlation, known as twist, has been observed
in other models,40 where it has an impact on the entrainment and
synchronization capabilities of the clock.

Our study required us to modify the original Goodwin model.
Although the standard version of this model (in which all decay
terms are linear) indeed describes an oscillatory system, it fails to
capture all of the aspects of the experiments. The principal issue of
the standard model is that the oscillations continue to be present for
increasing values of α1. Additionally, the period of the oscillations
stays fixed at 24 h no matter how high α1 is raised. Another issue
with the standard Goodwin model is the modulation depth of the
time series, defined as the amplitude of the oscillations divided by
their mean, which provides an idea of how substantial the oscilla-
tions are with respect to the average concentration values. Here, we
have shown that these issues can be addressed by changing the linear
degradation term for Rev-Erbα protein to include a saturation term
[Eq. (3)]. Notably, this also allows for a much smaller Hill coeffi-
cient h in the negative feedback term of X by Z,41 which can now be
decreased from 11 to 2.

There are other ways in which the experimental results of Fig. 1
could be reproduced with our model. Specifically, a dimensional
analysis shows that the model could be rewritten in terms of a
smaller number of free parameters as

dX′

dt′
=

α′

1

1 + Zh
− X, (4)

dY′

dt′
= X − d′

2Y, (5)

dZ′

dt′
= Y −

d′

3Z

1 + Z/S′
, (6)

where all variables and parameters are now dimensionless. In par-
ticular, α′

1 = α1β2β3/(Kd3
1). This indicates that the increase in α1

studied above can be recapitulated by an increase in β2 and/or in
β3 and/or a decrease in K. This can be seen in Fig. 2 in the supple-
mentary material, which shows how varying those four parameters
leads to similar effects on the oscillations, from the point of view
of both their existence and period. Therefore, our analysis cannot
discern between the different parts of the Rev-Erbα transcription-
translation feedback loop, in terms of where in the loop YAP/TAZ

acts. Nevertheless, it does show that interfering with this negative
feedback loop recapitulates the experimental observations. Here, we
chose to interpret our results in terms of mechanical effects on Bmal,
on the basis of the above-mentioned experimental observations that
YAP/TAZ influences that clock protein.29–33

Further work could be done to consider how cells behave in
proximity to other cells through the use of agent-based modeling to
model mechanical effects among fibroblasts. Each cell would con-
tain its own circadian model, regulating the concentrations of Bmal
and Rev-Erbα. Changes in the cellular environment (high or low
cell density) would drive changes in the parameter α1. This could
easily be adapted to respond to other mechanical inputs into the
cell, potentially shedding further light on the interplay between the
mechanical and biochemical regulation of cellular dynamics.

SUPPLEMENTARY MATERIAL

See figures in the supplementary material for the effect of the
nonlinear degradation of Z on the dynamics of the Goodwin model
and the influence of other model parameters besides α1 (K1, β2, and
β3) on the bifurcations described in the paper.
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