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Building on the phenomenological and microscopic models
reviewed in Part |, this second part focuses on network-level
mechanisms that generate emergent temperature response
curves. We review deterministic models in which temperature
modulates the kinetics of coupled biochemical reactions, as
well as stochastic frameworks, such as Markov chains, that
capture more complex multistep processes. These ap-
proaches show how Arrhenius-like temperature dependence
at the level of individual reactions is transformed into non-
Arrhenius scaling, thermal limits, and temperature compen-
sation at the system level. Together, network-level models
provide a mechanistic bridge between empirical temperature
response curves and the molecular organization of biological
systems, giving us predictive insights into robustness, per-
turbations, and evolutionary constraints.
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Introduction

In Part I of this review, we surveyed phenomenological
models that can describe biological temperature
response curves, together with microscopic single-

reaction-level theories that derive temperature depen-
dence from physical and chemical principles
(Figure la—b). While these approaches clarify how
temperature affects individual processes and observed
rate curves, they do not capture how system-level
temperature responses emerge from interactions
among multiple reactions and regulatory interactions.

Here, in Part II of this series, we focus on network-level
mechanisms that generate emergent temperature
dependence in biological systems (Figure 1b). In such
models, temperature modulates not only individual re-
action rates, but also the collective dynamics of inter-
connected pathways, feedback loops, and multistep
processes. We consider two complementary classes of
network-level descriptions. Deterministic models use
coupled differential equations to describe how tem-
perature shapes the dynamics of biochemical networks,
while stochastic models (for instance formulated as
Markov chains) capture the role of fluctuations, multi-
step transitions, and statistical structure in determining
system-level timing and rates.

Together, these network-level frameworks show how
simple Arrhenius-like temperature dependence at the
level of individual reactions can give rise to complex,
non-Arrhenius temperature response curves at the
system level (Figure 1a). By explicitly linking empirical
temperature responses to network organization and
dynamical structure, these models provide mechanistic
insights into robustness, temperature compensation,
and the constraints governing biological timing
across scales.

Deterministic network models

Mechanistic reaction—rate theories explain why partic-
ular functional forms arise at the level of single
biochemical steps, but they typically treat each reaction
in isolation. By contrast, biological systems rely on reg-
ulatory networks, including feedback loops, switches,
and oscillatory modules. The temperature dependence
of such a network cannot be inferred directly from the
properties of local reactions. This motivates dynamic
network—obased models, in which temperature affects the
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Figure 1
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Temperature influences biological systems across scales and can
be described using different classes of models. (a) Conceptual
illustration of Arrhenius and non-Arrhenius behavior. In an Arrhenius plot
(log rate versus 1/T), simple reactions follow a straight line, whereas
biological processes typically show curvature and thermal limits (Tmin,
Tmax)- (b) Overview of modeling frameworks used to describe tempera-
ture responses, organized by level of description. Phenomenological
models provide empirical fits to observed rate—temperature curves, while
microscopic models derive rate—temperature relationships from reaction-
level kinetics. At a higher level, network-level models—either determin-
istic or stochastic—capture how temperature affects coupled biochemical
or regulatory systems. The phenomenological and microscopic ap-
proaches form the focus of Part | [1], whereas deterministic and sto-
chastic network models are the focus of this work in Part II.

parameters of a coupled system of ordinary differential
equations (ODEs), and emergent properties arise from
their collective nonlinear structure.

In deterministic network models, synthesis, degrada-
tion, activation, inhibition, and binding rates are all
explicit temperature-dependent parameters. Even

when each individual step follows a simple Arrhenius or
Eyring form, the nonlinear interactions among compo-
nents can produce strongly non-Arrhenius system-level
behavior. These models allow one to quantify how
temperature reshapes nullclines, fixed points, and
bifurcation structure. For example, temperature-
dependent changes in feedback strengths or reaction
time scales can shift Hopf bifurcations, alter oscillation
periods, suppress or induce oscillatory regimes, or
generate partial temperature compensation.

Because these ODE models have a well-developed
mathematical theory, they provide a natural framework
for studying how networks respond dynamically to
temperature changes. Bifurcation analysis, eigenvalue
spectra, slow—fast decompositions, and phase—plane
geometry offer mechanistic insights into how tempera-
ture alters stability, timing, and oscillatory dynamics.
Such features cannot be deduced from microscopic re-
action kinetics alone.

In the following, we illustrate this through two repre-
sentative cases: temperature scaling in the early em-
bryonic cell cycle oscillator and temperature
compensation in chemotaxis and circadian clocks.

Temperature scaling in an embryonic cell cycle
oscillator

A minimal and well-characterized example of a
temperature-sensitive biochemical oscillator is the early
embryonic cell cycle of the frog Xenopus laevis. Entry into
mitosis (M phase) and exit back into interphase are
controlled by the kinase cyclin-dependent kinase 1
(Cdk1l), which becomes active only when bound to
Cyclin B and appropriately (de)phosphorylated. Active
Cyclin B—Cdk1 drives mitotic events and promotes
Cyclin B degradation, completing a negative feed-
back loop.

The core regulatory architecture therefore consists of
Cyclin B synthesis, its Cdkl-dependent degradation,
and a bistable switch controlling Cdkl activation
(Figure 2a). Together, the slow accumulation and
degradation of Cyclin B and the fast switching of Cdk1
form a classic relaxation oscillator. In its simplest
formulation, this system can be described by a two-
variable ODE model for Cyclin B and active Cdkl1
[1,2]. The model reproduces the characteristic
sawtooth-like Cyclin B dynamics and sharp Cdk1 acti-
vation pulses seen in extracts (Figure Zb). In the phase
plane, the Cdkl1 activation module forms an S-shaped
nullcline, and its intersection with the Cyclin B null-
cline gives rise to an unstable state (US) around which a
limit cycle emerges (Figure 2c¢).

To investigate temperature scaling, Arrhenius laws can
be assigned to the kinetic rates governing Cyclin B
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Figure 2
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Temperature response of biological oscillators. (a)-(d): Temperature scaling in the early embryonic cell cycle. (a) Core regulatory architecture of
the Xenopus embryonic cell-cycle oscillator: Cyclin B synthesis (ks), Cdk1-dependent degradation (k), and a bistable activation module governing the
switch-like transition between interphase and mitosis. (b) Characteristic sawtooth-like Cyclin accumulation and sharp Cdk1 activation pulses reproduced
by the minimal two-ODE model of Yang et al. [1] (adapted from Rombouts et al. [2]). (¢) Phase plane of the two-variable model showing Cyclin and Cdk1
nullclines, the unstable steady state (US), and the emergent relaxation-type limit cycle. (d) Temperature scaling arises from differing activation energies
of synthesis (ks) and degradation (ky): Arrhenius plots for the two rates (left) and the corresponding nonlinear, non-Arrhenius dependence of the model-
predicted oscillation period (right). (e)-(h): Temperature compensation in a Goodwin-type circadian oscillator. (€) Minimal transcription—translation

feedback architecture underlying temperature-compensated circadian rhythms [3,4]. (f) Example time series of X and Z generated by the Goodwin

oscillator, showing robust 24-h rhythms. (g) Phase portrait of the Goodwin system, illustrating the X and Z nuliclines, the unstable steady state (US), and
the resulting limit cycle. (h) Temperature affects the synthesis rates (ky, ky, k;) more strongly than degradation. Because the period is governed primarily
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synthesis (4;), degradation (£;), and Cdk1 activation and
inactivation. Even this minimal two-ODE system is
sufficient to explain non-Arrhenius period scaling. When
individual reactions have different activation energies
(Figure 2d), the ratio 4/%; changes with temperature,
shifting the Cyclin B nullcline in the phase plane. If 4
increases more steeply with temperature than £, the
Cyclin B nullcline moves upward. At high-enough tem-
peratures, the nullclines cease to intersect on the
middle branch of the Cdk1 nullcline, the US disappears,
and the limit cycle collapses into a high-Cdk1 fixed
point (persistent M phase). Conversely, at low temper-
atures, the system becomes trapped in a low-Cdkl
interphase-like state. These bifurcations generate
thermal limits and a curved, non-Arrhenius
period—temperature relation (Figure 2d).

Experimental measurements in cycling Xenopus egg ex-
tracts support this mechanistic picture [2]. Within the
viable embryonic temperature range, the rising (inter-
phase) and falling (M-phase) segments of the oscillation
scale differently with temperature, consistent with
Cyclin B synthesis being more temperature-sensitive
than its degradation. This difference largely explains
the non-Arrhenius scaling of the total period in the
physiological range.

Temperature compensation in chemotaxis and
circadian clocks

The embryonic cell cycle oscillator illustrates how dif-
ferences in activation energies among reactions naturally
generate non-Arrhenius scaling and thermal limits. In
contrast, some biological oscillators maintain nearly
constant period across a broad temperature range. Un-
derstanding this temperature compensation requires
analyzing how network structure and feedback can
counteract the intrinsic temperature sensitivities of in-
dividual reactions.

Temperature—robust signaling has been documented in
several systems. In Escherichia coli chemotaxis, receptors
in different modified states respond oppositely to tem-
perature changes, and the antagonistic enzymes CheR
and CheB display similar temperature dependencies.
Together with temperature-adjusted enzyme synthesis
and degradation rates, these effects maintain a stable
signaling output across the physiological range [5].
While not an oscillator, this system illustrates the gen-
eral principle that compensation can arise from coun-
terbalancing temperature influences embedded in a
regulatory network.

Circadian clocks provide another striking example
because here the compensatory mechanisms must not
just preserve steady signaling levels, but also the period

of a 24 -h rhythm. Temperature-independent circadian
periods were first noted in classic work on the fiddler
crab [6] and the fruit fly [7]. One noticed that daily
rhythms in locomotor activity and color changes in the
crab and daily emergence of adult flies from pupae,
persisted with almost constant period despite temper-
ature variation.

Early mechanistic proposals by Hastings and Sweeney
suggested that opposing biochemical reactions within
the clock could have counterbalancing temperature re-
sponses [8,9]. This idea motivated a series of mathe-
matical models in which different parts of the
transcription—translation feedback loop scale differ-
ently with temperature [10—12]. However, perfect
compensation of temperature dependencies is not
robust to parameter variation or genetic perturbations.

Francois, Despierre, and Siggia analyzed temperature
compensation  in  the classic = Goodwin-type
transcription—translation oscillator [3,4]. The core ar-
chitecture (Figure Ze) consists of a negative-feedback
loop in which a transcription factor drives production
of an mRNA X; the mRNA is translated into a protein Y,
and this protein can be further converted into a second
form Z that feeds back to repress transcription of X.
This minimal three-variable loop generates robust 24-
h oscillations (Figure 2f—g), and a well-defined limit
cycle in phase space. In this formulation, temperature
primarily affects the production (synthesis) rates of X, Y,
and Z, whereas the degradation rates play the dominant
role in setting the oscillation timescale. Because the
period depends almost exclusively on the degradation
steps, the model exhibits a form of temperature
compensation whenever the degradation rates are
effectively temperature independent—even if synthesis
accelerates with temperature. As shown in Figure 2h,
increasing temperature strongly affects the production
rates, yet the period remains close to 24 h.

However, degradation rates are not typically tempera-
ture independent. To address this limitation, they pro-
posed a more robust and biologically plausible
mechanism based on adaptive buffering [3,4]. In their
formulation, the molecular components of the oscillator
do not exist in a single functional form, but instead
occupy multiple interconverting states, interpretable as
distinct mRNA isoforms or post-translationally modified
protein species. These interconversion reactions occur
on a timescale comparable to temperature-sensitive
synthesis and degradation. As temperature changes,
the balance between these states shifts, and because
each state contributes differently to the repression of
transcription, this redistribution adjusts the effective
feedback strength. In this way, the oscillator buffers the

by degradation, scaling only the production terms with temperature leaves the oscillation period nearly constant. Cdk1, cyclin-dependent kinase 1; ODE,

ordinary differential equation.
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temperature dependence of the underlying biochemical
rates and achieves robust temperature compensation
without requiring fine-tuning of parameters. Kidd,
Young, and Siggia experimentally confirmed these pre-
dictions by measuring temperature responses in
Drosophila fly and mammalian systems [4]: perturbing
the modification cycle disrupted compensation, whereas
manipulating synthesis rates alone did not.

Recent work by Fu et al. further generalized these re-
sults, showing that such adaptive modification cycles are
not model specific but represent a generic design prin-
ciple of nonlinear oscillators with period-lengthening
reactions [13].

Influence of network structure

The oscillator case studies mentioned earlier already
show that temperature responses are shaped by network
architecture and not only by the temperature depen-
dence of individual reactions. The deterministic
network wiring determines (i) which processes lie on
the effective delay/slow manifold and (ii) which
parameter combinations enter the period-setting feed-
back gain. A useful language for organizing these design
principles is that of nerwork motifs, which are recurrent
small subgraphs such as negative feedback loops and
feedforward loops that implement stereotyped dynam-
ical functions in transcriptional and signaling networks
[14—17]. Throughout this subsection, we use temper-
ature compensation to mean near-invariance of the
oscillation period and temperature robustness more
broadly to include stability of other dynamical features
(e.g. amplitude, transient waveforms, or
noise sensitivity).

In oscillatory systems, motifs rarely appear in isolation:
biologically realistic clocks often combine a delayed
negative feedback backbone with additional positive
feedback and/or post-translational modification cycles
that reshape effective nonlinearity and delay [18,19].
In particular, a recent systematic comparison of mini-
mal circadian oscillator motifs showed that a pure
negative feedback  (Goodwin-type)  architecture
(Figure 2e) tends to vyield the best temperature
compensation of the period, whereas introducing posi-
tive feedback can improve robustness of the oscillation
period to extrinsic noise. Moreover, combining positive
and negative feedback can reduce the temperature
dependence of noise sensitivity compared to either
loop alone [19].

This motif-level trade-off links naturally to classic
control—theoretic  perspectives: (i)  temperature
compensation can emerge from balancing period-
increasing and period-decreasing processes (‘antago-
nistic balance’) [20] and (i1)) motifs that implement

Temperature responses in biology: part Il Jacobs et al. 5

(approximate) integral control can generate adaptation/
insensitivity properties that resemble compensation in
the appropriate input/output mapping [21]. Comple-
menting these theoretical views, measurements of ca-
nonical motifs show that temperature robustness can
depend strongly on operating regime: for example,
strengthening a negative feedback loop can reduce the
temperature sensitivity of transient timing, but at a
performance cost (lower expression/dynamic range), and
coherent feedforward loop behavior exhibits analogous
robustness—performance trade-offs [22].

In circadian clock models for plants (which are typically
multiloop transcriptional networks), the scanning of
broad parameter sets has led to the finding that
temperature-robust solutions are enriched for strongly
repressive interactions, autoregulation, and three-node
feedback loops [23]. This complements motif-by-
motif oscillator comparisons by showing that robust-
ness can be associated with specific wiring patterns
across large regions of parameter space.

Finally, even when two oscillators share a similar
coarse-grained architecture, where time delays and
feedback exist in the network, can alter the
temperature-response outcomes. Both the embryonic
cell cycle oscillator (Figure 2a—d) and circadian models
(Figure 2e—h) have a similar network architecture,
combining negative feedback with additional regula-
tory steps that change the effective feedback strength
[24]. However, the consequences for temperature re-
sponses differ. In the circadian model, the intercon-
version between protein states occurs on timescales
comparable to the temperature-sensitive synthesis and
degradation reactions, allowing redistribution between
isoforms to buffer temperature-induced changes and
stabilize the period [25]. In the embryonic cell cycle
oscillator, by contrast, the dominant slow process is
Cyclin B accumulation, whereas the switch between
Cdkl states is very fast. This strong timescale sepa-
ration means that changes in the relative temperature
sensitivities of synthesis and degradation directly shift
the nullclines and hence the period, decreasing the
internal buffering. Thus, despite similarities in
network structure, differences in relative timescales
and in how feedback is routed lead to very different
temperature responses.

Stochastic network models

Stochastic network models represent biological pro-
cesses as proceeding along a complex directed graph
where the nodes represent states and the edges transi-
tions. Assigning to each edge a temperature-dependent
transition rate, this becomes a continuous time Markov-
jump process. For a given process, one can then use the
master equation to compute the distribution of first-
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passage times between a given initial and final state
[28]. Most importantly, the first-order moment of this
distribution, the mean first-passage time (MFPT), can
then be equated to the inverse of the rate at which the
process proceeds, while higher-order moments are
usually expected to be minimized [29]. This allows to
explicitly derive how temperature-scaling laws emerge
from stochastic network topology.

Generic temperature response of networks

Recent work has first established this statistical frame-
work for the generic temperature dependence of large
biochemical networks which are stochastic and for
which each rate follows an Arrhenius law [26]. We note
that even at the level of individual reactions, the
Arrhenius form derived from Kramers’ theory relies on
the assumption of sufficiently large energy barriers.
When barriers become comparable to thermal fluctua-
tions, this approximation breaks down and non-
Arrhenius scaling can arise already at the single-
reaction level, as shown using MFPT approaches [30].
Starting from the master equation of a time-continuous,
space-discrete Markov process, the analysis uses the
graph-theoretic representation of the MFPT to a target
state [31]. The overall rate 7 is the inverse MFPT, and
its temperature dependence In7(7) can be expanded in
a Taylor series whose coefficients are related to the
distributions of the total activation energies along the
spanning trees £7 and spanning forests of two trees £r
of the stochastic network (see Figure 3a) according to
the following expression:

Inr(7) = Z (_”1|) (KffT

n=1

— K,[,’:f)Aﬁ” + const ., (1)

where K”ET and K”Ef denote the #-th cumulants of the dis-

tributions of K7 and Er, respectively. Here, Aﬁ:z#—

ﬁ, with 7* being a reference temperature at which the
activation energies and the prefactors of the Arrhenius
equations can be treated as statistically independent.
Biologically, 7* corresponds to the temperature to which
the organism has evolutionarily adapted.

This result is valid for networks of any size and explains
why biochemical networks often deviate from a simple
linear Arrhenius relationship as higher-order cumulants
introduce systematic curvature in the Arrhenius plot. To
predict the temperature response of a complex network,
one has to characterize the total activation energy dis-
tributions of the spanning trees and spanning forests.
Viewing the individual activation energies as indepen-
dent random variables, the central limit theorem pre-
dicts that in the limit of large networks, the total
activation energies approximate a normal distribution as
they are the sum of many of these individual activation
energies. Then all cumulants of order » > 3 vanish,
resulting in a quadratic shape in the Arrhenius
plot (Figure 3b)

2 _ 2
In A7) = (E)y —(E)r)AB + 7T TF NG + const,

2
(2)

where (£) and ¢% denote the means and variances of the
respective energy distributions. This prediction agrees well
with simulations of random networks and published
developmental-rate data in flies which have previously
been fitted by the phenomenological quadratic exponential
described in Part I [32—34]. This limit requires that the
difference in the activation energies along the trees and the
forests remains distinct in the large network limit, typically
assured by a bias in the activation energies for rates
toward the target state. Moreover, it is only fully valid if the
network is sufficiently complex to have a macroscopic
number of spanning trees and forests.

A linear cascade of reversible transitions

The master equation approach has also been applied to a
specific, and analytically tractable, network topology: a
linear chain of # reversible transitions (Figure 3c) [27].
Such cascades provide a reasonable representation of
many multistep biochemical processes. However, since
they have only one spanning tree, they do not fulfill the
requirements leading to the result in Eq. (2) [26]. Still,
the analysis of this model reveals that, even in this case,
the generic quadratic exponential arises. Additionally, it
shows how and why this quadratic scaling can break
down at extreme temperatures.

Each individual step follows an Arrhenius law with a
randomly distributed activation energy. At the reference
temperature 79, the cascade is assumed to be forward
biased, meaning that forward rates are, on average, larger
than backward rates. Computing the MFPT, for
example, via the technique described in the previous
section [31], from the initial to the final state shows that
the overall temperature dependence of the rate falls into
three regimes.

In the physiologically relevant range around 79, the
many forward transitions collectively dominate the
MFPT. By the law of large numbers, the sum of their
activation energies approaches a normal distribution.
Just as in Eq. (2), this leads to a quadratic exponential
scaling for the overall rate

2
OZE AB? +1n

In7(T) = (E)AB + (3)

o
a/m)

where E and r/if, respectively, denote the activation en-
ergies and forward rates of individual steps at 7* and ( ... )
and ¢° their mean and variance.

At low temperatures, however, the system undergoes a
sudden transition. As backward reactions become
comparably faster, the system spends an increasing

Current Opinion in Systems Biology 2026, 44:100578
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Temperature response of stochastic network models. (a) Schematic representation of a generic stochastic biochemical network, where individual
transitions follow Arrhenius temperature dependence. Mean first-passage times can be expressed in terms of spanning trees (7) and spanning forests
(F), whose total activation energies determine the cumulants entering the Taylor expansion of Inr(T) [26]. (b) In large networks, the distributions of E+
and Ex become approximately Gaussian, causing all cumulants of order n > 3 to vanish and yielding a quadratic exponential dependence of the log-rate
on inverse temperature. (¢) A linear cascade of reversible reactions provides an analytically tractable example illustrating the emergence and breakdown
of the quadratic exponential [27]. Near the reference temperature T*, forward-biased transitions dominate and collectively generate the generic quadratic
form. At extreme temperatures, however, individual critical cycles control the mean first-passage time. (d) Resulting triphasic temperature response.

Around T*, the rate follows the quadratic exponential predicted for large networks, while below T, and above T_ the rate reverts to Arrhenius behavior

with positive and negative effective activation energies, respectively.

amount of time in cycles of forward and backward re-
actions before reaching the final state. Below a critical
temperature 7, a single cycle dominates the MFPT. In
this regime, the rate scales Arrhenius-like with a large
positive activation energy that depends on the sum and
difference of the activation energies within this crit-
ical cycle.

A similar breakdown of the quadratic exponential occurs
at high temperatures. Above a second critical tempera-
ture 7', one cycle again dominates the MFPT leading to
an overall rate that follows the Arrhenius law. However,
in this regime, the effective activation energy becomes
negative. The critical temperatures separating the three

regimes are as follows:
Ry/—In ((r]’?/r}j})
+ : )
E

1+ oE

where r’fk/rz is the ratio between individual forward and
backward reaction rates at the reference temperature.

"Together, these results show that the linear cascade
exhibits an asymmetric triphasic temperature response:
(1) a quadratic exponential near the reference temper-
ature 7°; (ii) an Arrhenius regime with positive activa-
tion energy below 7°_; and (iii) an Arrhenius regime with
negative activation energy above 77 (Figure 3d). This
combined scaling law accurately captures the tempera-
ture dependence of a diverse set of biological processes
when fitted to more than 100 datasets that span species,
traits, and timescales [27].

Discussion and conclusions

Biological processes exhibit diverse temperature re-
sponses across scales, yet many of their large-scale fea-
tures arise from shared physical and organizational
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principles. In Part I of this review, we showed how
phenomenological  descriptions and  microscopic
reaction-level theories capture robust regularities in
rate—temperature relationships and clarify why de-
viations from simple Arrhenius behavior are common.
Here, in Part II, we have focused on how these local
temperature dependencies are transformed by network
organization into emergent system-level tempera-
ture responses.

Network-level models demonstrate that temperature
does not merely rescale individual reaction rates, but
reshapes collective dynamics through feedback,
branching pathways, timescale separation, and multi-
step processes. Even when each microscopic reaction
follows a simple Arrhenius law, nonlinear interactions
can generate curved Arrhenius plots, thermal limits,
temperature compensation, or regime shifts. In this
sense, non-Arrhenius system-level behavior is not an
exception but a generic consequence of network struc-
ture and dynamical organization.

Deterministic and stochastic network descriptions pro-
vide complementary perspectives on this emergence.
Deterministic models, formulated as systems of ODEs,
offer mechanistic insights into how temperature alters
phase—plane geometry, bifurcations, and oscillatory re-
gimes. Stochastic models, by contrast, capture the sta-
tistical structure of multistep processes and reveal
generic scaling laws for timing and rates, particularly in
systems where fluctuations and rare events dominate.
MFPT frameworks show how universal temperature
responses can arise from the aggregation of many
Arrhenius-governed transitions and why such scaling can
break down at extreme temperatures. Several phenom-
enological observations that we emphasized in Part I,
such as quadratic scaling near the optimum and asym-
metric thermal limits, emerge naturally from the
network-level mechanisms reviewed here.

Together, the approaches reviewed in this two-part
review series highlight that biological temperature re-
sponses reflect an interplay between local reaction
physics and global network organization. A key direction
for future work is to integrate measurements across
scales, linking activation energies and molecular transi-
tions to pathway topology, dynamical regimes, and
physiological performance. Such multiscale approaches
will be essential for understanding evolutionary adap-
tation and thermal robustness, predicting responses to
fluctuating or warming environments, and ultimately for
engineering temperature-sensitive or temperature-
robust biological functions.

Data and code availability
All original modeling code has been deposited at the
Gelens Lab  Gitllab  [https://gitlab.kuleuven.be/

gelenslab/publications/temperature-review]  and  is
publicly available as of the date of publication.

Declaration of generative Al and Al-
assisted technologies in the manuscript
preparation process

During the preparation of this work, the authors used
ChatGPT in order to get feedback on grammar and
phrasing. After using this tool, the authors reviewed and
edited the content as needed and take full responsibility
for the content of the published article.

Declaration of competing interest

"The authors declare that they have no known competing
financial interests or personal relationships that could
have appeared to influence the work reported in
this paper.

Acknowledgements

The work is supported by grants from Internal funds KU
Leuven (C14/23/130, L.G). J.B.V. thanks the German
Academic Scholarship Foundation (Studienstiftung des
Deutschen Volkes) and U.S.S., the Max Planck School
Matter to Life, which is funded by the Dieter Schwarz
Foundation and the Max Planck Society.

Table of acronyms and technical terms

Table |

Alphabetical table of acronyms and technical terms used in the
main text and their meaning.

Term Meaning

Cdk1 Cyclin-dependent kinase 1
(protein)

CheB Methylesterase (protein)

CheR Methyltransferase (protein)

M phase Mitosis

MFPT Mean first-passage time

ODE Ordinary differential equation

us Unstable state

Mathematical details on the oscillator
models

A. The embryonic cell cycle oscillator

The embryonic cell cycle can be described by a minimal
two-variable oscillator that tracks the concentration of
Cyclin B and the activity of the Cyclin B—Cdk1 complex
(cdk1,). Following the reduced formulation of Ref. [2],
Cyclin B is produced at a constant rate and degraded
through Anaphase Promoting Complex/Cyclosome
(APC/C) when Cdkl1 activity becomes sufficiently high,
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while Cdk1 activation and inactivation are governed by
fast ultrasensitive feedbacks.

The dynamical equations are as follows:

d
Y b by dledkl,] cye, (5)
ar
k1, .
€ u’c% = #,alcdkl,](cyc — cdkl,) — 4;i[cdkl,] cdkl,.
a

(6)

The ultrasensitive activation, inhibition, and APC/C—
activation functions are given by the following expression:

x*Cde2s

K(’é:jdcél‘, + xfcdezs’

(7)

alx] = acdezs + badezs

K Weel
Weel

K\'{;gifi + ftWeer? (8)

Z[X] = awWeel + OWeel

xﬂAPC
d[x] = axpc + bApC Tame o
s K?l,\})(,; + x7APC
APC

)

For biologically realistic parameter choices, the system
exhibits robust limit-cycle oscillations with a period of
~30 min, characteristic of early embryonic cleavage
cycles. In phase space, oscillations arise from slow Cyclin
B accumulation followed by a rapid Cdkl activation
jump on the middle branch of the S-shaped Cdkl
nullcline, after which APC/C activation drives a fast
relaxation phase.

Temperature dependence of the biochemical rates is
introduced using Arrhenius scaling:

KT) = [’(To)exp[—% G_llo” (10)

with reference temperature

T, = 18°C = 291 K.

Only the four core rate constants 4, £, #, and #; are
assigned nonzero activation energies; all ultrasensitive
functions are treated as temperature independent. The

parameters for the example shown in Figure 3(a)-(e) are
listed in Table II.

B. The Goodwin-type circadian oscillator

The Goodwin-type circadian oscillator shown in
Figure 3e is governed by the following reac-
tion equations:

Temperature responses in biology: part Il Jacobs et al. 9

Table Il

Parameters used for the embryonic cell cycle oscillator at the
reference temperature T, = 18 °C. Only the core biochemical
rate constants carry Arrhenius temperature dependence.

Parameter Value at T E, (kJ mol™)
ks 1.25 nM min~" 80
Ky 0.1 min~’ 30
Ka 1 min™" 50
ki 1 min~" 60
€ 0.1 0
acdc25 0.2 0
bcdezs 0.8 0
Kcdces 30 nM 0
Ncde2s 10 0
Aweet 0.1 0
bweet 0.4 0
KWee1 30 nM 0
Nweet 5 0
aapc 0.1 0
bapc 0.9 0
Kapc 30 nM 0
Napc 15 0
dX 1
o = o X (11)
dY
& = bX =Y, (12)
dz
5 = kY —dZ, (13)

where £y, £, £. and d,, d), d, are the synthesis and degra-
dation rates, respectively, and # is a Hill coefficient with
typical values # = 8—10 for the Goodwin oscillator. Here,
7 = 9 is used as in Ref. [3].

Introducing rescaled variables:

1

b\
X = %%Z X, (14)
fodo \ T
XKy n+
= Y 1
y </€g ) ) (15)
1
2 = (bxkykz)nt1Z, (16)

in the limit g >> 1, the dynamical equations read as follows:

dx 1
SL S 1
4 o dyx (17)

www.sciencedirect.com
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d
S = x—dy, (18)
dz

meaning that the oscillation period only depends on the
degradation rates dy, d), d,, whereas the synthesis rates
ky, ky, £, only affect the amplitude. So, if the degradation
rates are temperature independent, one gets an oscil-
lation with a robust period.

As in the embryonic cell cycle model, temperature

dependence is introduced through Arrhenius scaling of
the synthesis rate constants:

B, <L_L)
b= k(T =Tpe "\ "), (20)

where 7 is a reference temperature at which the rates are
specified. The parameters for the example shown in
Figure 3f-h are listed in Table III.

Table Il

The parameters used for the temperature compensated
Goodwin-type model. The scale k = 0.788 h~' was chosen such
that the period of one oscillation corresponds to a value of 24 h.
The reference temperature was set as T, = 305 K.

rate value at T E, (kJ mol™)
Ky K 20

ky, K 40

Kk, K 60

dy 0.2k 0

d, 0.2x o

d, 0.2k 0
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