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Virtually every biological rate depends on temperature yet the 
resulting rate–temperature relationships often deviate 
strongly from simple Arrhenius behavior. In this first part of a 
two-part review, we survey phenomenological models used to 
describe biological temperature responses across scales, 
from enzymatic reactions to organismal performance. We 
discuss common functional forms, including symmetric and 
asymmetric thermal performance curves and extensions of 
the Arrhenius law, and we highlight how these models define 
operational quantities such as optimal temperatures, thermal 
breadths, and thermal limits. We also discuss microscopic 
models for the effect of temperature, which, however, do not 
capture cooperative effects. In Part II of this review, we will 
discuss how system-level temperature-response curves 
emerge from the interaction of many underlying reactions.
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Introduction
Temperature sets the pace of life by modulating mo-

lecular stability, diffusion constants, reaction rates, and 
material properties. From enzymatic catalysis to

developmental timing, virtually every biological process 
depends on temperature [1—5]. However, our under-

standing of the relevant mechanisms is not complete, 
which makes it difficult to understand how temperature 
shapes biological function across scales, ranging from the 
motion of individual molecules and the performance of 
biochemical reactions and their networks to the physi-

ology of organisms and the behavior of ecosystems 
(Figure 1a) [6—10].

Because virtually every biologically relevant process 
depends on temperature, even modest temperature 
changes can have strong physiological effects. Many 
biological systems, guided by the biochemical adapta-

tion strategies [13], have therefore evolved mechanisms 
of temperature compensation, such as circadian clocks 
[14—26] and bacterial chemotaxis [27,28], that main-

tain function across environmental fluctuations. Other 
systems exploit temperature variations to affect a 
desired functional response as in fever-mediated 
immune responses [29] or in temperature-dependent 
sex determination [30—36]. Many species employing 
the latter strategy, such as many reptiles and some fish, 
are increasingly threatened by climate change [37—40]. 
These evolutionary adaptations prove the importance of 
temperature effects in biological systems, but in order to 
understand how they work, one needs to develop a 
mechanistic understanding of the effect of temperature 
on biological systems.

Definition of temperature
From the materials point of view, biological systems are 
complex fluids with an aqueous solvent and thus their 
temperature T is defined like for any thermodynamic 
system, namely as conjugate quantity to entropy S. 
Therefore, energy in the form of heat is written as dE = 
TdS and temperature is defined by 1/T = dS/dE, with 
other state variables (such as particle number N and 
volume V) held constant [41]. This definition makes 
sure that two systems at equilibrium will attain the same 
temperature T and that out of equilibrium heat will flow 
from the warm to the cold system. For an ideal gas, for 
which each of the N particles carries only kinetic energy 
E = mv 2 /2, one can calculate the energy-dependent part 
of the entropy to be S = Nk B ln E 

3/2 , where k B is the
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Figure 1

Temperature influences biological systems across scales and its effect can be described using different classes of models. (a) Temperature 
acts from the level of biomolecules and biochemical reactions and their networks to organisms and ecosystems. (b) Examples of empirical 
rate–temperature relationships: growth rates of a Microcystis aeruginosa cyanobacteria colony [11] and cleavage rates during early development of 
Danio rerio zebrafish embryos [12]. Both exhibit strong, nonlinear temperature dependence. (c) 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, an
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Boltzmann constant. The factor 3 arises because we live 
in a three-dimensional world, while the factor 2 arises 
from the quadratic energy relation. Calculating the de-

rivative dS/dE, setting it equal to 1/T and solving for T, 
one gets E = 3 Nk B T/2. This result is an example of the 
equipartition theorem from statistical physics, which 
states that each degree of freedom (3N for the ideal gas, 
where each particle can move in three directions) carries 
half the thermal energy k B T. For biological systems at 
room or body temperature, thermal energy is k B T = 4.1 
10 − 21 J. In computer simulations of biological systems, a 
certain value of temperature T usually is fixed by 
assuming that it is connected to a heat reservoir and by

adjusting kinetic energies such that velocity

v =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅
k B T=m

√ 
for each direction of space [42]. In this 

review, we assume that temperature has exactly this 
thermodynamic role of fixing the energy level in 
the system.

Because temperature determines the level of kinetic 
energy of the biomolecules, it also determines their 
diffusion constant, which arises from the frequent 
collisions with solvent molecules and other bio-

molecules. This is captured by the Einstein relation D
= μk B T, where μ is the mobility and usually taken to be

μ = 1/6πηR as derived from the Stokes equation, with

η viscosity and R the hydrodynamic radius. For bio-

molecules with nanometer-scale dimensions in 
aqueous solution at body temperature, D is typically on 
the order of μm 2 /s. Experimental studies in E. coli have 
confirmed the fundamental validity of the 
Stokes—Einstein relation for biological systems [43]. 
Because biological cells work at relatively high tem-

peratures, their diffusion constants are large and lead 
to frequent encounters between the biomolecules, 
which is essential for biochemical function and ensures 
that biological systems can quickly respond to envi-

ronmental changes [44,45]. If nonequilibrium pro-

cesses increase the energy level in the system, the 
Einstein relation can also be used to define an effec-

tive temperature T eff = D/μk B . Such effects have been

demonstrated for single molecules [46], the cyto-

skeleton [47] and the plasma membrane [48], but here 
we only discuss cases in which the equilibrium defi-

nition of temperature applies.

Beyond the Arrhenius law
Another fundamental effect of temperature is that it 
modulates reaction rates. Elementary chemical re-

actions typically follow an Arrhenius law, with reaction

rates increasing exponentially as inverse temperature (1/ 
T) decreases [49,50]:

r(T ) = Ae− 
E a
RT ; (1)

where E a is the activation energy and A the pre-exponential 
factor. The molar gas constant R = k B N A is the molar 
equivalent to the Boltzmann constant and N A is the 
Avogadro constant. Strikingly, many biological processes 
show characteristic departures from this simple behavior: 
rates rise slower than expected with increasing tempera-

tures, reach an optimum, and then decline (Figure 1b). 
These deviations from simple Arrhenius scaling are 
commonly visualized as rate—temperature curves, which 
describe how a biochemical or cellular rate (e.g. an enzyme 
reaction, a developmental step, a cell-cycle event) varies 
with inverse temperature. At the organismal and ecological 
levels, analogous relationships are also known as thermal 
performance curves (TPCs) [51—60]. TPCs extend the 
concept of rate—temperature curves to higher-level traits 
such as growth, fecundity, locomotor performance, 
behavior, or survival, quantities that emerge from the 
integration of many underlying physiological processes. As 
representative examples, in Figure 1b, we show measured 
rates for the growth of a Microcystis aeruginosa cyanobacteria 
colony [11] and the cleavage rates during early develop-

ment of Danio rerio zebrafish embryos [12]. Despite span-

ning different biological scales, both types of curves are 
typically summarized by maximal performance rate r o ,
optimal temperature T o, thermal breadth W, and the lower

and upper thermal limits (T min , T max ) (Figure 1c).

A wide variety of mathematical models have been pro-

posed to connect temperature input to systems output 
(Figure 1d). These models differ primarily in the level of 
description at which temperature dependence is repre-

sented. Phenomenological models aim to flexibly repro-

duce observed temperature-response curves using 
empirical functional forms. Microscopic models derive 
temperature dependence from chemical or physical 
principles governing individual reactions, such as barrier 
crossing or enzyme stability, but treat these processes in 
isolation. At a higher level, network-level models―both 
deterministic and stochastic―describe how temperature 
modulates the dynamics of interacting biochemical 
pathways and regulatory architectures [61,62]. Figure 1d 
applies these different modeling approaches to experi-

mental measurements of zebrafish early cleavage dura-

tions [12], illustrating that phenomenological, 
microscopic, and network-level models can each repro-

duce temperature-dependent timing in a real biological

optimum temperature T o , a maximal rate r o , and thermal limits (T min , T max ). (d) (Left) Overview of modeling frameworks used to describe temperature 
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 deterministic or stochas-
tic—capture how temperature affects coupled biochemical or regulatory systems. The phenomenological and microscopic approaches form the focus of 
Part I, whereas deterministic and stochastic network models are the focus of Part II. (Right) All four approaches are illustrated by fitting the same 
zebrafish cleavage-timing dataset [12], demonstrating how distinct model classes can reproduce the characteristic non-Arrhenius shape of biological 
temperature-response curves.
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system, despite encoding distinct scientific assumptions. 
Network-level models can offer increased explanatory 
and predictive power, for example with respect to per-

turbations or mutations, but at the cost of additional as-

sumptions and the risk of misrepresenting unknown 
molecular details [63]. In contrast, phenomenological 
models are less sensitive to specific molecular assump-

tions and are therefore harder to falsify, but typically 
make fewer testable predictions beyond the data they 
summarize. Throughout this review, we use the term 
“phenomenological models” to refer to empirical fitting 
approaches that describe observed temperature-response 
curves using flexible functional forms, without specifying 
the underlying molecular or biochemical mechanisms.

Several reviews have compared empirical fitting func-

tions and discussed their statistical performance and 
biological interpretation [54,55,64,65]. Here, we take a 
different approach by organizing models according to 
their level of description as summarized in Figure 1d. 
In this first part, we focus on phenomenological 
models, which provide compact empirical descriptions 
of rate—temperature curves and thermal performance

curves and define operational quantities such as T o, W,

and thermal limits. We then review microscopic single-

reaction level theories―including Arrhenius, Eyring, 
Kramers, and enzyme-stability models―which derive 
temperature dependence from physical and chemical 
principles, but treat reactions in isolation. Together, 
these approaches describe how temperature affects 
individual processes and observed rate curves, while 
remaining agnostic about how system-level tempera-

ture responses emerge from interacting pathways. 
Network-level deterministic and stochastic models 
that address this emergence are discussed in Part II.

Phenomenological models
Phenomenological models provide a natural starting 
point for characterizing biological temperature re-

sponses. Rather than attempting to specify the under-

lying biochemical or biophysical mechanisms, these 
models focus on summarizing empirical rate— 
temperature relationships with flexible functional 
forms. Their primary aim is descriptive accuracy and 
parameter compression: capturing the overall shape of a 
rate—temperature curve or thermal performance curve 
(TPC) using only a few biologically interpret-

able parameters.

Such models offer several advantages. First, they reduce 
complex datasets to a small set of quantities, such as T o , 
r o , W, and (T min , T max ) (Figure 1c). This facilitates 
comparison across traits, species, and environments 
[60]. Second, phenomenological fits provide operational 
definitions of these quantities even when the mecha-

nistic basis of the temperature response is unknown 
[54,66]. Third, at the organismal and population levels,

where traits such as growth, reproduction, and survival 
emerge from many underlying processes, phenomeno-

logical curves provide useful building blocks for 
ecological and evolutionary models that do not depend 
on molecular detail [60,67,68]. Finally, just as the 
Arrhenius equation historically motivated deeper the-

ories of reaction kinetics, successful phenomenological 
laws can reveal robust empirical regularities that later 
stimulate mechanistic explanations.

Because many functional forms have been proposed, 
model choice requires balancing flexibility, interpret-

ability, and parsimony. Information-theoretic analyses 
such as the Akaike information criterium (AIC) 
[54,55,69] show that simple three-parameter models 
often perform as well as or better than more complicated 
alternatives, and that no single functional form is uni-

versally optimal. Below, we organize commonly used 
three- or four-parameter phenomenological frameworks 
into symmetric models, asymmetric models, and 
Arrhenius-based extensions, highlighting those that 
perform well across diverse thermal datasets. In Sup-

plemental Tables I and II, we have collected their 
explicit functional forms, which we re-parametrized in
terms of r o , T o, W, T min , and T max where possible. That 
such a comparison is possible, highlights the universality 
across phenomenological models.

Symmetric models
Since many empirical rate—temperature curves are 
unimodal, their basic shape can often be characterized 
by three quantities introduced before (Figure 1b): the

maximal rate r o , the optimal temperature T o, and a

thermal breadth W. The simplest phenomenological

models enforce symmetry around T o and use these three

parameters to capture the central rise and fall of the 
curve (Figure 2, top left).

Gaussian. A widely used example is the Gaussian curve,

r(T ) = r o exp 

(

− 
(T − T o ) 

2

2W 2
G

) 

: (2)

which provides a good local approximation of many 
empirical curves near the optimum and has been used 
extensively as a building block in ecological and evolu-

tionary theory [54]. Here W G directly sets the performance

breadth (width of the curve).

Quadratic polynomials. Another natural candidate to fit a 
rate—temperature curve with only three parameters is a 
quadratic polynomial. In the literature, this has been 
done for both rates and inverse rates [55,70]. The 
quadratic polynomial has thermal limits that lie sym-

metrically around the optimal temperature while the 
inverse quadratic polynomial remains finite for finite 
temperatures and, therefore, does not contain thermal
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limits. Again, both symmetric curves seem to provide a 
reasonable fit of thermal data around the optimal tem-

perature [55].

Mitchell—Angilletta model. Lastly [55], it was found that a 
symmetric cosinusodal symmetric temperature-

response curve, originally proposed by Mitchell and 
Angilletta as a simple mathematical model for the 
thermal adaptation of lizards [71], scores high on the 
AIC for experimental data across different traits and 
species, meaning that it combines a good fit with a small 
number of free parameters and mathematical simplicity. 
This curve has symmetric thermal limits but in contrast 
to the quadratic polynomial, it approaches the extremal 
temperatures smoothly.

Together, these symmetric models provide simple 
three-parameter fits of the central peak and are useful 
when the deviations between the cold and warm sides of 
the curve are modest.

Asymmetric models
Empirical rate—temperature curves are, however, rarely 
symmetric: the decline at high temperatures is typically 
much sharper than at low temperatures (Figure 2, top 
middle). To accommodate this asymmetry, several 
phenomenological families introduce separate cold and

warm thermal breadths (W c and W h ).

Janisch curve. One of the earliest examples is the Janisch 
model (1925) [72,73]. In the first instance, Janisch 
proposed a symmetric inverse catenary to fit the 
developmental rate of insects. However, because of the

observed asymmetry in the data, an extension with W c <
W h was developed. 

r(T ) = 
r 0 
2

· 
1

exp 

(

− T − T o
W Jc

) 

+ exp 

(
T − T o

W Jh

): (3)

This curve is able to fit a variety of experimental data over a 
wide temperature range [55,74].

Figure 2

Phenomenological and microscopic models of temperature responses. (Top) Common phenomenological approaches for fitting rate–temperature 
curves, including symmetric models, asymmetric models with distinct cold and warm widths, and extensions of the Arrhenius law that incorporates 
optimal temperatures and upper/lower limits. (Bottom) Schematic overview of key microscopic reaction–level theories: transition-state formulations such 
as Arrhenius and Eyring equations (with parameters coded with its respective colors), Kramers’ barrier-crossing dynamics, and enzyme-catalyzed 
reactions with temperature-dependent active fractions. Color-coding of phenomenological and microscopic models refers to Figure 1d. (For interpre-
tation of the references to color in this figure legend, the reader is referred to the Web version of this article.)
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Brière models. A more flexible and widely used family of 
curves is the Brière model [75], which explicitly in-

corporates lower and upper thermal limits. Although the 
original formulation was developed for the temperature 
dependence of arthropod development, numerous ad-

aptations have since been introduced for other traits and 
taxa [74—76]. Brière-type curves consistently perform 
well across diverse thermal datasets―often ranking 
among the top AIC-scoring asymmetric models [55]. 
Because they naturally encode T min and T max while 
remaining parsimonious, these curves have become the 
primary workhorse for asymmetric phenomenolog-

ical modeling.

Taylor-Sexton model. A closely related empirical form that 
performs well across traits and taxa is the Taylor—Sexton 
curve [77]. It is a fourth-order polynomial with only

three free parameters T min , T o and r o . The resulting 
curve approaches T min smoothly but not T max . Although 
originally developed to model photosynthesis rates, it 
has since been shown to fit a broad variety of thermal 
datasets [55].

Matched asymptotes. More generally, Logan proposed a 
number of asymmetric rate—temperature curves that 
match different asymptotic behaviors―typically slow 
exponential scaling at low temperatures and a rapid 
exponential or polynomial decline at high temper-

atures―while retaining an intermediate optimal tem-

perature [78,79].

Phenomenological extensions of the Arrhenius law
Another route to construct a curve that fits experimental 
data is to start from the observation that below the 
optimal temperature, performance data often scales 
approximately Arrhenius-like. One can then build on the 
Arrhenius equation to formulate a more realistic model 
that includes an optimal temperature and asymmetric 
thermal performance breadths (Figure 2, top right).

Varying Q 10 . In the case of ideal Arrhenius scaling, the 
Q 10 factor of a process, which gives the increase in rate 
over a range of 10 ◦ , is constant. While typical values for 
chemical reactions are Q 10 = 2 − 3, a value greater than 
unity cannot account for the decline in performance at 
the hot side of a biological TPC [15,80]. Therefore 
various authors have suggested to fit TPCs with a Q 10 

value that declines with temperature. [81,82]. A 
particularly simple proposal is that of Atkin [83] who 
came up with a linearly temperature-dependent Q 10 . 
This results in an asymmetric curve with interpretable 
limits that is easy to fit to experimental datasets [55].

Quadratic exponential. Another approach is to supplement 
the Arrhenius equation with a quadratic term B in the 
exponential [84]. Formulated around a reference tem-

perature T*, where the rate equals r*, this leads to

r(T ) = r ∗ exp 
( 
− E a Δß − BΔß 2 

) 
; (4)

Δß =
1

RT
−

1 

RT ∗ 
: (5)

A reparametrized form with an optimum (T o, r o ) and a

thermal breadth W Q ,

r(T ) = r o exp 

[ 

−
T 2o

2W 2
Q

( 
T o 
T

− 1 

) 2 
] 

; (6)

reveals that the quadratic exponential reduces to a

Gaussian with W G = W Q near T o, linking local fits to

global phenomenology.

Double exponential. A more mechanistically inspired 
variant is the double exponential model [85], in which 
biological timing is represented as the sum of two in-

verse Arrhenius processes with opposite-sign activation 
energies E a and E b .

r(T ) = 
r o =2

exp 

[ 

E a 

(
1

RT
− 1

RTo 

) ] 

+ exp 

[ 

E b 

(
1

RT
− 1

RTo 

) ]:

(7)

An optimum requires E a > 0 and E b < 0. A local expansion

around T o yields the Janisch form (3) with W Jc = R/E a and

W Jh = R/E b , illustrating how distinct Arrhenius-based

constructions collapse to similar shapes near the optimum.

Universal temperature-response curve. Finally, recent work 
shows that any performance curve of the form r(T) = 
exp(− E a /RT) g(T), where g(T) is a function that scales 
subexponentially below the optimal temperature, with 
biologically reasonable constraints, can be rescaled to a 
universal temperature-response curve [57]:

r(T ) = r o exp 

(
T − T o

W U

)[ 

1 −
T − T o

W U

] 

; (8)

where W U = T max − T o. It suggests that many apparently 
distinct non-Arrhenius rate—temperature curves are 
mathematically related and largely characterized by the 
same three quantities. This is in agreement with our earlier 
observations for (4), (6), and (7) showing that different 
models lead to the same scaling around the optimal tem-

perature and with the work of Kontopoulos in which 
phenomenological three-parameter curves were found to

score higher on the AIC than more complex models [55].

Microscopic models
Microscopic models aim to derive rate—temperature 
relationships directly from the physics and chemistry 
of elementary reactions. They treat biological processes 
as thermally activated transitions, whether barrier 
crossing, formation of a transition state, or enzyme-
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mediated catalysis. In doing so, they provide a mecha-

nistic foundation for the exponential rise of rates with 
temperature and the deviations from Arrhenius scaling 
observed near thermal limits. In contrast to phenome-

nological fits, which summarize the shape of empirical 
curves, microscopic models address the origin of tem-

perature dependence at the level of reaction steps. 
Below, we outline the central theoretical frameworks 
developed for this purpose. For a more comprehensive 
overview of the fundamental principles of chemical and 
enzyme kinetics, we refer the readers to Chapters I and 
II of a seminal textbook by Cornish-Bowden [86].

Eyring theory
Roughly 40 years after Arrhenius, in 1935, Henry Eyring 
provided the first mechanistic foundation for the 
empirically observed temperature dependence of reac-

tion rates [87]. Together with Evans and Polanyi [88], 
he developed transition-state theory (TST), which 
views reactions as equilibria between reactants and a 
short-lived, high-energy activated complex (Figure 2, 
bottom left).

Consider A + B → C. In TST, the reactants first form an 
unstable complex AB ‡ located at the saddle point of the 
potential-energy surface. Formation of this complex re-

quires free energy ΔG ‡ = ΔH ‡ − TΔS ‡ , with activation 
enthalpy ΔH ‡ and entropy ΔS ‡ . Eyring’s theory yields:

r(T ) =
k B
h

e −
ΔG ‡

RT ; (9)

providing a physical interpretation of the Arrhenius pa-

rameters. TST captures the exponential rise of rates with 
temperature yet it treats barrier crossing in thermodynamic 
terms. A dynamical explanation of how fluctuations drive 
transitions came five years later from Hendrik Kramers.

Kramers theory
Kramers analyzed thermally activated escape as a sto-

chastic process in a potential landscape [89,90] (Figure 
2, bottom middle). In his formulation, a particle moves 
under friction and random thermal kicks, described by 
the overdamped Langevin equation:

γ _x(t) = − V ′ (x) + ξ(t); (10)

with Gaussian noise ξ(t) satisfying

〈ξ(t)〉 = 0; 〈ξ(t)ξ(t ′ )〉 = 2γk B T δ(t − t ′ ): (11)

This stochastic trajectory corresponds to a Fokker— 
Planck equation with probability flux

J (x; t)≔ 
k B T 

γ
e − V =k B T ∂ x 

( 
e V =k B T p(x; t) 

) 
= J b − J f ; (12)

where J f gives the barrier-crossing rate. Under steady 
state and a saddle-point approximation, one obtains:

k f ≃ 
k B T

γ 

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

|V ′′ (0)|

|V ′′ (x b )|

√ 

exp 

[

− 
V (x b ) − V (0)

k B T

] 

; (13)

matching the Arrhenius exponential term but with a 
physically defined prefactor dependent on damping and 
barrier curvature. Equivalent results follow from mean first-

passage time calculations [91,92]. Kramers theory thus 
provides a fully dynamical basis for thermally activated 
reaction rates.

Enzyme-catalyzed reactions
To account for nonlinear temperature scaling, micro-

scopic treatments of enzyme-mediated processes 
modify classical TST by assuming (i) the reaction is 
controlled by a master enzyme that lowers the 
transition-state energy barrier and (ii) the fraction of 
active enzyme varies with temperature (Figure 2, 
bottom right). This leads to a family of modified Eyring 
equations with a general form:

r(T ) = P(E n )
k B
h 

e −
ΔG ‡

RT ; (14)

where P(E n ) is the fraction of enzyme in its active state. 
Thereby, models provided different expressions 
for P(E n ).

Johnson—Lewin model. Johnson and Lewin (1946) pro-

posed that high-temperature denaturation of a master 
enzyme explains the downturn (“hot inactivation”) in 
growth—rate curves [93]. Assuming that a reversible 
transition between active and denatured states requires 
temperature-dependent free energy change ΔG, they 
derived a double—exponential equation (instead of a 
single-exponential Arrhenius form), converging to 
exp(− ΔG ‡ /(RT)) and to exp(− (ΔG ‡ − ΔG)/(RT)) at low 
and high temperatures, respectively. Following analo-

gous reasoning, Eskil Hultin later described cold dena-

turation behavior [94].

Sharpe—Schoolfield model. Sharpe and DeMichele (1977) 
extended this idea by allowing the enzyme to occupy one 
active and two inactive states―one favored at low tem-

peratures and one at high temperatures [95]. Their 
expression thereby described three-phase scaling, 
reproducing cold and hot inactivation alongside “normal 
physiological range” within a single formula. Subsequent 
algebraic simplification produced the Sharpe— 
Schoolfield model [96], popular in ecology and physi-

ology [55,56].

Ratkowsky—Ross model. Ratkowsky, Olley, and Ross 
(2005) have proposed an alternative view on the

The temperature response of biological systems Jacobs et al. 7
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thermodynamics of high- and low-temperature enzyme 
denaturation. Their model, motivated by experimental 
observations, appreciated the heat capacity of protein

unfolding ΔC p as a determining factor for large positive

changes in free energy of protein denaturation [97,98].

Enzyme-assisted Arrhenius model. The major inconsistency 
of the above models that can be reduced to Eq. (14) is 
that even in the absence of enzymes, the reaction still 
proceeds with the activation energy of the maximal 
enzyme activity, i.e. ΔG ‡ . It contradicts the very pur-

pose of the enzyme: to reduce the required energy 
barrier. To address this discrepancy, DeLong et al. 
(2017) explicitly introduced enzyme-catalyzed energy 
reduction into the Arrhenius equations as E a = E b − E c 
[99]. They expressed E c using the thermodynamic 
rules governing protein stability, similarly to the 
Ratkowsky-Ross model.

Conclusion
In this first part, we focused on phenomenological de-

scriptions of biological temperature-response curves 
together with microscopic reaction-level models that 
derive temperature dependence from physical and 
chemical principles. Phenomenological models provide 
a powerful descriptive framework, revealing shared 
structure in temperature-response curves across sys-

tems and enabling quantitative comparison through a 
small set of interpretable parameters. At the same time, 
by collapsing mechanistic diversity into low-dimensional 
functional forms, these models leave open fundamental 
questions about causality, predictability, and robustness. 
Microscopic reaction-level theories clarify how temper-

ature affects individual biochemical processes but by 
treating reactions in isolation they also do not explain 
how system-level temperature responses arise from 
interacting pathways and regulatory architectures. 
Addressing these limitations requires mechanistic 
frameworks that connect local temperature dependence 
to network organization and collective dynamics, which 
we examine in Part II.
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Appendix.
Table of acronyms and technical terms

Overview of thermal performance curves
A. Temperature-response equations
Here, we provide an overview of the temperature-

response models considered in the main text and their 
predicted equations for rate—temperature curves.

TABLE I

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

Term Meaning

AIC Akaike information criterium 

EAAR Enzyme-assited Arrhenius 
TPC Thermal performance curve 
TST Transition-state theory
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TABLE II

An overview of temperature-response models considered in the main text and their predicted equations for rate–temperature curves. 
All parameters are explained in Table B

Model Equation # Parameters Source

Arrhenius r(T) = Aexp 
( 

−
E a
RT

) 

2 [100]

Phenomenological models
Gaussian r(T) = r o exp 

(

− 
(T − T o ) 

2

2W G 
2

) 

3 [54]

Quadratic polynomial r(T) = r o 

(

1 − 
(T − T o ) 

2

W Q 
2 

) 

3 [70]

Inv. quadratic polynomial r(T) = ro
W E

2

(T − T o )
2 +W E 

2 
3 [55]

Mitchell–Angilletta r(T) =
ro
2 

( 

1+cos 
(
T − T o
W MA

π 

) ) 

3 [71]

Janisch r(T) =
ro
2

1

exp 
( 

−
T − T o
W Jc

) 

+exp 
(
T − T o
W Jh

) 4 [72, 73]

Brière r(T) = aT(T − T min ) 
p 
(T max − T) 

q 3 [75]

Simplified Brière r(T) = a(T − T min ) 
p 
(T max − T) 

q 3 [65, 76]

Taylor–Sexton r(T) = r o 

(
T − T min
T o − T min

) 2 
( 

2 − 
(
T − T min
T o − T min

) 2 
)

3 [77]

Linearly varying Q 10 r(T) = a 
(
T max − T 

W Q

) T=10
3 [83]

Quadratic exponential r(T) = r ∗ exp 

( 

− E a 

(
1
RT 

−
1

RT∗ 

) 

− B 
(

1
RT 

−
1

RT∗ 

) 2 
) 

3 [84]

Double exponential r(T) = 
r o =2

exp 
(

E +a

(
1
RT

−
1

RT o 

) ) 

+exp 
( 

− E −a

( 
1
RT

−
1

RTo 

) ): 4 [85]

Universal response curve r(T) = r o exp 
(
T − T o
W U

)( 

1 −
T − T o
W U

)

3 [57]

Microscopic models 
Eyring r(T) =

kB
h

exp 
(

ΔS ‡

R
−

ΔH ‡

RT

) 

2 [87]

Johnson–Lewin r(T) =

cTexp 
( 

−
ΔH ‡

RT

)

1+exp 
(

ΔS
R

−
ΔH
RT

) 4 [93]

Sharpe–DeMichele r(T) =

cTexp 
( 

−
ΔH ‡

RT

)

1+exp 
(

ΔS l
R

−
ΔH l
RT

) 

+exp 
(

ΔS h
R

−
ΔH h
RT

) 6 [95]

Sharpe–Schoolfield r(T) =

ρ 25 o C
T
298

exp 
(

ΔH ‡

R

(
1
298

−
1 
T

) )

1+exp 

(
ΔH l
R

( 
1

T 1=2l
−
1 
T

) ) 

+exp 

(
ΔH h
R

( 
1

T 1=2h
− 
1 
T

) ) 6 [96]

Ratkowsky–Ross r(T) =

cTexp 
( 

−
ΔH ‡

RT

) 

1+exp 
(

− n 
ΔH − TΔS+ΔC p [(T − T H ) − Tln(T=T S )]

RT

) 5 [97, 98]

(continued on next page)
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B. Parameters of the different temperature-response 
equations
Here, we provide an explanation of the parameters used 
in the different temperature-response models.

TABLE II (continued )

Model Equation # Parameters Source

EAAR model r(T) = A0exp

⎛

⎜
⎜
⎝ −

Eb − EΔH

(

1 −
T
Tm

)

− EΔCp

(

T − Tm − Tln
T
Tm

)

kBT

⎞

⎟
⎟
⎠ 5 [99]

Stochastic models
Generic networks r(T) = r∗exp

(

− E∗Δß −
B
2

Δß2
)

; 3 [61]

Where Δß =
1
RT

−
1

RT∗

.
The macroscopic parameters can be related to the network structure:
E∗ = 〈E〉T − 〈E〉F

and B =
σT

2 − σF
2

2

.
Linear cascade r(T) =

1

A+exp(E+Δß)+A∗exp
(
E∗Δß+BΔß2

)
+A− exp(E− Δß+Δßc)

; 7 [62]

Where Δß =
1
RT

−
1

RT∗

.
The macroscopic parameters can be related to the network structure:
A∗ = n〈1=r∗f 〉 E∗ = 〈E〉

, B =
σE

2

2

E± =
∑

iE
(c±)
fi −

∑
iE

(c±)
bi

ln(A± =A∗) = ±
(E∗ − E±)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
− ln 〈r∗f =r

∗
b〉

√

σE
−
ln 〈r∗f =r

∗
b〉

2

EAAR, Enzyme-assited Arrhenius.

TABLE III

Explanation of the parameters and constants of the models in Table II.

Model Parameters (macroscopic and network) Constants

Arrhenius A: Pre-exponential factor [s −1 ] R: Ideal gas constant [J mol −1 K −1 ]
E a : Activation energy [J mol 

−1 ]
Phenomenological models 
Gaussian r o : Optimal rate [s 

−1 ]
T o : Optimal temperature [K]
W G : Thermal performance breadth [K] 

Quadratic polynomial r o : Optimal rate [s 
−1 ]

T o : Optimal temperature [K]
W Q : Thermal performance breadth [K]
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TABLE III (continued )

Model Parameters (macroscopic and network) Constants

Inv. quadratic polynomial r o : Optimal rate [s 
−1 ]

T o : Optimal temperature [K]
W E : Thermal performance breadth [K]

Mitchell–Angilletta r o : Optimal rate [s 
−1 ]

T o : Optimal temperature [K]
W MA : Thermal performance breadth [K]

Janisch r o : Optimal rate [s 
−1 ]

T o : Optimal temperature [K]
W Jh : Hot thermal performance breadth [K] 
W Jc : Cold thermal performance breadth [K] 

Brière a: Scaling factor [s −1 ] p: Rising exponent ( = 1 in Ref. [75]) 
T min : Upper thermal limit [K] q: Falling exponent ( = 1/2 in Ref. [75]) 
T max : Lower thermal limit [K]

Simplified Brière a: Scaling factor [s −1 ] p: Rising exponent ( = 2 in Ref. [65]) 
T min : Upper thermal limit [K] q: Falling exponent ( = 1 in Ref. [65]) 
T max : Lower thermal limit [K]

Taylor–Sexton r o : Optimal rate [s 
−1 ]

T o : Optimal temperature [K]
T min : Lower thermal limit [K]

Linearly varying Q 10 a: Scaling factor [s −1 ]
W Q : Thermal performance breadth [K]
T max : Upper thermal limit [K]

Quadratic exponential r*: Reference scaling [s −1 ] R: Ideal gas constant [Jmol −1 K −1 ]
E*: Activation energy [J mol −1 ] T*: Reference temperature [K]
B: Quadratic curvature [J 2 mol −2 ]

Double exponential r o : Optimal rate [s 
−1 ] R: Ideal gas constant [Jmol −1 K −1 ]

T o : Optimal temperature [K]
E +a: Positive activation energy [J mol 

−1 ] 
E −a : Negative activation energy [J mol 

−1 ]
Universal response curve r o : Optimal rate [s 

−1 ]
T o : Optimal temperature [K]
W+

U: Thermal performance breadth [K] 
Microscopic models 
Eyring ΔH ‡ : Enthalpy of activation [J mol −1 ] k B : Boltzmann’s constant [J mol 

−1 K −1 ]
ΔS ‡ : Entropy of activation [J mol −1 K −1 ] h: Planck’s constant [J mol −1 K −1 ]

R: Ideal gas constant [J mol −1 K −1 ]
Johnson–Lewin ΔH ‡ : Enthalpy of activation [J mol −1 ] R: Ideal gas constant [J mol −1 K −1 ]

ΔH: Enthalpy of denaturation [J mol −1 ]
ΔS: Entropy of denaturation [J mol −1 K −1 ]
c: Pre-exponential factor [s −1 K −1 ]

Sharpe–DeMichele ΔH ‡ : Enthalpy of activation [J mol −1 ] R: Ideal gas constant [J mol −1 K −1 ]
ΔH l : Enthalpy of low-T denaturation [J mol 

−1 ]
ΔS l : Entropy of low-T denaturation [J mol 

−1 K −1 ]
ΔH h : Enthalpy of high-T denaturation [J mol 

−1 ]
ΔS h : Entropy of high-T denaturation [J mol 

−1 K −1 ]
c: Pre-exponential factor [s −1 K −1 ]

Sharpe–Schoolfield ΔH ‡ : Enthalpy of activation [J mol −1 ] R: Ideal gas constant [J mol −1 K −1 ]
ΔH l : Enthalpy of low-T denaturation [J mol 

−1 ]
T 1/2l : Low half-denaturation temperature [K]
ΔH h : Enthalpy of high-T denaturation [J mol 

−1 ]
T 1/2h : High half-denaturation temperature [K]
ρ 25 o C : Rate of the process at 25 

o C[s −1 ]
Ratkowsky–Ross ΔH ‡ : Enthalpy of activation [J mol −1 ] R: Ideal gas constant [J mol −1 K −1 ]

ΔH: Enthalpy of denaturation [J mol −1 ] ΔS: Entropy of denaturation [J mol −1 K −1 ] 
ΔC p : Heat capacity of denaturation [J mol 

−1 K −1 ] T H : Enthalpy convergence temperature [K] 
n: Number of enzyme’s amino acid residues T S : Entropy convergence temperature [K] 
c: Pre-exponential factor [s −1 K −1 ]

EAAR model A 0 : Pre-exponential factor [s 
−1 ] k B : Boltzmann’s constant [J mol 

−1 K −1 ]
E b : Baseline activation energy without catalysis [J mol 

−1 ] 
E ΔH : Change in activation energy due to
Change in denaturation enthalpy [J mol −1 ]
E ΔCp : Change in activation energy due to
Change in denaturation heat capacity [J mol −1 ]
T m : Melting temperature [K]

(continued on next page)
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Data availability
All original modeling code has been deposited at 
theGelens Lab Gitlab[https://gitlab.kuleuven.be/gelen-

slab/publications/temperature-review] and ispublicly 
available as of the date of publication.
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