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Summary

� The optimal temperature of photosynthesis (Topt) generally increases with plant growth tem-

perature. Changes in Topt are associated with changes in the maximum carboxylation capacity

at 25°C (Vcmax25) and the maximum electron transport rate at 25°C (Jmax25). The ratio

between Jmax25 and Vcmax25 declines with warming. Accurate representation of leaf-level

photosynthetic responses to temperature is essential for realistic projections of the terrestrial

carbon cycle and its response to ongoing climate changes. However, many land surface models

incorporate thermal acclimation through empirical approaches and through assigning distinct

but static parameter values to plant functional types (PFTs). Eco-evolutionary optimality (EEO)

approaches provide a simpler way of modelling photosynthesis without recourse to PFTs.
� Here, we use the subdaily P model, an EEO-based model of photosynthesis that explicitly

separates the instantaneous and acclimated responses of photosynthetic parameters to tem-

perature to investigate how optimal temperature changes with growth temperature, as repre-

sented by leaf or air temperature.
� We show that the simulated responses are consistent with observations from both con-

trolled experiments and eddy covariance flux tower data.
� We show that changes in Topt, and in the assimilation rate at Topt, are caused by changes in

carboxylation capacity and electron transport rate that follow directly from the hypotheses

underlying the model.

Introduction

Terrestrial ecosystems are currently a major global carbon sink
(Friedlingstein et al., 2024), but projections of their future role
are highly uncertain due in part to poorly constrained photosyn-
thetic responses to warming (Lombardozzi et al., 2015; Arora
et al., 2020; McDowell et al., 2020). Leaf-level photosynthetic
temperature responses are among the most important physiologi-
cal processes driving carbon uptake in these models (Rogers
et al., 2017; Smith & Dukes, 2017). In particular, the optimal
temperature of photosynthesis (Topt) and the maximum rate of
photosynthesis (Aopt) will strongly influence the response of gross
primary production (GPP) to warming (Rogers et al., 2017;
Smith & Dukes, 2017).

Many observational and experimental studies have shown that
the Topt increases with increasing plant growth temperature. This
shift is achieved through acclimation, a reversible physiological
adjustment that enables plants to maintain function under chan-
ging thermal environments. Thermal acclimation of photosynth-
esis has been documented across a wide range of ecosystems
(Drake et al., 2015, 2017; Kroner & Way, 2016; Slot & Win-
ter, 2017; Benomar et al., 2018; Kurepin et al., 2018; Reich

et al., 2018; Dusenge et al., 2020; Carter et al., 2021). Shifts in
Topt have been associated with changes in the ratio of maximum
electron transport rate at 25°C (Jmax25) to maximum carboxyla-
tion capacity at 25°C (Vcmax25). This ratio declines with increas-
ing growth temperature (Kattge & Knorr, 2007; Wang
et al., 2017; Crous et al., 2022). Other thermodynamic para-
meters including the activation energies (Ea), rates of deactivation
(Hd) and entropy term (ΔS ) for Vcmax and Jmax have also been
found to adjust in response to growth temperature (Kattge &
Knorr, 2007; Kumarathunge et al., 2019; Crous et al., 2022).

Many land surface models (LSMs) implement these tempera-
ture responses via static parameters assigned by plant functional
type (PFT), without accounting for the full range of plant
responses across timescales from instantaneous biochemical
adjustments to short-term acclimation and long-term evolution-
ary adaptation. This simplification can result in model responses
that do not reflect observed plant plasticity, particularly with
respect to changes in the maximum rate of Aopt. LSMs that incor-
porate thermal acclimation rely on empirical approaches, specifi-
cally the method proposed by Kattge & Knorr (2007)
(Lombardozzi et al., 2015; Smith et al., 2016; Mercado
et al., 2018) and subsequently updated by Kumarathunge
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et al. (2019) (Bennett et al., 2024). These models simulate accli-
mation by modifying the temperature response functions of
Vcmax and Jmax, resulting in shifts in Topt. Kumarathunge
et al. (2019) included a larger number of PFTs than previous
approaches and distinguished between acclimation to recent
growth temperature and longer term adaptation to the tempera-
ture of origin. While these empirical relationships improve model
flexibility compared with fixed-parameter approaches (Smith &
Keenan, 2020), they do not offer a unified explanation for why
plants adjust their thermal responses.

Eco-evolutionary optimality (EEO) theory provides a simpler
basis for modelling plant responses to environmental changes,
without the need to rely on empirical relationships or considera-
tion of the underlying processes (Harrison et al., 2021). EEO
theory assumes that plants adjust their traits to maximise compe-
titive fitness under specific conditions. The measure chosen
to characterise optimal performance varies between EEO
models: Some models focus on optimising photosynthesis
(Medlyn, 1996), some net primary production (Franklin, 2007;
Potkay & Feng, 2023), some net carbon gain (Prentice
et al., 2014; Smith & Dukes, 2017; Sperry et al., 2017; Venturas
et al., 2018) and some water-use (Sperry et al., 2017) or water
transport efficiencies (Koçillari et al., 2021). Nevertheless, all of
these approaches enable plant physiological traits to emerge from
environmental conditions rather than being prescribed.

The P model (Prentice et al., 2014; Wang et al., 2017; Stocker
et al., 2020) is an EEO-based model of GPP, which has been
shown to capture broad-scale spatial and seasonal patterns in
photosynthetic traits despite the fact that it only distinguishes
two PFTs based on their photosynthetic pathway, namely C3 and
C4 plants (Smith et al., 2019; Dong et al., 2023; Cai
et al., 2025). A subdaily implementation of the P model (Men-
goli et al., 2022), run on a half-hourly time step for instantaneous
responses and in which plants acclimate to past conditions on
timescales of c. 15 d, has been coupled in the Noah land surface
model with multiparameterization options (NOAH-MP LSM)
(Ren et al., 2025). Comparison of the two schemes at half-
hourly, monthly and annual timescales across all the FLUX-
NET2015 sites showed that the EEO-scheme performed better
than the default NOAH-MP scheme overall. The standard
NOAH-MP scheme underestimates monthly GPP across the
FLUXNET2015 sites by 10%, and this was reduced to < 2% in
the EEO-based implementation. Similarly, on an annual time-
step, the agreement with observations improved from an R2 of
0.57 in the standard model to 0.66 in the EEO-based implemen-
tation. Ren et al. (2025) also showed that the EEO-based imple-
mentation explained 62% of the temporal and 70% of the spatial
variation in Vcmax25.

In this study, we used the subdaily P model run on a
half-hourly or hourly timestep to investigate the optimal beha-
viour of the photosynthetic temperature response. We first simu-
lated temperature–response curves under idealised, controlled
conditions where only growth temperature was varied, and all
other factors were held constant. We then examined how the Topt,
Aopt and the ratio of Jmax25 and to Vcmax25 and change with

growth temperature, comparing these patterns with leaf-level gas
exchange measurements. We also evaluated the model predictions
against ecosystem-scale flux data to assess how well the model cap-
tures temperature acclimation at larger scales. The P model was
run using leaf temperature for the gas exchange comparison and
Tair for the flux tower data comparisons. This then allows us to
diagnose how the change in optimal growth temperature is related
to changes in Vcmax and Jmax.

Materials and Methods

We conducted two sets of analyses to investigate the mechanisms
of photosynthetic temperature acclimation. The first set of simu-
lations in which all factors except growth temperature were held
constant provides a theoretical baseline for understanding how
photosynthetic traits acclimate to temperature. Second, we com-
pared the model outputs with two independent datasets:
leaf-level gas exchange measurements from controlled chamber
experiments and ecosystem-scale flux data. This approach allows
us to compare model predictions with observations and assess
how temperature acclimation is represented in both the model
and observations.

The subdaily P model

The subdaily P model (Mengoli et al., 2022) builds on the P
model framework (Prentice et al., 2014; Wang et al., 2017;
Stocker et al., 2020) by explicitly separating the instantaneous
and acclimated responses of photosynthetic responses to environ-
mental variation (Fig. 1). Acclimated variables include acclimated
Vcmax25 (Vcmax25,acclim) and Jmax25 (Jmax25,acclim) and the optimal
stomatal parameter ξ. Eqns 1–12 describe the instantaneous
response of photosynthesis. To simulate the instantaneous
response, photosynthesis is calculated as the minimum of the
Rubisco-limited rate and the light-limited rate, following the
standard Farquhar–von Caemmerer–Berry model of C3 photo-
synthesis (FvCB: Farquhar et al., 1980). The Rubisco-limited
rate, representing the rate of CO2 fixation determined by the
availability and catalytic activity of Rubisco enzyme, is given by:

Ac =Vcmax � c i�Γ�ð Þ
c i þ Kð Þ Eqn 1

and the light-limited rate by:

AJ =
J

4
� c i�Γ�ð Þ

c i þ 2Γ�ð Þ Eqn 2

where Vcmax represents the maximum rate of RuBisCO carboxy-
lation and ci is the leaf-internal CO2 partial pressure. Here,
instantaneous ci is mainly determined by two variables, the
current vapour pressure deficit (VPD) and the acclimated opti-
mal stomatal parameter ξ (Eqn 12). ξ is kept constant over the
diurnal cycle, since this is a trait that adjusts on acclimation time-
scales rather than responding instantaneously to short-term
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fluctuations in environmental drivers. Γ� is the photorespiratory
compensation point, and K is the effective Michaelis–Menten
coefficient of RuBisCO. The electron transport rate J is calcu-
lated as:

J =
4φ0I absffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1þ 4φ0I abs
Jmax

� �2
r Eqn 3

φ0 Tð Þ= 1

8
� 0:352þ 0:022 � T�0:00034 � T 2
� �

Eqn 4

where φ0 is the intrinsic quantum efficiency, Iabs is absorbed
PAR, and Jmax is the maximum electron transport capacity.

Temperature sensitivities for Γ* and K are taken from Farqu-
har et al. (1980) and Bernacchi et al. (2001). Γ� Tð Þ is calculated
from the CO2 compensation point at 25°C (Γ�

25) as

Γ� Tð Þ=Γ�
25 � exp

T�25ð Þ � E a,Γ�

R � 298 T þ 273:15ð Þ �
Pres

Pa Oð Þ Eqn 5

where Γ�
25= 4.322 Pa, E a,Γ� = 37 830 J mol�1 is the activation

energy for Γ*, R= 8.314 J mol�1 K�1 is the universal gas con-
stant (Farquhar et al., 1980). Pres is surface air pressure and
Pa(O) is the partial pressure of O2.

K is calculated from the Michaelis–Menten constants for car-
boxylation (Kc) and oxygenation (Ko) using Eqn 6:

K =K c 1þ Pa Oð Þ
K o

� �
Eqn 6

The temperature dependence of Kc and Ko follows:

K c Tð Þ=K c,25 � exp T�25ð Þ � E a,kc

R � 298 T þ 273:15ð Þ Eqn 7

K o Tð Þ=K o,25 � exp T�25ð Þ � E a,ko

R � 298 T þ 273:15ð Þ Eqn 8

where Kc,25 is the Michaelis–Menten constant for Rubisco car-
boxylation at 25°C and Ko,25 at 25°C is the Michaelis–Menten
constant for Rubisco oxygenation at 25°C. Kc,25 and Ko,25 is set
to 39.97 Pa and 27 480 Pa, respectively. Ea,kc and Ea,ko are the

activation energies for Kc and Ko, set to 79 430 and
36 380 J mol�1, respectively.

Net photosynthesis rate is calculated as:

Anet =A�Rd Eqn 9

where leaf dark respiration (Rd) is estimated as:

Rd = 0:015� Vcmax Eqn 10

The instantaneous values of Vcmax and Jmax are adjusted for the
current leaf temperature (Tins) using basic Arrhenius equations:

Vcmax Tinsð Þ=Vcmax25,acclim � exp
E a,v

R
� Tins�298:15

Tins � 298:15

� �
Eqn 11

Jmax Tinsð Þ= Jmax25,acclim � exp
E a,J

R
� Tins�298:15

Tins � 298:15

� �
Eqn 12

where Ea,v= 65 330 J mol�1 is the activation energy for Vcmax

(Bernacchi et al., 2001), and Ea,J= 43 900 J mol�1 is the activa-
tion energy for Jmax (Bernacchi et al., 2003). Results using the
basic form of the Arrhenius equation do not differ significantly
from those that would be obtained using the more complex
peaked formulation over the range of growth temperatures con-
sidered here (Ren et al., 2024).

The Vcmax25,acclim, and Jmax25,acclim values were calculated by
applying the inverse form of the Arrhenius equation to Vcmax,opt

and Jmax,opt at the acclimated temperature (Taccl):

Vcmax25,acclim Tacclð Þ= =Vcmax,opt � exp
E a,v

R
� 298:15�Taccl

Taccl � 298:15

� �
Eqn 13

Jmax25,acclim Tacclð Þ= Jmax,opt � exp
E a,J

R
� 298:15�Taccl

Taccl � 298:15

� �
Eqn 14

Here, Vcmax,opt and Jmax,opt represent the Vcmax and Jmax at the
average midday (11:30–12:30 local solar time, corresponding to

Fig. 1 Workflow of subdaily P model
framework. The inputs are air/leaf temperature
(T ), air pressure (Pressure), atmospheric CO2

concentration (CO2), vapour pressure deficit
(VPD), the Leaf Area Index (LAI), and available
light (photosynthetic photon flux density
(PPFD)). The outputs are 30-min gross primary
production (GPP) and net photosynthesis (Anet).
Three traits are acclimating to the past 15-d
midday condition: Vcmax25,acclim, Jmax25,acclim,
and the optimal stomatal parameter ξ.

� 2026 The Author(s).
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the period of peak irradiance) environmental conditions during
the previous 15 d as well as the Taccl.

Vcmax,opt and Jmax,opt are determined using two complementary
optimality principles. According to the coordination hypothesis,
plants adjust their photosynthetic capacities so that AJ is approxi-
mately equal to Ac, ensuring efficient use of available light (Hax-
eltine & Prentice, 1996; Maire et al., 2012). Interpretation of the
coordination hypothesis as an optimality can be found in
Notes S1. The least-cost hypothesis, as formulated in Prentice
et al. (2014), predicts that the ci adjusts in response to ambient
CO2 partial pressure (ca), VPD, temperature and atmospheric
pressure, thereby determining the optimal stomatal sensitivity (ξ)
that balances carbon assimilation and water loss (Eqn 15). A
higher ξ reduces the sensitivity of ci to changes in VPD. This bal-
ance minimises the combined costs of carboxylation and water
transport required to sustain a given assimilation rate (Prentice
et al., 2014):

ξ=

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
β K þ Γ�ð Þ

1:6η�

s
Eqn 15

β is the unitless cost ratio for maintaining carboxylation and
water transport (here taken to be 146, see Wang et al., 2017) at
25°C. η* is the unitless ratio of the viscosity of water at a given
temperature relative to its viscosity at 25°C (Huber et al., 2009).

Based on these principles, we can derive Vcmax,opt and Jmax,opt

and ci,opt, where the ‘opt’ subscript denotes variables defined at
the growth temperature and all temperature-dependent terms are
evaluated accordingly (Eqns 16–18):

Vcmax,opt ¼
φ0I abs c i,opt þ K

� �	
c i,opt þ 2Γ�� �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1� c�

c i,opt þ 2Γ�� �
c i,opt�Γ�� �

" #2
3

8<
:

9=
;

vuuut
Eqn 16

Jmax,opt =
4ϕ0I absffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1

1� c�
c i,optþ2Γ�ð Þ
c i,opt�Γ�ð Þ


 �2
3

( )vuuut �1
Eqn 17

Here, ci,opt is the leaf-internal CO2 partial pressure corresponding
to the optimal environmental conditions at which Vcmax,opt, Jmax,

opt are determined.

c i,opt =
ξC a þ Γ� ffiffiffiffiffiffiffiffiffiffi

VPD
p

ξþ ffiffiffiffiffiffiffiffiffiffi
VPD

p Eqn 18

where c* is a cost factor for electron transport capacity and has
been estimated as 0.41� 0.112 from observed Jmax:Vmax ratios
(Wang et al., 2017). The instantaneous c i follows the same math-
ematical formulation as Eqn 18; it is calculated using instanta-
neous environmental forcing (C a, Γ�, and VPD) combined with
the acclimated ξ.

The mathematical derivation of the optimal parameter ξ is
described in Notes S2, and the derivations for optimal V cmax and
Jmax are detailed in Notes S3. Model parameters are described in
Table 1. Model simulations were run in PYTHON 3.10 using the
Pyrealm code (Orme, 2024).

Temperature response curve

We simulated the temperature response of photosynthesis
using the subdaily P model by varying only the growth
temperature (Taccl, defined as the 15-d mean midday tempera-
ture) while keeping all other environmental drivers
constant (PAR= 1800 μmol m�2 s�1, VPD= 500 Pa, Patm=
101 325 Pa, CO2= 400 ppm). We adjusted growth tempera-
ture by 5°C increments from 10°C to 40°C. We generated
temperature–response curves at each growth temperature by
varying instantaneous leaf temperature from 0 to 60°C under
the same fixed drivers.

Leaf-level gas exchange data

The first dataset used to compare with the simulations consisted
of leaf-level measurements from plants grown under controlled
chamber conditions from the ‘ACi-TGlob_V1.0’ dataset
(Kumarathunge et al., 2018). The dataset includes 17 C3 species,
representing tropical trees, temperate trees, grasses and crops
(Tables 2, S1). To facilitate comparison with estimates from the
subdaily P model, which separates acclimated from instantaneous
responses, we only retained records that had information on both
prior growth and current measurement conditions and that were
grown under ambient CO2 with no soil water stress. Data proces-
sing followed the procedures described in Kumarathunge
et al. (2019) with supporting data and scripts available
from the ‘photom’ Bitbucket repository (https://bitbucket.
org/Kumarathunge/photom). Any missing information was
obtained from the original publications.

The studied plants were grown in a wide range of growth
environments designed to allow for thermal acclimation. Growth
temperatures ranged from 15°C to 35.5°C. Depending on the
experimental set-up, either VPD varied between 0.7 and 2.2 kPa,
or relative humidity varied between 50% and 70%. Growth light
levels were consistently high, ranging from 1120 to
1470 μmol m�2 s�1. Measurements were made under standar-
dised high light (PPFD 1200–1500 μmol m�2 s�1) across a wide
leaf temperature range of 14–50°C to capture full temperature–
response curves.

For each leaf temperature, ambient Anet was taken at c.
400 ppm CO2. If the first point of the A–Ci curve was not mea-
sured at ambient CO2, we used the Anet value corresponding to
measured CO2 concentration between 390 and 410 ppm. We
only retained records that had information on both prior growth
and current measurement conditions and that were grown under
defined ambient CO2 with no soil water stress. This resulted in a
dataset with 1120 observations for woody plants but only 426
observations of nonwoody species. Topt and Aopt from data were
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estimated using a commonly used quadratic temperature–
response model (Battaglia et al., 1996):

Anet =Aopt�b Tleaf�Topt

� �2
Eqn 19

where T is in °C, Aopt is the rate at Topt, and b is a parameter
describing the curvature (units: μmol m�2 s�1°C�2). These
derived values of Aopt and Topt were subsequently used to com-
pare with the P model predictions.

Fits were obtained using nonlinear mixed-effects models. Spe-
cies were included as a random effect or, when only one species
was present, the measurement replicate was used instead. To
ensure quality, we retained only curves that met the following cri-
teria: at least five temperature points, successful model conver-
gence, SE for Aopt< 5 μmol m�2 s�1 and Topt< 5°C, and a
positive curvature coefficient (b> 0).

We derived Vcmax and Jmax from the gas exchange measure-
ments by fitting A–Ci response curves to the FvCB model using
the plantecophys::fitacis function in R (Duursma, 2015). Only
fitted curves with R2> 0.99 were retained.

For each species and growth temperature treatment, the tem-
perature response of Vcmax and Jmax was subsequently fitted using
the peaked Arrhenius function (Johnson et al., 1942):

f Tkð Þ= k25 � exp E a Tk�298:15ð Þ
R � Tk � 298:15ð Þ


 �
�
1þ exp 298:15�ΔS�Hd

R �298:15
� �

1þ exp Tk �ΔS�Hd
R�Tk

� �
Eqn 20

where f(Tk) is the process rate at a given leaf temperature repre-
senting either Vcmax or Jmax (μmol m�2 s�1). The function is
parameterised by the corresponding process rate at 25°C (k25),

Table 1 Details of parameters, rates and constants used in the P model.

Symbol Description Unit or value in P model References

A Assimilation rate μmol CO2 m
�2 s�1 Farquhar et al. (1980)

AC Carboxylation-limited photosynthetic rate μmol CO2 m
�2 s�1 Farquhar et al. (1980)

AJ Electron transport-limited photosynthetic rate μmol CO2 m
�2 s�1 Farquhar et al. (1980)

Anet Net photosynthesis rate μmol CO2 m
�2 s�1 Farquhar et al. (1980)

c* Cost factor for electron transport capacity 0.41 Wang et al. (2017)
ca Ambient CO2 partial pressure Pa
ci Leaf-internal CO2 partial pressure Pa Farquhar et al. (1980)
Ea,Γ� Activation energy for Γ* 37 830 J mol�1 Bernacchi et al. (2001)
Ea,j Activation energy for Jmax 43 990 J mol�1 Bernacchi et al. (2003)
Ea,ko Activation energy for Ko 36 380 J mol�1 Bernacchi et al. (2001)
Ea,v Activation energy for Vcmax 65 330 J mol�1 Bernacchi et al., 2001
J Rate of electron transport μmol photon m�2 s�1 Farquhar et al. (1980)
Jmax Maximum rate of electron transport μmol photon m�2 s�1 Wang et al. (2017)
Jmax25 Maximum rate of electron transport at 25°C μmol CO2 m

�2 s�1 Wang et al. (2017)
Jmax25,acclim Acclimated maximum rate of electron transport at 25°C

representing photosynthetic capacity adjusted to
previous 15-d optimal environmental conditions

μmol CO2 m
�2 s�1

K The effective Michaelis–Menten coefficient of Rubisco Pa Farquhar et al. (1980)
KC Michaelis–Menten constant for carboxylation Pa Farquhar et al. (1980);

Bernacchi et al. (2001)
KC,25 Michaelis–Menten constant for carboxylation at 25°C 39.97 Pa Bernacchi et al. (2001)
KO Michaelis–Menten constant for oxygenation Pa Farquhar et al. (1980);

Bernacchi et al. (2001)
Ko,25 Michaelis–Menten constant for oxygenation at 25°C 27 480 Pa Bernacchi et al. (2001)
R Universal gas constant 8.314 J mol�1 k�1 Farquhar et al. (1980)
Rd Respiration rate for a single leaf μmol CO2 m

�2 s�1 Farquhar et al. (1980)
Vcmax Maximum rate of carboxylation μmol CO2 m

�2 s�1 Farquhar et al. (1980)
Vcmax25 Maximum rate of carboxylation at 25°C μmol CO2 m

�2 s�1 Farquhar et al. (1980)
Vcmax25,acclim Acclimated maximum rate of carboxylation at 25°C,

representing photosynthetic capacity adjusted to
previous 15-d optimal environmental conditions

μmol CO2 m
�2 s�1

β The ratio of the cost factors for carboxylation and
transpiration capacities at 25°C

146 Stocker et al. (2020)

Γ* Photorespiratory compensation point Pa Farquhar et al. (1980)
Γ*25 Photorespiratory compensation point at 25°C 4.332 Pa Bernacchi et al. (2001)
ξ Sensitivity of ratio of leaf-internal to ambient partial

pressures of CO2 to vapour pressure deficit
Pa1/2 Prentice et al. (2014);

Wang et al. (2017)
φ0 Intrinsic quantum efficiency mol mol�1 Bernacchi et al. (2001)
φ0(T ) Temperature dependence function of intrinsic quantum

efficiency
mol mol�1 Bernacchi et al. (2001)
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the activation energy (Ea kJ mol�1), an entropy term ΔS
(kJ mol�1 K�1) and a deactivation energy (Hd, kJ mol�1). A fixed
value of 200 000 J mol�1 for Hd was constrained (Dreyer
et al., 2001; Medlyn et al., 2002) while k25, Ea and ΔS for the
experiments were estimated using nonlinear mixed-effects mod-
els. For the P model simulations, Vcmax25 and Jmax25 were esti-
mated from environmental drivers within the 15-d acclimation
window, including the acclimation temperature, light, VPD,
atmospheric CO2 and air pressure.

FLUXNET site data

The second dataset included ecosystem-scale measurements from
11 eddy covariance flux towers from the FLUXNET2015 dataset
(Pastorello et al., 2020). The sites are distributed across North
America, Europe, Asia and Australia and represent a range of cli-
mate and vegetation types (Tables 3, S2). All sites are in humid
climates, with mean annual temperature (MAT) ranging from
�3.2°C (CA-Man) to 10.7°C (AU-Tum) and mean annual

Table 3 Information on the eddy covariance flux tower sites.

SiteID Latitude Longitude IGBP Aridity MAT (°C) MAP (mm)

AU-Tum �35.657 148.152 EBF Humid 10.7 1159
US-Ha1 42.5378 �72.172 DBF Humid 6.6 1071
US-UMB 45.5598 �84.714 DBF Humid 5.8 803
CH-Cha 47.2102 8.4104 GRA Humid 9.5 1136
BE-Vie 50.3049 5.9981 MF Humid 7.8 1062
DE-Gri 50.95 13.5126 GRA Humid 8.4 877
DE-Hai 51.0792 10.4522 DBF Humid 8.34 744
CA-Oas 53.6289 �106.2 DBF Humid 0.34 429
CA-Man 55.8796 �98.481 ENF Humid �3.2 520
RU-Fyo 56.4615 32.9221 ENF Humid 3.9 711
FI-Hyy 61.8474 24.2948 ENF Humid 3.8 709

The SiteID is from the FLUXNET2015 dataset (Pastorello et al., 2020). Latitude and longitude are given in decimal degrees, in which positive values are north
and east, respectively, and negative values are south and west, respectively. The International Geosphere and Biosphere Progamme (IGBP) vegetation codes
are evergreen broadleaf forest, deciduous broadleaf forest (DBF), mixed forest (MF), evergreen needleleaf forest (ENF), and grassland (GRA). As indicated by
the aridity column, all sites are considered humid. Site estimates of mean annual temperature (MAT) and mean annual precipitation (MAP) are given.

Table 2 Growth treatment and measurement conditions by dataset and species.

Dataset Species
Measurement PPFD
(μmol m�2 s�1)

Measurement
temperature
range (°C)

Growth
temperature
(°C)

Growth light
(μmol m�2 s�1) Growth moisture References

Eucalyptus
tereticornis
provs,
AU-NSW

Eucalyptus tereticornis
prov. temperate
prov. tropical

1500 18–42 18, 28.5
and 35.5

1120 18°C – 0.7 kPa
28.5°C – 1.46 kPa
35.5°C – 2.2 kPa

Crous et al.
(2018)

Ghannoum
Eucalypt spp.,
AU-NSW

Eucalyptus saligna,
Eucalyptus sideroxylon

1500 15–43 26 and 30 1250 Relative humidity
averaged 70% over
the growing season

Ghannoum
et al. (2010)

Smith C3 spp.,
IN, USA

Acer rubrum

Betula alleghaniensis
Cedrela odorata

Elymus Canadensis

Glycine max
Pinus nigra

Pinus pinaster

Pinus pinea

Pinus sylvestris
Poa pratensis

Quercus virginiana

Tamarindus indica

Triticum aestivum
Ulmus americana

1200 14–50 15, 20, 25,
30 and 35

c. 1470 In each case, relative
humidity was set to
50%

Smith &
Dukes (2017)

The Eucalyptus tereticornismeasurements were made on trees from different provenances (temperate and tropical). The light level is measured by
photosynthetic photon flux density and the growth moisture levels are measured either as vapour pressure deficit or as relative humidity. Growth light and
moisture were either directly obtained from the original paper or extracted from figures using WEBPLOTDIGITIZER (v.5, https://automeris.io/
WebPlotDigitizer).

New Phytologist (2026)
www.newphytologist.com

� 2026 The Author(s).

New Phytologist� 2026 New Phytologist Foundation.

Research

New
Phytologist6

 14698137, 0, D
ow

nloaded from
 https://nph.onlinelibrary.w

iley.com
/doi/10.1111/nph.71062 by N

IC
E

, N
ational Institute for H

ealth and C
are E

xcellence, W
iley O

nline L
ibrary on [21/04/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://automeris.io/WebPlotDigitizer
https://automeris.io/WebPlotDigitizer


precipitation (MAP) ranging from 429 mm (CA-Oas) to
1159 mm (AU-Tum).

We restricted the analysis to the growing season, defined as the
period when daily mean air temperature was above 5°C and the
fraction of absorbed photosynthetically active radiation (fAPAR)
was > 0.3. We applied a 15-d moving window to represent the
acclimation timescale and calculated the growth temperature
(Tgrowth), approximated as Tair in this comparison, as the average
midday air temperature within this 15-d window consistent with
the approach used in the subdaily P model (‘The subdaily P
model’ in the Materials and Methods section).

Observed GPP was taken from the daytime partitioned GPP
(GPP_DT_CUT_REF) provided by FLUXNET2015 (Pastor-
ello et al., 2020).

To obtain simulated GPP, we used site-level meteorological
observations to drive the subdaily P model, including incoming
shortwave radiation (SW_IN_F), air temperature (TA_F),
vapour pressure deficit (VPD_F) and atmospheric pressure
(PA_F). We calculated fAPAR using Beer’s law (Beer et al.,
2010), fAPAR= 1 – exp (�k � LAI) with k= 0.5, based on
Leaf Area Index (LAI) data obtained from the MODIS
MCD15A3H product (Myneni et al., 2015). The sites are dis-
tributed across North America, Europe, Asia and Australia and
represent a range of climate and vegetation types (Tables 3,
S2). Nine of these sites provide information on a half-hourly
timestep, but two of the sites (US-UMB and US-Ha1) only
provide data on an hourly timestep, which was interpolated to
half-hourly resolution for consistency. Observed and modelled
Aopt and the Topt was calculated in the same way: The maxi-
mum half-hourly (or hourly) GPP in each 15-d window was
identified as Aopt, and the corresponding temperature at that
time was taken as Topt.

Statistical analysis

For the gas exchange dataset, Topt and the Jmax25/Vcmax25 ratio
were related to Tgrowth using the Standard Major Axis (SMA)
regression within each Dataset × Species group, while Aopt

(normalised by the group-specific maximum) was analysed
using quadratic regression. Analyses were conducted separately
for woody and nonwoody species. For the FLUXNET dataset,
linear regression was fitted to Topt vs Tgrowth and quadratic
regression to Aopt_norm, where Aopt was normalised by the max-
imum Aopt within each calendar year at that site. SMA regres-
sions were made using the smatr package (Warton
et al., 2012), and quadratic and mixed-effects regression mod-
els were fitted using the NLME package (Pinheiro et al., 2025).
Fitting was performed separately for observed GPP and for P
model GPP. The goodness of fit was summarised by R2 and
Root Mean Square Error (RMSE). The agreement between the
modelled and observational trend was further evaluated using
RMSE_imp. RMSE_imp is calculated by applying the mod-
elled regression line to the observational data and therefore
provides a direct measure of how well the modelled trend
matches the observed data.

Results

The simulated response of Topt under high-light conditions
(1800 μmol photons m�2 s�1) increased with growth tempera-
ture shifting from c. 25°C at a growth temperature of 10°C to c.
38°C at a growth temperature of 40°C (Fig. 2a). Topt was consid-
erably higher than Tgrowth at lower growth temperatures, but the
difference became smaller as growth temperature increased. This
indicates that photosynthesis operates further from the thermal
optimum under cooler conditions and closer to the thermal opti-
mum under warmer growth conditions. Aopt decreased with
increasing growth temperature, with a steeper decline observed at
higher growth temperatures. Across growth temperature of
25–40°C, Aopt decreased by more than 50% between the lowest
and highest growth temperatures. At instantaneous temperatures
above 50°C, GPP declined strongly across all growth tempera-
tures. Additional experiments in which vapour pressure (VP) was
held constant but both growth and instantaneous VPD were
allowed to vary through the temperature dependence of satura-
tion VP showed the same overall pattern, indicating that VPD
changes do not alter the main trends in the temperature response
of GPP (Fig. S1). Modest increases in ci occur across the tem-
perature range considered (Fig. S2a), particularly under lower
growth temperature conditions. Larger changes in ci (declining,
then increasing) are shown in the experiment in which VPD was
allowed to vary with temperature.

The temperature responses of Ac (Fig. 2b) and Aj (Fig. 2c)
change with growth temperature. The peak assimilation rate of
Ac decreased with increasing growth temperature, and the tem-
perature at which the peak occurred ranged between 34°C and
36°C. The peak rate of Aj also declined, but its temperature opti-
mum shifted substantially, increasing from c. 25°C at low growth
temperatures to c. 45°C at high growth temperatures. Depending
on growth temperature, the Topt of A occurred either in the Ac-
limited region or in the Aj-limited region (Fig. 2d). For example,
at a growth temperature of 15°C, the Topt was in the Aj-limited
region, whereas at 35°C, it was located in the Ac-limited region.
These results highlight that the Topt of GPP is not determined by
a single process but emerges from the shifting balance between
carboxylation and electron transport limitations, as well as
changes in the shape of these temperature–response curves under
different growth conditions.

The shift in the optimum temperature of Aj closely matched
that of J (Topt,J), reflecting the direct dependence of Aj on the
electron transport rate (Fig. S3). We examined the factors con-
trolling the acclimated temperature response of J(T) primarily
driven by changes in Jmax25. As growth temperature increases,
Jmax25 declines rapidly (Fig. S4). A lower Jmax25 reduces the capa-
city for electron transport at a given instantaneous temperature
(Fig. S5), which in turn affects the balance between light limita-
tion and capacity limitation in the calculation of J(T).

The position of Topt,J is therefore not determined directly by
the absolute value of Jmax25, but rather by the balance point
between light-driven and capacity-driven processes. A lower
Jmax25 extends the dominance of Aj, and the eventual switch to Ac
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only occurs at higher instantaneous temperatures, resulting in a
higher Topt,J.

On the other hand, the small shift in optimum temperature of
Ac (Topt,Ac) is primarily driven by changes in C i�Γ�

C iþK . The shape of
the Vcmax temperature response is unchanged and mainly reflects
acclimation of ξ (Fig. S6). When ci acclimates through changes in
ξ, the decline of C i�Γ�

C iþK with increasing temperature becomes
slightly less steep. As a result, higher ci at higher growth tempera-
ture (Fig. S6) leads to a weaker temperature-driven decrease in
C i�Γ�
C iþK , which in turn causes a slight rightward shift in Topt,Ac

(Fig. 2b).
The relationship between growth temperature and photosyn-

thetic temperature–response traits was examined for woody and
non-woody species using both experimental data and modelled
outputs (Fig. 3). The observations show a strong increase in Topt

with Tgrowth in woody species (slope= 0.86, RMSE= 5.89°C;
Fig. 3a). However, the relationship for non-woody species was
weak and nonsignificant (slope= 0.59, RMSE= 5.11°C;
Fig. 3a). The subdaily P model produced a consistent positive
relationship for both plant types (Fig. 3a). The modelled slope
was 0.70 for woody species, with a high R2 of 0.72 and a low
RMSE of 2.44°C. For non-woody species, the model predicted a
similar slope (0.68) with an R2 of 0.95 and a low RMSE
(1.06°C), indicating a strong and consistent acclimation response

in the model. The contrast between the clear modelled response
and the absence of a significant observational trend for
non-woody species is not a reflection of the tendency for the P
model to overestimate the response but likely reflects the limited
sample size (426 observations).

The observed relationship between normalised Aopt and
Tgrowth (Fig. 3b) showed a peaked response for woody species,
with an optimum at 22.2°C (R2= 0.29) beyond which photo-
synthetic capacity declined. This shows that there is a threshold
beyond which growth temperature begins to limit photosynthetic
capacity. There was no significant peaked relationship for non-
woody species. The model reproduced this peaked relationship
for both plant types, with a similar optimum of 19°C for woody
and an optimum of 19.5°C for nonwoody species. The model fit
was particularly strong for both woody species (R2= 0.76) and
nonwoody species (R2= 0.99). For woody species, RMSE_imp
was similar to the observational RMSE for both Topt

(RMSE= 5.89°C and RMSE_imp= 5.78°C) and normalised
Aopt (RMSE= 0.13 and RMSE_imp= 0.15), indicating that the
modelled trend closely matched the observed pattern.

The observed and modelled ratio of Jmax25 to Vcmax25 in woody
species declined with increasing Tgrowth (Fig. 4). Both the
observed and modelled Jmax25/Vcmax25 ratios showed a negative
relationship with growth temperature. The observed trend was

Fig. 2 Simulated temperature responses of (a) gross primary production, (b) Ac, (c) Aj and (d) A. Lines are coloured by growth temperature. Red stars
indicate the temperature at which assimilation reaches its maximum. Open circles mark the transition points where limitation shifts between Ac and Aj and
the dashed line with a downward arrow illustrates the shift in the thermal optimum as growth temperature increases from 25°C to 40°C.
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weak (slope=�0.06, R2= 0.30) and variable across species,
whereas the P model produced a much stronger relationship
(slope=�0.04, R2= 0.99) with low scatter (RMSE= 0.03).
The RMSE of the observational fit (0.38) was close to that of the
imposed model regression (0.34). These results suggest that both
the model and observations are consistent in showing a decline in
Jmax25/Vcmax25 with warming, although the observations show
greater variability across species.

Both the P model and observations showed a positive rela-
tionship between Topt of GPP and Tgrowth across all flux tower
sites (Table 4). The model predicted that Topt increased by
0.72–1.13°C for each 1°C increase in Tgrowth across the sites.
The observed responses were similar, with Topt increasing by
0.75–1.07°C for every 1°C rise in growth temperature. While
the direction of change was consistent, the magnitude of the
response differed between sites. At most sites, the P model
produced a slightly higher rate of increase in Topt than that of
the observations, for example at FI-Hyy (model 1.10 vs obs
0.86), CA-Man (1.08 vs 0.96), CA-Oas (0.99 vs 0.75), DE-
Hai (0.98 vs 0.78), BE-Vie (1.13 vs 0.86) and CH-Cha (1.02
vs 0.88).

The P model tends to overestimate the Topt–Tgrowth relation-
ship, with predicted Topt values generally higher than observed
across growth temperatures at most sites (Fig. 5a). This pattern
remained consistent throughout all simulation years in the analy-
sis (Fig. S7). However, the imposed SD was very close to the
observed SD (e.g. DE-Gri: imposed 3.01 vs observed 3.01; AU-
Tum: imposed 2.47 vs observed 2.46). This close match indicates
that the scatter around the relationship was similar, regardless of
whether it was based on the model or observational fit. The

Fig. 3 Observed vs modelled relationships of (a) Topt and growth temperature and (b) Normalised Aopt and growth temperature for woody and nonwoody
species. In the upper panels, points represent values estimated from observations through curve fitting. Black solid lines represent regression fits to
observed data and the grey-shaded area corresponds to the 95% confidence intervals. Blue dotted lines show the P model imposed fits and are the same as
those shown in the bottom panels, and the blue-shaded area corresponds to the 95% confidence intervals. In the lower panels, points represent values
derived from P model simulations driven by the observed environmental conditions. Red solid lines represent P model fits, and the red shaded areas
indicate the 95% confidence intervals. Eucalyptus tereticornis_C and Eucalyptus tereticornis_W correspond to trees from temperate and tropical
provenances, respectively.

Fig. 4 Observed and modelled relationships between Jmax25/Vcmax25 ratio
and growth temperature for woody species. Points represent values
derived from observations (upper panel) and P model simulations driven
by observed environmental conditions (lower panel). Black solid lines
represent regression fits to observed data, and blue dashed lines show P
model imposed fits. Red solid lines represent P model fits. Grey-, blue- and
red-shaded areas indicate the 95% confidence intervals for observed,
imposed and P model fits, respectively.
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similarity in SD suggests that the observed relationship between
Topt and Tgrowth is captured by the P model.

Both the P model and observations showed a peaked relation-
ship between normalised Aopt and growth temperature across all
sites (Table 4; Fig. 5b). In most sites, normalised Aopt increased
with growth temperature up to an optimum and then declined at
higher temperatures, consistent with the trend shown in the gas
exchange experiments.

We tested the impact of using Tair rather than Tleaf at the
FLUXNET sites by running sensitivity analyses in which we
imposed a difference between Tleaf and Tair (ΔT ) ranging from
�2 to +8°C, a range consistent with leaf-level and canopy-level
observations (Linacre, 1964; Michaletz et al., 2016; Dong
et al., 2017; Still et al., 2022; Manzi et al., 2024) with VP fixed
but allowing VPD to increase naturally with temperature over a
range of baseline Tair temperatures from 10 to 40°C. The results
show that substituting Tleaf for Tair would have negligible impact
on the results (Fig. S8; Table S3) at the FLUXNET sites, which
generally have growing season temperatures below 25°C (Fig. 5)
and are located in relatively well-watered regions.

Discussion

The generally good agreement between simulated and observed
A–T relationships shows that the subdaily P model captures the
emergent temperature dependence of photosynthetic parameters.
The model successfully reproduces the observed increase in Topt

with growth temperature, along with the coordinated changes in
Aopt and the decline in Jmax25/Vcmax25. This agreement shows that
the processes embedded in the model, specifically dynamic
adjustment of the Jmax25/Vcmax25 ratio and stomatal behaviour,

are sufficient to explain observed acclimation to temperature.
Thus, the model provides an explanation of how plants balance
carboxylation and electron transport limitations under varying
thermal growing conditions.

The analyses at flux tower sites of necessity used Tair as a surro-
gate for Tleaf. Observations show that leaf temperatures can be
cooler than the air under hot but well-watered conditions and
warmer than the air in cool environments and in warm environ-
ments where high radiation and high VPD limits transpirational
cooling (Linacre, 1964; Michaletz et al., 2016; Dong et al., 2017;
Still et al., 2022; Manzi et al., 2024). Sensitivity analyses show
that increasing or decreasing the Tair by a range consistent with
plausible differences between Tair and Tleaf (ΔT ) show that this
substitution would have little impact on the estimate of Topt

except when Tgrowth was above 30°C or ΔT was very large (8°C).
Most of the FLUXNET sites have growing season temperatures
below 25°C and are located in relatively well-watered regions and
thus it is unlikely that using Tair could significantly biases the esti-
mation of Topt.

Ecosystem-scale estimates of Topt and Aopt from flux towers are
not directly comparable with leaf-level measurements. Flux data
integrate responses across whole canopies and varying environ-
mental conditions, while the experimental data reflect individual
leaf responses under controlled settings. However, the observa-
tions were broadly consistent at both scales, indicating that accli-
mation can be observed at leaf level and at ecosystem level.
Indeed, other studies have reported ecosystem-level acclimation
(Liu et al., 2024; Schneider et al., 2025). Liu et al. (2024) exam-
ined canopy-scale acclimation of photosynthesis using light–
response curves across the FLUXNET2015 dataset to derive max-
imum photosynthetic rate across a range of temperatures (Tair)

Table 4 Summary of site-level relationships between Topt, normalised Aopt and Tgrowth for model and observations (Topt: Slope, R
2 and RMSE; Aopt: R

2 and
RMSE).

Site Var Model_slope Obs_slope Model_R2 Model_SD Obs_R2 Obs_SD Imposed_SD

AU-Tum Topt 1.06 1.07 0.88 1.88 0.77 2.79 2.79
BE-Vie Topt 1.13 0.86 0.84 2.45 0.71 2.75 3.08
CA-Man Topt 1.08 0.96 0.74 3.43 0.55 4.67 4.71
CA-Oas Topt 0.99 0.75 0.81 3.02 0.77 2.60 3.02
CH-Cha Topt 1.02 0.88 0.88 2.47 0.73 3.47 3.59
DE-Gri Topt 1.04 1.03 0.85 2.50 0.77 3.20 3.20
DE-Hai Topt 0.98 0.78 0.77 2.52 0.66 2.61 2.77
FI-Hyy Topt 1.10 0.86 0.85 2.46 0.80 2.26 2.58
RU-Fyo Topt 0.86 0.79 0.75 2.61 0.70 2.65 2.67
US-Ha1 Topt 0.95 0.99 0.81 2.69 0.77 3.21 3.23
US-UMB Topt 0.72 0.84 0.63 2.59 0.57 3.43 3.47
AU-Tum Aopt 0.85 0.07 0.41 0.11 0.13
BE-Vie Aopt 0.84 0.11 0.77 0.12 0.13
CA-Man Aopt 0.35 0.17 0.21 0.28 0.31
CA-Oas Aopt 0.65 0.15 0.80 0.17 0.22
CH-Cha Aopt 0.78 0.11 0.72 0.11 0.12
DE-Gri Aopt 0.81 0.11 0.72 0.14 0.14
DE-Hai Aopt 0.80 0.11 0.76 0.14 0.15
FI-Hyy Aopt 0.82 0.11 0.84 0.10 0.10
RU-Fyo Aopt 0.81 0.10 0.70 0.12 0.13
US-Ha1 Aopt 0.80 0.11 0.78 0.12 0.14
US-UMB Aopt 0.66 0.10 0.71 0.13 0.15

The specific years used for each site and variable are listed in Supporting Information Table S2.
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and vegetation types. Using different configurations of the
Breathing Earth System Simulator model (BESS), they showed
that acclimation was necessary in order to obtain a realistic range
of sensitivities to Tair. The average timescale of acclimation was
ca 14 d, consistent with the assumption used in the subdaily P
model scheme. The average rate of thermal acclimation varied
depending on vegetation type, but the range is consistent with
our findings. They did not consider how Aopt varied with Tgrowth,
nor explain the negative sensitivity to Tair that was shown at high
temperatures. Schneider et al. (2025) analysed the contributions
of different modelled acclimatory processes and compared them
to the same experimental dataset. They highlighted the potential
of optimality principles in capturing acclimation trends across
environmental gradients, and concluded that responses of stoma-
tal sensitivity, photosynthetic capacities and enzyme kinetic

parameters are all needed in order to explain the observed
increases of Topt with growth temperature. However, our P
model implementation (identical with Mengoli et al., 2022),
which includes the stomatal sensitivity and photosynthetic capa-
city responses but no adjustment of enzyme kinetics, is shown
here to reproduce both the increase of Topt and the nonlinear
decline of normalised Aopt with growth temperature (which
Schneider et al. (2025) did not discuss). More detailed compari-
son is impossible because their implementation depends on for-
mulations of AJ and Vcmax that deviate in several respects from
the standard FvCB model as applied here.

Both the experimental and flux tower observations could be
affected by the covariation of VPD and temperature. However,
in our analysis, we kept VPD constant when fitting the modelled
temperature response curves (Fig. 2). The overall similarity

Fig. 5 Relationships between (a) Topt and (b) normalised Aopt with growth temperature across sites in 2007. Black points, black labels, and black-dashed
lines represent observations. Red points, red labels, and red solid lines represent subdaily P model predictions, while blue labels indicate results from the
imposed simulation. Shaded areas represent the 95% confidence intervals for the fitted regressions.
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between the model and observations suggests that temperature is
the main factor driving the observed patterns. In the VPD sensi-
tivity analysis (Fig. S1), while air temperature varied, the ambient
VP was fixed at 500 Pa, meaning that VPD(T )= es(T ) – 500.
Here, es(T ) represents the saturation VP at temperature T. This
configuration keeps absolute humidity constant and allows VPD
to increase with T, which is similar to the ‘constant dewpoint’
scenario used by For the gas exchange dataset, Topt and the
Jmax25/Vcmax25 ratio were related to Tgrowth using SMA regression
within each Dataset × Species group, while Aopt (normalised by
the group-specific maximum) was analysed using quadratic
regression. Analyses were conducted separately for woody and
non-woody species. Additional tests in which VPD was allowed
to vary with temperature produced broadly similar GPP
responses to those obtained when VPD was held constant
(Fig. S1). This similarity in GPP responses suggests that the
response is primarily temperature-driven and is not substantially
modified by the covariation of temperature and VPD.

Empirical schemes (e.g. Kattge & Knorr, 2007; Kumar-
athunge et al., 2019) allow the activation energy (Ea), deactiva-
tion energy (Hd), and entropy term (ΔS ) in the peaked
Arrhenius function to vary as a function of growth temperature
in order to adjust the temperature–response curve parameters of
Vcmax and Jmax; capture how plants grown at higher temperatures
exhibit a less negative ΔS, which delays deactivation at high tem-
peratures and increases Topt. Nevertheless, while these empirical
approaches improve the description of temperature effects, they
rely on empirical parameter fitting rather than mechanistic repre-
sentation of physiological processes (Mercado et al., 2018; Smith
& Keenan, 2020). In the subdaily P model framework, changes
in Topt arise from the environmental control of Jmax25/Vcmax25,
specifically growth temperature, light, VPD and CO2, and thus
do not require calibration of extra parameters.

We have focussed on temperature as the primary driver of
acclimation. However, plants in natural environments are simul-
taneously exposed to other changing factors. Understanding these
additional influences is important for placing temperature-driven
acclimation in a broader ecological context. Observations from
experiments and field studies indicate that plants adjust their
photosynthetic traits not only to temperature (Campbell
et al., 2007; Drake et al., 2015; Crous et al., 2022, 2025;
Dusenge et al., 2024) but also to light, atmospheric CO2 concen-
tration and VPD. Acclimation to light availability has been
reported in diverse ecosystems (Bachofen et al., 2020; Luo &
Keenan, 2020). Long-term CO2 enrichment experiments show
reductions in Vcmax and Jmax under elevated CO2 (Yang et al.,
2020; Smith et al., 2024). VPD has also been identified as a fac-
tor influencing photosynthetic capacity and stomatal conduc-
tance (Marchin et al., 2016; López et al., 2021; Middleby
et al., 2024). These findings indicate that acclimation reflects the
combined influence of growth temperature, light, VPD and
CO2.

The standard version of the P model (Prentice et al., 2014;
Wang et al., 2017; Stocker et al., 2020) captures both the broad-
scale spatial and seasonal patterns in photosynthetic traits as well
as GPP (Smith et al., 2019; Dong et al., 2023; Cai et al., 2025).

In comparison with the 15 dynamic global vegetation models
used in the ‘Trends and drivers of the regional scale terrestrial
sources and sinks of carbon dioxide’ (TRENDY) project (Sitch
et al., 2015, 2024), the model has been shown to simulate both
the spatial patterns and the recent trends in the seasonal maxi-
mum fAPAR as well as the four best models, and achieves the
highest overall R2 of all the models (Cai et al., 2025). The offline
version of the subdaily P model has been shown to be better at
capturing diurnal and seasonal variability in GPP than the Eur-
opean Centre for Medium-Range Weather Forecasts LSM (Men-
goli et al., 2022), and a fully coupled version of this model has
been shown to substantially improve GPP predictions in Noah-
MP (Ren et al., 2025). Nevertheless, both the original form of
the model and the subdaily version overestimate GPP under
drought conditions. A number of empirical corrections have been
developed to account for drought stress by applying a soil moist-
ure stress factor directly to GPP. Drought effects are represented
by multiplying well-watered GPP by a soil moisture stress factor
β(θ), defined as a function of plant-available soil moisture that
increases with θ, reaches unity at a fixed critical threshold θ*, and
remains constant for soil moisture values above this threshold
(Stocker et al., 2020). Mengoli et al. (2025) extended this frame-
work using breakpoint regression to show that the critical thresh-
old θ* and the sensitivity of β(θ) vary systematically with climatic
aridity, allowing the soil moisture response to adjust across eco-
systems. Although these corrections affect GPP rather than mod-
ulating the stomatal response explicitly, they improved P model
predictions of GPP in dry regions. Incorporating drought
responses within the P model framework would require coupling
stomatal conductance more directly to the soil water balance and
relaxing the assumption of a constant unit cost of transpiration,
allowing this cost to vary dynamically with rooting-zone soil
moisture availability. In the current version of the model, we
assume that the quantum efficiency of photosynthesis at given
temperature (φ0) is constant. This is known to be an oversimplifi-
cation (Sandoval et al., 2023) and incorporating a more realistic
treatment of the variation of φ0 with environmental conditions
could further improve the realism of the P model simulations.

Our model predicts an upward shift in Topt with warming but
does not impose an upper limit on this shift because it currently
does not consider the biochemical and biophysical constraints on
photosynthetic metabolism. Increases in Rubisco activity and
electron transport can sustain higher photosynthetic rates only up
to the point where thermal deactivation of key enzymes and
imbalances in energy supply begin to occur (Scafaro et al., 2023).
The subdaily P model does not include the effect of high-
temperature inhibition of enzyme activities. This is likely the
explanation for why the model predicts a larger increase in Topt

than observed at flux tower sites. There are models that account
for declining enzyme activity at higher temperatures, including
the peaked Arrhenius equation (Medlyn et al., 2002), and this
could provide a useful basis for including high-temperature inha-
bitation in an EEO modelling framework. The upper thermal
limit of photosynthetic function is also closely linked to the stabi-
lity of photosystem II (PSII). Global analyses have shown that
PSII heat tolerance averages c. 50°C, with an upper bound
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between 60°C and 66°C (O’Sullivan et al., 2017; Lancaster &
Humphreys, 2020; Posch et al., 2025). The irreversible thermal
damage observed in PSII under extreme heat is not considered in
the current version of the subdaily P model, which therefore is
likely to overestimate photosynthetic performance near the ther-
mal limit in which PSII begins to lose functional stability. Incor-
porating these physiological limits into the model framework
would provide a more realistic representation of the temperature
ceiling for photosynthetic acclimation.

Conclusion

The acclimation of photosynthesis to growth temperature, shown
in both observations at leaf and ecosystem level and in subdaily P
model simulations is a result of the dynamic adjustment of Vcmax25

and Jmax25, and stomatal behaviour. Since the subdaily P model
captures the emergent behaviour of plants in response to changes
in environmental conditions, it provides a way of incorporating
acclimation in land surface models without the need for empirical
functions for individual plant functional types. This should, in
turn, improve the reliability of predictions of changes in GPP and
consequent carbo cycle feedback under future climate change.
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IN, Vogel E, Mareš R, Miyagawa K. 2009. New international formulation for

the viscosity of H2O. Journal of Physical and Chemical Reference Data 38: 101–
125.

Johnson FH, Eyring H, Williams RW. 1942. The nature of enzyme inhibitions

in bacterial luminescence: sulfanilamide, urethane, temperature and pressure.

Journal of Cellular and Comparative Physiology 20: 247–268.
Kattge J, Knorr W. 2007. Temperature acclimation in a biochemical model of

photosynthesis: a reanalysis of data from 36 species. Plant, Cell & Environment
30: 1176–1190.

Koçillari L, Olson ME, Suweis S, Rocha RP, Lovison A, Cardin F, Dawson TE,
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López J, Way DA, Sadok W. 2021. Systemic effects of rising atmospheric vapor

pressure deficit on plant physiology and productivity. Global Change Biology
27: 1704–1720.

Luo X, Keenan TF. 2020. Global evidence for the acclimation of ecosystem

photosynthesis to light. Nature Ecology & Evolution 4: 1351–1357.
Maire V, Martre P, Kattge J, Gastal F, Esser G, Fontaine S, Soussana J-F. 2012.

The coordination of leaf photosynthesis links C and N fluxes in C3 plant

species. PLoS ONE 7: e38345.

Manzi OJL, Wittemann M, Dusenge ME, Habimana J, Manishimwe A,

Mujawamariya M, Ntirugulirwa B, Zibera E, Tarvainen L, Nsabimana

D et al. 2024. Canopy temperatures strongly overestimate leaf thermal

safety margins of tropical trees. New Phytologist 243: 2115–2129.
Marchin RM, Broadhead AA, Bostic LE, Dunn RR, Hoffmann WA. 2016.

Stomatal acclimation to vapour pressure deficit doubles transpiration of

small tree seedlings with warming. Plant, Cell & Environment 39: 2221–
2234.

McDowell NG, Allen CD, Anderson-Teixeira K, Aukema BH, Bond-

Lamberty B, Chini L, Clark JS, Dietze M, Grossiord C, Hanbury-Brown

A et al. 2020. Pervasive shifts in forest dynamics in a changing world.

Science 368: eaaz9463.
Medlyn B. 1996. The optimal allocation of nitrogen within the C3

photosynthetic system at elevated CO2. Australian Journal of Plant Physiology
23: 593–603.

Medlyn BE, Dreyer E, Ellsworth D, Forstreuter M, Harley PC, Kirschbaum

MUF, Le Roux X, Montpied P, Strassemeyer J, Walcroft A et al. 2002.
Temperature response of parameters of a biochemically based model of

photosynthesis. II. A review of experimental data. Plant, Cell & Environment
25: 1167–1179.

Mengoli G, Harrison SP, Prentice IC. 2025. The response of carbon uptake to

soil moisture stress: adaptation to climatic aridity. Global Change Biology 31:
e70098.

Mengoli G, Agust́ı-Panareda A, Boussetta S, Harrison SP, Trotta C, Prentice

IC. 2022. Ecosystem photosynthesis in land-surface models: a first-principles

approach incorporating acclimation. Journal of Advances in Modeling Earth
Systems 14: e2021MS002767.

Mercado LM, Medlyn BE, Huntingford C, Oliver RJ, Clark DB, Sitch S,

Zelazowski P, Kattge J, Harper AB, Cox PM. 2018. Large sensitivity in land

carbon storage due to geographical and temporal variation in the thermal

response of photosynthetic capacity. New Phytologist 218: 1462–1477.
Michaletz ST, Weiser MD, McDowell NG, Zhou J, Kaspari M, Helliker BR,

Enquist BJ. 2016. The energetic and carbon economic origins of leaf

thermoregulation. Nature Plants 2: 16129.
Middleby KB, Cheesman AW, Cernusak LA. 2024. Impacts of elevated

temperature and vapour pressure deficit on leaf gas exchange and plant growth

across six tropical rainforest tree species. New Phytologist 243: 648–661.
Myneni R, Knyazikhin Y, Park T. 2015.MOD15A2H MODIS/Terra leaf area
Index/FPAR 8-Day L4 global 500m SIN grid V006 [WWW document]. NASA

EOSDIS L. Process. DAAC. doi: 10.5067/MODIS/MOD15A2H.006.

Orme CDL. 2024. PYREALM (v1.0.0a0-test). Zenodo. doi: 10.5281/zenodo.
10927149.

New Phytologist (2026)
www.newphytologist.com

� 2026 The Author(s).

New Phytologist� 2026 New Phytologist Foundation.

Research

New
Phytologist14

 14698137, 0, D
ow

nloaded from
 https://nph.onlinelibrary.w

iley.com
/doi/10.1111/nph.71062 by N

IC
E

, N
ational Institute for H

ealth and C
are E

xcellence, W
iley O

nline L
ibrary on [21/04/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://doi.org/10.6084/m9.figshare.7283567.v1
https://doi.org/10.5067/MODIS/MOD15A2H.006
https://doi.org/10.5281/zenodo.10927149
https://doi.org/10.5281/zenodo.10927149


O’Sullivan OS, Heskel MA, Reich PB, Tjoelker MG, Weerasinghe LK,

Penillard A, Zhu L, Egerton JJG, Bloomfield KJ, Creek D et al. 2017.
Thermal limits of leaf metabolism across biomes. Global Change Biology 23:
209–223.

Pastorello G, Trotta C, Canfora E, Chu H, Christianson D, Cheah Y-W,

Poindexter C, Chen J, Elbashandy A, Humphrey M et al. 2020. The
FLUXNET2015 dataset and the ONEFlux processing pipeline for eddy

covariance data. Scientific Data 7: 225.
Pinheiro J, Bates D, R Core Team. 2025. NLME: linear and nonlinear mixed effects
models. R package v.3.1-168. [WWW document]. URL https://svn.r-project.

org/R-packages/trunk/nlme/ [accessed 2 February 2026].

Posch BC, Amoanimaa-Dede H, Aparecido LMT, Atkin OK, Bison NN,

Blonder BW, Coast O, Doughty CE, Guo JS, Van Haren J et al. 2025.High-

temperature acclimation of photosystem II in land plants. New Phytologist 249:
1108–1123.

Potkay A, Feng X. 2023. Do stomata optimize turgor-driven growth? A new

framework for integrating stomata response with whole-plant hydraulics and

carbon balance. New Phytologist 238: 506–528.
Prentice IC, Dong N, Gleason SM, Maire V, Wright IJ. 2014. Balancing the

costs of carbon gain and water transport: testing a new theoretical framework

for plant functional ecology. Ecology Letters 17: 82–91.
Reich PB, Sendall KM, Stefanski A, Rich RL, Hobbie SE, Montgomery RA.

2018. Effects of climate warming on photosynthesis in boreal tree species

depend on soil moisture. Nature 562: 263–267.
Ren Y, Wang H, Harrison SP, Prentice IC, Atkin OK, Smith NG, Mengoli G,

Stefanski A, Reich PB. 2024. Reduced global plant respiration due to the

acclimation of leaf dark respiration coupled with photosynthesis. New
Phytologist 241: 578–591.

Ren Y, Wang H, Harrison SP, Prentice IC, Mengoli G, Zhao L, Reich PB,

Yang K. 2025. Incorporating the acclimation of photosynthesis and leaf

respiration in the Noah-MP land surface model: model development and

evaluation. Journal of Advances in Modeling Earth Systems 17:
e2024MS004599.

Rogers A, Medlyn BE, Dukes JS, Bonan G, von Caemmerer S, Dietze MC,

Kattge J, Leakey ADB, Mercado LM, Niinemets Ü et al. 2017. A roadmap for
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