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Abstract:	 Understanding leaf trait responses to changing atmospheric CO2 
concentrations ([CO2]) is essential for land- surface modelling. Eco-evolutionary 
optimality (EEO) theory predicts coordinated responses in leaf traits that maintain a 
balance of maximum carbon assimilation gain with minimal summed resource use 
costs. Although individual leaf trait responses to atmospheric [CO2] changes are 
relatively well understood, few experiments have documented coordination of 
responses across functional leaf trait categories related to photosynthesis, 
photosynthetic biochemistry, stomatal conductance (gs), and morphology. We 
examined leaf trait coordination in five common crop species, including buckwheat 
(C3), common bean (C3), maize (C4), soybean (C3), and wheat (C3). We specifically 
included traits relevant for testing EEO theory, including diurnal measurements of gs. 
Our results showed that among the four C3 species, gs	and photosynthetic biochemistry 
traits were generally downregulated under elevated atmospheric [CO2], while 
photosynthetic rates increased, in line with P-model predictions. A principal 
component analysis (PCA) on the response ratios across C3 species revealed 
coordinated trait variation along two main axes: principal component (PC) 1 mainly 
described leaf economic traits and PC2	 was mainly related to photosynthetic 
biochemistry and hydraulic capacity, indicating partial decoupling of leaf trait 
coordination. Intraspecific variation can arise from differences in photosynthetic 
pathways, as shown by the distinctive responses of the C4 species maize, with potential 
consequences for trait coordination. Our results provide support for EEO theory on 
predictions of leaf trait combinations and vegetation patterns under future climates. 
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1.	Introduction	

Understanding vegetation responses to anthropogenically 
increased atmospheric CO2 concentration ([CO2]) is essential 
to accurately predict and interpret global water and carbon 
fluxes (Prentice & Cowling, 2013; Calvin et al., 2023). Global 
dynamic vegetation models (GDVM’s) combined with 
photosynthesis models can be used to predict changes in 
primary productivity (Prentice & Cowling, 2013; Prentice et 

al., 2015). A promising approach for understanding and 
simulating these vegetation responses is eco-evolutionary 
optimality (EEO) theory, which states that uncompetitive 
leaf trait combinations are filtered out over time by natural 
selection (Prentice et al., 2014; Franklin et al., 2020; Harrison 
et al., 2021; Mengoli et al., 2022). Community-mean leaf trait 
values, as used in an EEO-based model based on Prentice et 
al. (2014) and referred to as the P-model from here onwards, 
are a combination of both phenotypic plasticity and 
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evolutionary outcomes (Harrison et al., 2021), shaping 
population trait means to maintain a balance of maximum 
carbon assimilation gain with minimal summed resource use 
costs (Dong et al., 2020; Harrison et al., 2021). 

Evolutionary processes act over time-scales of 
decades to millions of years, whereas on a shorter time-
scale of leaf trait acclimation (weeks to years), phenotypic 
plasticity allows for additional trait variation within 
genotypes (Franks, Drake, & Beerling, 2009; Odé et al., 
2025). The EEO-based P-model is based on the premise 
that plants optimize their ratio of leaf intercellular [CO2] 
to atmospheric [CO2], denoted the ci:ca ratio and also 
termed χ (for the definitions of the symbols used in this 
paper, see Table 1) (Prentice et al., 2014; Stocker et al., 
2020).This is accomplished by adjusting a multitude of 
leaf functional traits that can be categorized in line with 

Odé et al. (2025) as those related to stomatal conductance 
(gs), photosynthetic biochemistry, morphology, and the 
overarching category ‘photosynthesis’ which includes 
traits that integrate multiple underlying leaf traits from 
these categories (Odé et al., 2025). The P-model can 
predict these optimal trait combinations, including values 
of gs, the maximum rate of carboxylation (Vcmax) and 
maximum rate of electron transport (Jmax), χ, and nitrogen 
content, using only environmental variables including 
temperature, elevation, humidity, atmospheric [CO2], and 
light quantity (Prentice et al., 2014; Stocker et al., 2020). 
These predictions then allow for evaluation by comparing 
measured trait values under ambient and elevated 
atmospheric [CO2] with the P-model outputs, allowing the 
model to be tested and refined (Harrison et al., 2021). 

Table	1.	Table of symbols and their corresponding definition and units. 

Symbol	 Definition	 Units	
Amax Maximum rate of CO2-saturated photosynthesis μmol m−2 s−1 
Asat Light-saturated photosynthesis rate μmol m−2 s−1 

C:N	ratio Ratio of carbon to nitrogen per leaf area Unitless 
ci:ca ratio of leaf intercellular CO2 concentration to atmospheric CO2 concentration Unitless 
gs Stomatal conductance mol m−2 s−1 

gs(avg) Time-averaged diurnal stomatal conductance  mol m−2 s−1 
gs(op) Operational stomatal conductance mol m−2 s−1 

gs(P-model) Optimal stomatal conductance as predicted by the P-model mol m−2 s−1 
gsmax Maximum anatomical stomatal conductance mol m−2 s−1 
J1000 Light saturated rate of electron transport μmol m−2 s−1 
Jmax	 Maximum rate of electron transport μmol m−2 s−1 
LMA Leaf dry mass per area g m−2 
Narea Nitrogen per leaf area g m−2 
Vcmax	 Maximum rate of carboxylation μmol m−2 s−1 
Vpmax maximum activity of phosphoenolpyruvate carboxylase μmol m−2 s−1 
χ Optimal ci:ca ratio as predicted by the P-model Unitless 
χiso	 Isotope-derived ci:ca ratio Unitless 

The P-model predicts that similar values of χ can be 
achieved with a range of different underlying trait 
combinations across functional trait categories, each 
imposing specific temporal and structural constraints on 
leaf-level adjustments within the limits of the phenotypic 
plasticity of a genotype (Prentice et al., 2014; Harrison et al., 
2021; Odé et al., 2025). This range of combinations reflects 
how leaf traits vary in concert rather than individually, both 
within and across species, a phenomenon known as trait 
coordination (Wright et al., 2004; Maire et al., 2013; Siefert 
et al., 2015; Zhou, Cieraad, & van Bodegom, 2022; Wang et 
al., 2023). Trait coordination reflects underlying 
physiological constraints or trade-offs between traits to 
cope with varying environments (Wright et al., 2004; 
Sanchez-Martinez et al., 2020, 2024). For example, the 
trade-off between stomatal density versus stomatal size 
(Lammertsma et al., 2011; de Boer et al., 2016), and the 
positive relationship between photosynthetic rate and 
stomatal conductance in sun versus shade leaves, reflecting 
increased photosynthetic demands under high light (Wong, 
Cowan, & Farquhar, 1979). However, trait coordination can 
also arise due to shared environmental responses without 

a direct mechanistic link between traits, e.g., in case of 
concerted convergence (Givnish et al., 2005). Regardless of 
the underlying cause, understanding trait coordination is 
essential to validate and improve EEO-based modelling 
approaches (Deans et al., 2020; Harrison et al., 2021).  

Previous research on C3 species has established that 
elevated atmospheric [CO2] increases net photosynthetic 
rates (Norby et al., 2005; Ainsworth & Long, 2005; Leakey 
et al., 2009; Schimel, Stephens, & Fisher, 2015) despite a 
downregulation in photosynthetic biochemistry traits 
(Long et al., 2004; Lee, Barrott, & Reich, 2011; Zheng et al., 
2019; Wang et al., 2020). This is in line with P-model 
predictions, and in addition, EEO-theory combined with the 
coordination hypothesis (Maire et al., 2012; Harrison et al., 
2021) also predicts that responses in the maximum rate of 
carboxylation (Vcmax) and maximum rate of electron 
transport (Jmax) are balanced to prevent overinvestment in 
either trait (Wang et al., 2017). Leaf nitrogen content per 
leaf area (Narea) is often used to predict Vcmax (as nitrogen is 
the main component of ribulose bisphosphate carboxylase-
oxygenase [Rubisco]) through parameterized relationships 
(Smith & Dukes, 2013), though research has shown this 
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relationship to be more complex and dynamically changing 
with environmental variability (Luo et al., 2021; Perkowski, 
Ezekannagha, & Smith, 2025).  

Elevated atmospheric [CO2] also generally reduces the 
operational stomatal conductance (gs as it performs under 
natural field conditions, gs(op)), ensuring optimal carbon 
gain with minimal water loss during the day, consistent 
with predictions from optimality-based stomatal theory 
and the P-model (Medlyn et al., 2011; Murray et al., 2020; 
Prentice et al., 2014). gs is regulated by the stomatal pore 
size, which can operate through (energetically costly) 
changes in guard cell pressure within a range constrained 
by the anatomical maximum stomatal conductance (gsmax). 
gsmax is determined by cuticular morphology, specifically 
pore area, pore depth, and stomatal density. Despite this 
anatomical constraint, the stomatal pore size is highly 
dynamic on a short time scale (minutes to hours) and 
follows a predictable diurnal pattern which is tied to 
changes in environmental variables (mainly light and 
vapour pressure deficit, VPD) (Mcelwain, Yiotis, & Lawson, 
2016; Matthews, Vialet-Chabrand, & Lawson, 2017). Taken 
together, the increase in atmospheric [CO2] is predicted to 
decrease both Vcmax and gs, while maintaining or increasing 
net photosynthesis rates, in line with predictions from the 
P-model.  

Typically, gs is measured at a single timepoint under 
midday conditions (e.g., Murray et al., 2019). In the P-model, 
χ is optimized to ambient growth conditions in coordination 
with Vcmax, and a gs that is coordinated with Vcmax, thus 
representing a time-averaged value (gs(P-model)) (Stocker et al., 
2020). As these three traits can vary at different time scales 
and especially gs has strong diurnal variability (Odé et al., 
2025), it is unclear whether conventional methods to 
measure gs at a midday time (Mcelwain, Yiotis, & Lawson, 
2016) accurately represents the optimized gs(P-model). 
Therefore, we aimed to determine whether the commonly 
used midday measurement of gs can serve as a proxy for gs(P-

model), by comparing it to a diurnally time-averaged measure 
of gs. Additionally, Mcelwain, Yiotis, & Lawson, 2016 and 
Murray et al. (2020) found the gs(op):gsmax ratio to be 
conservative at approximately 0.25, reflecting a gs where 
small changes in guard cell pressure lead to relatively large 
changes in stomatal pore size and consequent gs, and thus an 
operational state that can exert most stomatal control over 
rates of gas exchange (Franks et al., 2012). Previous studies 
show that in general, both gs (Ainsworth & Long, 2005) and 

gsmax (Lammertsma et al., 2011) decline under elevated 
atmospheric [CO2], although there are exceptions, and gsmax 
may take multiple seasons and/or generations to fully 
respond (Hincke et al., 2016). Although the gs(op):gsmax ratio 
is commonly used for paleo-climate reconstruction 
purposes on an evolutionary timescale (e.g., Franks & 
Beerling, 2009; McElwain & Steinthorsdottir, 2017), it is 
also highly relevant on a timescale over which phenotypic 
plasticity occurs. In many vegetation models, the timescale 
for acclimation through phenotypic plasticity is typically 

similar to the timesteps, and since gsmax	 defines the 
operational limit of gs, this anatomical trait may constrain 
the timeframe for the acclimation of gs(op) (Franks et al., 
2012; Odé et al., 2025). Therefore, we examined the 
responses of gs(op):gsmax to elevated atmospheric [CO2] in 
this experiment.  

Previous research on leaf trait coordination has 
focused on a selection of trait categories (Cui et al., 2020; Li 
et al., 2023), effects of environmental change other than 
atmospheric [CO2] (Conesa et al., 2020; Dong et al., 2020; 
Xie, Wang, & Li, 2022; Xiong, Douthe, & Flexas, 2018; Xu et 
al., 2021b), or trait coordination within a single species or 
genotype (Augustine & McCulloh, 2024; Blackman et al., 
2016). Here we aim to examine the coordination of trait 
responses to elevated [CO₂] across multiple functional 
categories among multiple species. We selected a variety of 
five fast-growing common crop species established in the 
literature to improve understanding of the effect of rising 
atmospheric [CO2] levels on plant performance (Zheng et 
al., 2019; Ainsworth & Long, 2021). We applied a variation 
on the principal component analysis (PCA) method to 
specifically examine the coordination of trait responses, 
rather than raw trait values, to focus on trait coordination 
within phenotypic plasticity ranges (Sanchez-Martinez et al., 
2020, 2024; Anderegg, 2023). We paid particular attention 
to the traits that are relevant for the P-model, including Vcmax, 
Jmax, gs, ci:ca and the ratio of gs(op):gsmax, and compared them 
with P-model predictions. Owing to the importance of gs(op) 
in the coordination of gas exchange, this study compares the 
common midday measurement as a proxy for gs(op) with 
diurnally time-averaged measurements of	gs.  

2.	Methodology	

2.1.	Experimental	design	

The experiment was conducted at the University of 
Western Australia plant growth facilities (31°59′04.2″ S 
115°49′10.9″ E). Five common crop species, consisting of 
the C3 species soybean (Glycine	max, strain PI408105A 
from Salim et al. (2022)), common bean (Phaseolus	
vulgaris, ‘borlotti’, sold by Mr. Fothergills), common 
wheat (Triticum	 aestivum), and buckwheat (Fagopyrum	
esculentum, sold by myorganics) and the C4 species maize 
(Zea	mays, ‘Sweet Corn Early Extra Sweet F1′, sold by Mr. 
Fothergills). For each species and treatment combination, 
3 to 5 seeds were planted in 1 litre pots with sterilized 
potting soil, and supplemented with common slow release 
fertilizer grains (5 g/L). After germination, the seedlings 
were thinned to one plant per pot. All plants were grown 
in walk-in climate controlled chambers in a staggered 
fashion over time with 1 to 2 week increments separating 
each new cohort. Plants of each species were grown at an 
ambient atmospheric [CO2] of 400 ppm (‘AC’ treatment) 
and a high atmospheric [CO2] of 1000 ppm (‘HC’ 
treatment). Each species-treatment consisted of 9 
replicate plants, except for buckwheat and maize which 
comprised 8 replicate plants. This resulted in a total of 86 
plants. Table 2 provides an overview of the experimental 



Odé et al.   Plant	Ecophysiol.	2026,	2(2), 1 

https://doi.org/10.53941/plantecophys.2026.100003  4 

species, species properties and number of replicates. 
Measurements of each population started when the first 
fully-grown leaf was available, and the different sets of 
measurements for each species were implemented over a 
short time period to limit age effects (typically within 1–2 
weeks). Plants were re-randomised regularly. 

2.2.	Plant	growth	conditions	

Chamber environmental conditions used a day-night 
cycle of 12 + 12 h, with the daytime conditions between 
9:00 am and 9:00 pm. Daytime conditions were set at 30 
degrees Celsius (°C) and LED lights provided a 

photosynthetic photon flux of 700 μmol m−2 s−1. Nighttime 
conditions were set at 20 °C and 0 μmol m−2 s−1 
photosynthetic photon flux. The temperature ramp from 
20 °C to 30 °C took 40 min. Relative humidity (RH) was set 
not to drop below 40% to prevent excessive evaporation. 
See Table 3 for an overview of the growth chamber 
conditions. Plants were watered by hand in the 
germination phase and, after thinning, watered by an 
automated dripping system per pot. Growth chamber 
atmospheric [CO2] was controlled to allow addition but 
not removal of atmospheric [CO2]. 

Table	2.	Experimental species, species properties and number of replicate individuals (N) per species and atmospheric 
[CO2] treatment combination. 

Species	 Photo‐Synthetic	
Pathway	

Type	 N	
AC	(400	ppm)	

N	
HC	(1000	ppm)	

Life	Form	 Growth	
Form	

Buckwheat  
(Fagopyrum	esculentum) 

C3 Eudicot 8 8 Annual Forb 

Common bean  
(Phaseolus	vulgaris) 

C3 Eudicot 9 9 Annual Forb 

Soybean  
(Glycine	max)	 C3 Eudicot 9 9 Annual Forb 

Wheat  
(Triticum	aestivum) C3 Monocot 9 9 Annual Grass 

Maize  
(Zea	mays) 

C4 (NADP-ME 
subtype) 

Monocot 8 8 Annual Grass 

Table	3.	Overview of growth chamber conditions during daylength, including the growth chamber setpoint and the mean 
and standard deviation (SD) of the measured values inside the growth chambers of temperature, light, atmospheric [CO2] 
concentration, 13C/12C air isotope ratio, and relative humidity. 

Chamber	Variable	 Setpoint	 AC	Chamber	(mean	±	SD)	 HC	Chamber	(mean	±	SD)	
Temperature (°C) 30 29.7 ± 1.39 29.7 ± 1.40 

Light (µmol s−1 m−2) 700 700.1 ± 5.29 700.5 ± 6.9 
Atmospheric [CO2] (ppm) 400 or 1000 404.8 ± 14.8 1000.1 ± 62.7 

δ13Cair (‰) - −12.59 ± 0.23 −25.14 ± 0.06 
Relative humidity (%) >40%  49.7 ± 5.5 60.35 ± 5.7 

2.3.	Leaf	gas	exchange	measurements	

Leaf gas exchange and photosynthesis measurements 
were done using a LI6400/XT portable photosynthesis 
system. Continuous diurnal time series of gs to water vapour 
were measured for all species except buckwheat. The 
LI6400/XT settings were configured to mimic the growth 
chamber conditions: CO2-sample at native atmospheric 
[CO2] (400 ppm or 1000 ppm), photosynthetically active 
radiation (PAR) 0 μmol m−2 s−1 in the dark period and 700 
μmol m−2 s−1 in the light period, flow 400 µmol s-1, and leaf 
temperature at 20 °C in the dark period and 30 °C in the light 
period. For each species-treatment combination, the first 
healthy, fully expanded leaf was measured from each 
individual plant every 1 to 1.5 h. This included three 
individual plants for common bean and soybean, and four 
individual plants for maize and wheat. For all wheat gas 
exchange measurements, two non-overlapping leaves per 
plant of similar age were enclosed within the sample 
chamber of the photosynthesis system to ensure that the 

sample chamber completely filled. Measurements were 
performed approximately between 7:30 AM and 8:00 PM. 
The stomatal conductance of the diurnal timeframe was 
measured as a fast measurement. That is, the stomatal 
conductance was recorded before the leaf started adjusting 
to the environment of LI6400/XT sample chamber, even 
though the environmental variables of the chamber were 
equivalent to those of the growth room. This resulted in 27–
40 datapoints per species-treatment combination per day. 
The time-averaged gs (gs(avg)) of a leaf was calculated using 
the ‘trapz’ function of the R package ‘pracma’, version 2.4.4 
(Borchers, 2011), which computes the area under the 
diurnal curve using the trapezoidal rule, divided by the total 
diurnal measurement time. 

As described for the diurnal measurements, gs(op)	
recorded between 1:30 PM and 4:00 PM was taken as a 
fast measurement on all species to avoid acclimation to 
the LI6400/XT chamber. Leaves that were fully expanded 
and of approximately the same leaf age were selected and 
marked for measurement. One leaf of each replicate plant 
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per species-treatment combination was measured. To 
minimize differences in gs due to the specific time of day 
between the two treatments, we alternately measured 
two plants per treatment. The Licor settings were the 
same as for the diurnal measurements to mimic the 
growth room conditions. In addition, directly after the 
gs(op) measurements, and while keeping the leaf in the 
Li6400/XT sensor head, a light-saturated photosynthesis 
(Asat) measurement was taken by increasing the light 
quantity to 1000 μmol m−2 s−1. For all species except 
buckwheat, an additional Asat measurement was taken at 
400 ppm CO2-sample settings on the HC population in 
order to compare the impact of biochemical adjustment 
on photosynthetic capacity.  

The relationships between Asat and the intercellular 
[CO2] concentration (Ci), termed A‐Ci response curves, 
were measured over an interval of 3–5 days per species 
on the same leaves as the gs(op) measurements using the 
same photosynthesis system as described above. A total 
of 5–6 curves per species and treatment were derived, 
except buckwheat in the AC treatment, from which four 
curves were derived due to time constraints. Settings of 

the photosynthesis system were as follows: PAR 1000 
μmol m−2 s−1 (determined to be a saturating level based on 
light response curves), leaf temperature (Tleaf) 30 °C, RH 
50–70%. A‐Ci curves were obtained after	gs had achieved 
a steady-state under an atmospheric [CO2] within the leaf 
chamber (Ca) equivalent to the growth room concentration 
(400 or 1000 ppm). A range of Ci was achieved by varying 
Ca in a stepped sequence (Table 4). The maximum rates of 
Vcmax (μmol m−2 s−1) and the potential electron transport 
rate at saturating light intensity termed J1000 (μmol m−2 
s−1) (Buckley & Diaz-Espejo, 2015) were estimated from 
the obtained A‐Ci curves using the ‘fitaci’ function of the 
‘plantecophys’ R package version 1.4–6 (Duursma, 2015), 
which estimates the photosynthetic parameters based on 
the Farquhar, von Caemmerer, & Berry (1980) biochemical 
model of C3 photosynthesis. The estimated parameters 
were standardized to 25 °C as by default. For wheat we 
used the bilinear fit method, and for buckwheat we 
adjusted the alpha parameter to 0.4 to obtain fits. The 
obtained parameters will be referenced as Vcmax25 and J1000	
throughout the rest of the paper.  

Table	4.	Overview of the gas exchange- and photosynthesis measurements with their corresponding LI6400/XT settings 
of light quantity (μmol m−2 s−1), and atmospheric [CO2] concentration (ppm). AC represents the ambient atmospheric [CO2] 
treatment and HC the high atmospheric [CO2] treatment. 

Measurement	
Measured	
Treatments	

Light	
(μmol	m−2	s−1)	

Photosynthesis	System	[CO2]	Setting	(ppm)	

Asat_400 AC 1000 400 
Asat_400	 HC 1000 400 
Asat_1000 AC 1000 1000 
gs(op)	 AC 700 Growth chamber [CO2] 
gs(op)	 HC 700 Growth chamber [CO2] 

gs (diurnal) AC 700 Growth chamber [CO2] 
gs (diurnal)	 HC 700 Growth chamber [CO2] 
A‐Ci curve AC C3 species 1000 400–300–150–50–400–600–800–1200–1500–1800–2000 
A‐Ci curve	 HC C3 species 1000 1000–800–600–400–300–150–50–400–1000–1200–1500–1800–2000 
A‐Ci curve	 AC C4 species 1000 400–300–200–100–50–400–600–800–1000–1400–1700–2000 
A‐Ci curve	 HC C4 species 1000 1000–800–600–400–300–200–150–100–50–400–1000–1200–1500–2000	

For the C4 species maize, we based our method on 
Fan et al. (2025) and estimated the maximum activity of 
phosphoenolpyruvate (PEP) carboxylase (Vpmax), 
corresponding to VpmaxA in (Fan et al., 2025), which is 
related to the initial slope of the A‐Ci curve (Ci	< 100 ppm) 
as follows: 

𝐴 ൌ 𝑉௣ െ 𝑅௠ ൌ
𝐶௜𝑉௣௠௔௫
𝐶௜ ൅ 𝐾௣

െ 𝑅௠ (1)

where A is the net [CO2] assimilation rate (µmol CO2 m−2 

s−1), Vp is the rate of PEP carboxylation (µmol CO2] m−2 
s−1), Kp is the [CO2] Michaelis-Menten constant (µ bar), and 
Rm is the daytime mitochondrial respiration in mesophyll 
cells, assumed half the daytime leaf mitochondrial 
respiration rate (µmol CO2 m−2 s−1). Kp was adjusted for 
Tleaf following Boyd, Gandin, & Cousins (2015): 

𝐾௣ ൌ 𝐾௣ଶହ ൈ 𝑒
ாೌሺ்೗೐ೌ೑ିଶହሻ/ሺଶଽ଼.ଵହோ൫்೗೐ೌ೑ାଶ଻ଷ.ଵହ൯ሻ	 (2)

where Kp25 is the Kp measured at 25 °C, Ea is the activation 
energy of Kp, and R is the molar gas constant. Rday was 
adjusted for Tleaf as: 

𝑅ௗ௔௬ ൌ 𝑅ௗ௔௬ଶହ ൈ 𝑄10
்೗೐ೌ೑ିଶହ

ଵ଴ 	 (3) 

where Q10 is 2 (Huntingford et al., 2013), and Rday is set at 
1.1 (Fan et al. (2022). Since it is difficult to distinguish the 
limiting factors at high Ci, a region of the C4 A-Ci curve 
where (co-)limitation by Rubisco activity, ribulose-1,5-
bisphosphate (RuBP) regeneration and/or PEP regeneration 
is possible, we estimated the rate of CO2-saturated net 
photosynthesis (Amax) using the range of Ci. Amax is limited by 
both Vcmax25 and Jmax25 and was estimated as: 

𝜃 ሺ𝐴 ൅ 𝑅𝑑𝑎𝑦ሻଶ െ ሺ𝑎𝐶𝑖 ൅ 𝐴𝑚𝑎𝑥ሻሺ𝐴 ൅  𝑅𝑑𝑎𝑦ሻ
൅  𝛼𝐶𝑖𝐴𝑚𝑎𝑥 ൌ 0	

(4) 

where 𝜃  is the curvature factor of the A‐Ci curve, 
assumed to be 0.7 (unitless) (Sonawane et al., 2018; Von 
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Caemmerer, 2021), and 𝛼 is the initial A‐Ci curve slope 
(µmol [CO2] m−2 s−1). 

An overview of the gas exchange- and photosynthesis 
measurements and the corresponding settings of the 
photosynthesis system can be found in Table 4.  

2.4. Stomatal morphology 

Leaf epidermal imprints were taken from each plant 
per species-treatment combination, from the same leaf as 
the gs(op) and A‐Ci measurements, at the end of the 
measuring period. A thin layer of transparent nail varnish 
of approximately 5 × 5 mm was applied on both sides of 
the leaf because all species were amphistomatous, 
avoiding the mid vein and leaf edges. After ~15 min of 
drying, the varnish was peeled off with cellophane tape 
and mounted onto a microscopy slide. Wheat imprints 
were made of both leaves per plant that were used for the 
LI6400/XT measurements, and the results were averaged 
for the two leaves, per leaf side. Microscope photos were 
taken on a Leica DM6000 microscope. Stomatal density 
was measured in ImageJ version 1.53t (Schneider, 
Rasband, & Eliceiri, 2012) from an average of 5 fields of 
view at 100× or 200× magnification per leaf side per 
sample. Stomatal dimensions were measured at 400× 
magnification, as an average of three stomata measured 
per sample per leaf surface (amounting to 27 
measurements per species-treatment combination per 
leaf surface). Theoretical maximum stomatal conductance 
was calculated following Franks and Farquhar (2001) as 

𝑔௦௠௔௫ ൌ  
𝐷௦ ൈ 𝑎௠௔௫

𝑑ுଶை
𝑤௩

𝑑௣ ൅
𝜋
2ඥ𝑎௠௔௫/𝜋

	 (5)

where dH2O is the diffusivity of water vapour in air; wv is 
the molar volume of air normalized to 25 °C; dp is the 
stomatal pore depth, which was assumed equal to the 
guard cell width. The maximum pore size, amax, is assumed 
to be an ellipse for the species with kidney shaped 
stomata (buckwheat, common bean, soybean) and was 
calculated as: 𝑎௠௔௫ ൌ 𝜋 ൈ ሺ𝑝𝑜𝑟𝑒 𝑙𝑒𝑛𝑔𝑡ℎሻଶ/8 . Maximum 
pore size for the species with dumbbell shaped stomata 
(wheat and maize) is assumed to be rectangle shaped; amax 
was therefore calculated as: 𝑎௠௔௫ ൌ 𝜋 ൈ ሺ𝑝𝑜𝑟𝑒 𝑙𝑒𝑛𝑔𝑡ℎሻଶ/
10  (Franks et al., 2014; SI Table 2). gsmax was then 
calculated as the sum of the abaxial- and adaxial gsmax. The 
stomatal ratio was calculated as abaxial stomatal 
density/total stomatal density (abaxial + adaxial), 
following Muir (2019). 

2.5.	Leaf	morphology	and	leaf	carbon	and	nitrogen	content	

The leaf of each plant used for gas-exchange and 
photosynthesis measurements was cut at the leaf base 
and stored immediately in sealed bags with moist tissue 
paper to avoid shrinkage due to desiccation. The leaves 
were scanned with an Epson photo scanner as soon as 

possible after harvest, and the area was measured in 
ImageJ version 1.53t to determine the projected leaf area. 
Leaves were then oven dried at 60 °C for at least 48 h, and 
weighted to obtain the dry mass. Leaf mas per area (LMA) 
was then calculated per leaf of each plant as dry mass 
divided by leaf projected area in g m−2. Leaves were then 
finely ground using a Retsch MM400 ball-mill grinder 
(Verder Scientific, Inc., Newtown, PA, USA) and prepared 
for stable carbon isotope- and carbon and nitrogen 
content analysis, as a combined measurement. From the 
ground material 1 mg was weighed and leaf carbon and 
nitrogen content (g g−1) was measured using a Thermo 
Scientific™ Flash IRMS™ Elemental Analyser (Waltham, 
MA, USA). Leaf nitrogen per unit leaf area (Narea, gN m−2) 
was calculated by multiplying leaf nitrogen content (Nmass; 
gN g−1) with LMA (g m−2). Methodology on the leaf carbon 
isotopes and isotope derived χ (χ(iso)) can be found in the 
Supplemental Information. 

2.6.	Statistical	analyses	and	modelling	

All statistical analyses were conducted in R version 
4.2.3. Data were quality checked and for each trait a linear 
model was built to investigate the impact of species, (CO2) 
treatment, and species-treatment interaction on each 
trait. The models were tested for outliers using a 
Bonferroni outlier test with the function ‘outlierTest’ of 
the ‘car’ package (version 3.1-3) (Fox, Weisberg, & Price, 
2001). Normal distribution of data was checked visually 
by QQ-plots and tested by the base R Shapiro-Wilk 
normality test. Normality of residuals was addressed 
using residual plots and the ‘check_normality’ function 
from the R package ‘performance’ (version 0.14.0) 
(Lüdecke et al., 2021). Data were log-transformed if this 
resulted in better residual plots. Species, treatment, and 
their interaction effects on group means were tested using 
a two-way Type II ANOVA when ANOVA assumptions 
were met. If significant interaction effects were detected, 
a Type III ANOVA was used. If the ANOVA assumption of 
normal data distribution was violated, we used a Kruskal-
Wallis test, and a Bonferroni adjusted Dunn’s test as post-
hoc using the ‘dunnTest’ function from the R package 
‘FSA’, version 0.10.0. If variances were unequally 
distributed, we used a Welch T-Test. Eta-squared (partial) 
effect sizes for ANOVA were calculated using the function 
‘etaSquared’ from the R package ‘lsr’, version 0.5.2. The R 
package ‘emmeans’ version 1.11.0 (Lenth, 2017) was used 
for ANOVA post-hoc comparisons. Statistics for the 
photosynthetic biochemistry traits were done separately 
for the C3 and C4 species maize, due to their inherently 
different mechanisms for carbon fixation. Detailed 
statistical output can be found in Table S1.  

For the response ratios, we calculated the average value 
for each trait across all C3 species. The trait ‘ci:ca ratio’ is 
derived from measurements coincident with the Asat	
measurement. Then the response ratio was calculated as 
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mean HC/mean AC and log10 transformed, where the 
standard error was obtained as the standard deviation of the 
response ratios across species divided by the square root of 
the number of species. A principal component analysis (PCA) 
and its visualisation using the function ‘fviz_pca’ from the R 
package ‘factoextra’ was applied (Kassambara & Mundt, 
2016) on the log10 response ratios. For the PCA	we selected 
only the C₃ species, since the C₄ species maize lacks data for 
the traits χ(iso),	 Vcmax25, and J1000, which we considered 
essential to the P-model. The PCA analysis was based on a 
selection of key trait responses per functional category, to 
avoid correlation due to underlying mathematical similarities 
(e.g., we avoided using LMA and Narea together, since we used 
LMA as conversion factor for Narea). Since the PCA included 
fewer variables than leaf traits (one response ratio value for 
each leaf trait per species) and there is a limited sample size of 
four (C3) species, we emphasize that this analysis was solely 
for trait relationship exploration and not for quantitative 
analysis and interpretation. Predictions from the P-model 
were obtained using an R implementation of the P-model as 
described by Smith et al. (2019), which is available on Github 
with DOI https://doi.org/10.5281/zenodo.14186765 (Nick 
Smith’s Ecophysiology Lab, McNellis, & Keenan, 2024). This 
function will calculate optimal Vcmax, gs, χ, and Narea from 
environmental input variables of temperature, PAR, VPD, 
elevation, and an estimate for the quantum efficiency of 
photosynthetic electron transport, and the curvature of the 
light response curve of photosynthetic electron transport. 
Environmental variables used as input corresponded to the 
growth chamber conditions (Table 3). Optimal Asat was 
derived with the ‘Photosyn’ function of the ‘plantecophys’ R 
package version 1.4-6 (Duursma 2015) using the modelled 
optimal values of Vcmax25, gs(p-model) and saturating light level 
(1000 µmol s−1 m−2) as input. The response ratios of the 
optimal trait predictions were then calculated similar to the 
mean measured traits (log10 (HC/AC)). Simulated ci:ca values 
were calculated using the same ‘Photosyn’ function, based on 
the measured Vcmax25 and either gs(op) or gs(avg) values, with the 
growth chamber conditions provided as environmental 
input. For samples without Vcmax25 measurement (but gs(op) 

and gs(avg) present) the average Vcmax25 value of the 
corresponding species-treatment combination was used.  

3.	Results	

3.1.	Photosynthesis	

The light-saturated photosynthetic rate (Asat) was 
higher under elevated atmospheric [CO2] in all species 
except wheat (Figure 1, Asat (g400-m400) versus Asat 
(g1000-m1000)). In the HC treatment, values of Asat were 
higher by 36.9% (p < 0.05) in common bean, 43.7% (p < 
0.01) in buckwheat, 69.0% (p < 0.001) in maize, and 
64.3% (p < 0.001) soybean, respectively, while there was 
no treatment effect in wheat (2.29% lower). Overall, there 
was a significant species-treatment interaction between 
those populations (p < 0.01, η2 = 0.21). Comparing Asat 

(g400-m400) versus Asat (g1000-m400) also revealed a 
significant interaction effect of species and treatment (p < 
0.05, η2 = 0.16). In this case, Asat (g1000-m400) was lower 
than Asat (g400-m400) in common bean by 74.3% (p < 
0.001), in maize by 26.9% (p < 0.05), in soybean by 50.7% 
(p < 0.01), and in wheat by 52.2% (p < 0.001). The lower 
Asat (g1000-m400) compared Asat (g1000-m1000) reflects 
a stomatal response to atmospheric [CO2] levels, since 
both populations were grown at the same [CO2] but 
measured at different [CO2] concentrations. The higher 
Asat (g400-m400) versus Asat (g1000-m400) may indicate 
a combination of a downregulation of photosynthetic 
biochemical capacity and a stomatal response to elevated 
atmospheric [CO2].  

δ13C measurements were conducted, but the air in the 
HC chamber had an unusually low δ13C composition, which 
resulted in calculated χiso values exceeding 1. Because ci:ca 

values above 1 are biologically difficult to explain and 
reliability was too uncertain (Figure S1), χiso values are not 
reported and not included in further analyses.  

3.2.	Photosynthetic	biochemistry	

Vcmax25 of the C3 species (Figure 2A) showed a 
significant species (p < 0.001, η2 = 0.79) and treatment (p 
< 0.001, η2	=	0.33) effect. At elevated atmospheric [CO2], 
average Vcmax25 was lower by 40.7% in common bean (p < 
0.001), 5.87% in buckwheat (not significant, [NS]), 11.0% 
in soybean (NS) and 27.3% in wheat (p < 0.05). For J1000	

(Figure 2B), there was a significant species effect in the C3 
species (p < 0.001, η2	=	0.67), but no significant treatment 
effect. However, average J1000 was lower in HC compared 
to AC in common bean by 31.5% (NS), in soybean by 
12.1% (NS), and in wheat by 2.37% (NS). In buckwheat, 
average J1000 was 1.71% (NS) higher in HC than in AC. 
Owing to the general downregulation of Vcmax25 without 
significant treatment responses of J1000, the ratio 
J1000/Vcmax25 (Figure 2C) shows a significant species (p < 
0.05, η2 = 0.21) and treatment (p < 0.01, η2	=	0.22) effect 
within the C3 species. Average values of the J1000/Vcmax25 
ratio in HC were higher than AC in common bean by 
16.5% (p < 0.05), in buckwheat by 10.8% (NS), in soybean 
by 0.274% (NS), and in wheat by 25.6% (p < 0.05). There 
was a significant species-treatment interaction effect on 
Narea (p < 0.05, η2 =0.13) (Figure 2D). Elevated 
atmospheric [CO2] led to a lower average Narea in all 
species, specifically in common bean by 26.8% (p < 0.05), 
in buckwheat by 17.9% (p < 0.001), in soybean by 23.4% 
(p < 0.001), in wheat by 15.9% (p < 0.05), and in maize by 
10.9% (NS). For the C4 species maize, atmospheric [CO2] 
had no significant treatment effect on Vpmax, as determined 
by a Welch T-Test, though average Vpmax was 14.6% higher 
at HC compared to AC (Figure 2E). There was also no 
significant treatment effect on Amax, as revealed by a T-
Test, since average Amax was higher by only 2.88% in HC 
compared to AC (Figure 2F).
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Figure	1.	Boxplots of three different Asat (μmol CO2 m−2 s−1) measurements per treatment and species. For each species, the 
AC population was measured at AC (400 ppm) CO2 concentration (Asat (g400-m400)), and the HC population was measured at 
HC (1000 ppm) CO2 concentration (Asat (g1000-m1000)) and AC (400 ppm) CO2 concentration (Asat (g1000-m400)). Point 
represent individual datapoints. Boxes indicate median, first quartile, and third quartile of the observed data. Whiskers are the 
furthest data point, no further than 1.5 times the inner quartile range. Species, treatment, and species x treatment interactions 
effects (S X T) significances are indicated as NS	=	not significant, * = p < 0.05, ** = p < 0.01, and ***	=	p < 0.001. 

 

Figure	2.	Boxplots of (A) Vcmax25 (B) J1000 and (C) J1000/Vcmax25 of the C3 species, ratio (D) Narea of all species, and (E) Vpmax, 

and (F) Amax of the C4 species, per species and treatment. Boxes indicate median, first quartile, and third quartile of the 
observed data. Point represent individual datapoints. Values are plotted on a log10-transformed axis. Whiskers are the 
furthest data point, no further than 1.5 times the inner quartile range. Species, treatment, and species x treatment 
interactions effects (S X T) significances are indicated as NS = not significant, * = p < 0.05, ** = p < 0.01, and ***	=	p < 0.001.	
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3.3.	Stomatal	conductance	

Diurnal measurements of gs (Figure 3A–D) show large 
variability between species as well as within species. Values 
of gs (mol m−2 s−1) ranged between 0.0011–0.36 for common 
bean, 0.021–0.22 for maize, 0–0.40 for soybean, and 0–0.95 
for wheat. There was a significant treatment effect on gs(op) (p 
< 0.05, η2 = 0.07), besides an overall species effect on gs(op) (p 
< 0.001, η2 = 0.75) (Figure 3E). The partial effect sizes imply 
that species is the main factor contributing to the variance in 
gs(op). Average values of gs(op) were lower under elevated 
atmospheric [CO2] by 3.53% in common bean (NS), 1.96% in 
buckwheat (NS), 42.2% in maize (p < 0.01), and 32.4% (NS) 
in soybean. In contrast, in wheat gs(op) was higher by 20.0% 
(NS). The AC chamber’s somewhat higher VPD could have 
reduced daytime stomatal opening, limiting the CO₂ treatment 
effects on gs(op). A significant species-treatment interaction 
effect on gs(avg) (p < 0.05, η2 = 0.38) was found: under elevated 
[CO2], average gs(avg) was higher by 43.2% (NS) in common 
bean and by 96.3% in wheat (p < 0.01), and decreased by 
24.8% (NS) in maize, and 16.1% (NS) in soybean.  

Elevated atmospheric [CO2] had no significant 
treatment effect on gsmax, but variation in gsmax was mainly 
determined by species (p < 0.001) as revealed by a Kruskall-
Wallis test (Figure 4A). Within species, Bonferroni-adjusted 
Dunn’s Test showed that under elevated atmospheric [CO2] 
average gsmax was lower in common bean by 15.1% 
(p.adjusted < 0.01), in buckwheat by 3.29% (NS), and in 
maize by 16.7% (p. adjusted < 0.05). In soybean, average 
gsmax increased by 16.8% (p.adjusted < 0.05) and in wheat by 
1.22% (NS) under elevated atmospheric [CO2]. There was a 
significant interaction effect between species and treatment 
(p <0.01, η² = 0.16) on the stomatal ratio (Figure 4B). The 
average stomatal ratio was lower under elevated 
atmospheric [CO2] in common bean by 1.00% (NS), in maize 
by 9.95% (p < 0.01), in wheat by -0.227% (NS) and higher in 
soybean by 5.90% (NS) and in buckwheat by 3.62% (NS).  

A significant species effect was found on both gs(op):gsmax 
(p < 0.001, η² = 0.88) (Figure 4C) and gs(avg):gsmax (p < 0.01, η² 
= 0.89) (Figure 4D). Under elevated atmospheric [CO2], 
average gs(op):gsmax was higher by 8.17% (NS) in common 
bean, 11.7% (NS) in buckwheat, 20.3% (NS) in wheat, and 
lower by 22.2% in maize (NS), and 36.8% (NS) in soybean. 
Average values of gs(avg):gsmax were higher under elevated 
atmospheric [CO2] by 80.2% (NS) in common bean, and 
86.3% (p < 0.05) in wheat, and lower by 11.1% (NS) in maize 
and 23.0% (NS) in soybean. 

3.4.	Morphology	

There was a significant species effect (p < 0.001) on 
leaf size as shown by a Kruskal-Wallis test (Figure 5A). 
Within species, a Bonferroni-adjusted Dunn’s Test showed 
that under elevated atmospheric [CO2] average leaf size 
was larger of common bean by 11.0% (p.adjusted < 0.05), 
buckwheat by 32.9% (NS), and soybean by 26.1% 
(p.adjusted < 0.05), whereas in maize and wheat, average 

leaf size was smaller by 30.0% (p.adjusted < 0.05) and 
0.414% (NS) respectively. There was no significant 
treatment effect across all species, as tested by a Kruskall-
Wallis test (NS), though overall these results show a 
pattern of larger leaf sizes	in the C3 species and a smaller 
leaf size in the C4 species maize.  

There was a significant species-treatment interaction 
effect of elevated atmospheric [CO2] on LMA (p < 0.001, eta 
= 0.28), where average LMA under elevated atmospheric 
[CO2] was lower in common bean by 14.9% (NS), in wheat 
by 8.27% (NS), and in maize by 29.0% (p < 0.001), and 
higher in buckwheat by 6.59% (NS) and in soybean by 
12.1% (p < 0.05) (Figure 5B). There was also a significant 
species-treatment interaction effect (p < 0.001, η² =0.30) 
on the carbon to nitrogen ratio (C:N ratio) (Figure 5C). 
Average C:N ratio of all C3 species was higher under 
elevated atmospheric [CO2], specifically in common bean 
by 18.5% (p < 0.05), in buckwheat by 30.8% (p < 0.01), in 
soybean by 43.8% (p < 0.001), and in wheat by 12.8% (NS). 
In contrast, maize average C:N ratio was lower under 
elevated [CO2] by 17.6% (p < 0.05). 

3.5.	Coordination	of	trait	responses	

A summary of the average leaf trait responses across the 
species is shown in Figure 6A, including the species-specific 
mean values. Traits are coloured by their corresponding 
functional trait category. Maize is included in the response 
ratios but not in the colored mean trait response bar (only the 
C3 species). P-model predictions are included in panel A, as 
well as a prediction whereby both growth chamber had similar 
humidity levels, to investigate potential additional humidity 
effects. Generally, all traits in the category photosynthesis were 
increased, while those related to photosynthetic biochemistry 
were decreased. Traits related to stomatal conductance 
showed only a marginal response and these were more 
species-specific, but show an overall tendency to decrease. 
Traits related to morphology show an increase in C:N ratio, 
corresponding to the decrease in Narea. The absence of a mean 
trait response can reflect opposing underlying species-specific 
responses, for example for LMA. Comparing modelled optimal 
values using the growth chamber humidity with those using 
the AC humidity for both rooms revealed only a minor effect 
on the predicted optimal values. 

Figure 6B shows a PCA on the response ratios of the C3 
species on a selection of key traits, which are underlined in 
Figure 6A. Principal component (PC) 1 explains 51.4% of the 
total variation, and PC2	explains 34.4%. The PCA shows a 
clear grouping of the key trait responses to changes in 
atmospheric [CO2] across the trait categories over the two 
main axes. PC1 revealed high loadings of traits related to leaf 
economics, with highest loadings for Asat (0.41), C:N ratio 
(0.44), leaf size (0.31), Vcmax25 (0.37), ci:ca	 (−0.35), gs(op)	
(−0.42), and PC2 revealed grouping of traits related to 
photosynthetic biochemistry and gsmax, with highest loadings 
for Vcmax25 (0.28), Narea	(0.55), J1000 (0.51), and gsmax (0.40). 
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Figure	3.	(A–D) Diurnal stomatal conductance over time per species and treatment. Each thin line corresponds to one leaf 
measured over one day, bold lines represent averages per treatment. Dark shaded zones represents the dark-period when 
lights were off (9:00 AM-9:00 PM). The dashed vertical lines represent the time-frame in which the gs(op) midday 
measurements were performed between 01:30–04:00 PM. Note that the datapoints of diurnal gs and gs(op) are separate 
measurements. (E) Boxplots of stomatal conductance measured as midday gs(op) per species and treatment (F) Boxplots of 
gs measured as gs(avg), calculated from the diurnal trajectories in panel (A–D). Boxes indicate median, first quartile, and third 
quartile of the observed data. Points in the boxes represent individual datapoints. Whiskers are the furthest data point, no 
further than 1.5 times the inner quartile range. Species, treatment, and species x treatment interactions effects (S X T) 
significances are indicated as NS = not significant, * = p < 0.05, ** = p < 0.01, and ***	=	p < 0.001. 	

 

Figure	4.	Boxplots of (A) gsmax (plotted on a log10-transformed axis) (B) Stomatal ratio (adaxial:total) (C) gs(op):gsmax ratio 
and (D) gs(avg):gsmax ratio, per species and treatment. Boxes indicate median, first quartile, and third quartile of the observed 
data. Points in the boxes represent individual datapoints. Whiskers are the furthest data point, no further than 1.5 times 
the inner quartile range. Species, treatment, and species x treatment interactions effects (S X T) significances are indicated 
as NS = not significant, * = p < 0.05, ** = p < 0.01, and ***	=	p < 0.001. 
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Figure	5.	Boxplots of (A) leaf size, (B) LMA, and (C) C:N ratio, per species and treatment. Boxes indicate median, first 
quartile, and third quartile of the observed data. Points in the boxes represent individual datapoints. Whiskers are the 
furthest data point, no further than 1.5 times the inner quartile range. Species, treatment, and species x treatment 
interactions effects (S X T) significances are indicated as NS = not significant, * = p < 0.05, ** = p < 0.01, and ***	=	p < 0.001.	

 

Figure	 6.	 (A) Mean [CO2] response ratios of leaf traits per species. Predicted optimal values of applicable traits are 
represented by the datapoints “Optimal”, and a prediction whereby both growth chamber had similar humidity levels is 
indicated by “Optimal_AC_VPD”. Data on the dashed 0-line means no mean response, negative values mean a decrease in 
the mean trait value and positive values mean an increase in the mean trait value. Colored bars indicate mean values (dot) 
with standard error (error bars) across the four C3 species. Species-averages per trait are indicated by the individual 
datapoints. (B) PCA analysis on the response ratios across the C3 species, so on the values of panel A. The x-axis is PC1 and 
the y-axis is PC2. Arrows are eigenvectors per trait values with their corresponding loading and direction. Colours represent 
the functional trait categories as structured throughout the results and panel A. 



Odé et al.   Plant	Ecophysiol.	2026,	2(2), 1 

https://doi.org/10.53941/plantecophys.2026.100003  12 

4.	Discussion	

The mean responses of leaf traits to elevated 
atmospheric [CO2] across the C3 species are in line with 
EEO theory and previous findings from atmospheric [CO2] 
studies: traits related to photosynthetic biochemistry, as 
well as those associated with stomatal conductance, were 
generally downregulated, while photosynthetic rates 
were maintained or increased (Sage, Sharkey, & Seemann, 
1989; Long et al., 2004; Ainsworth & Rogers, 2007; Leakey 
et al., 2009; Smith et al., 2019; Poorter et al., 2022). Under 
elevated atmospheric [CO₂], Vcmax25 was downregulated 
more than J1000, resulting in an increased J1000/Vcmax25 
ratio. Together with the decrease in Narea, this is consistent 
with EEO theory and the coordination hypothesis, which 
propose that plants operate near the transition point 
between Vcmax and Jmax, thereby optimizing leaf nitrogen 
allocation to photosynthetic capacity while avoiding 
overinvestment in Vcmax. (Maire et al., 2012; Smith & 
Keenan, 2020; Harrison et al., 2021; Dong et al., 2022; 
Perkowski, Ezekannagha, & Smith, 2025). The decrease in 
Narea observed in plants at elevated atmospheric [CO2] 
could, in part, be attributed to a dilution effect by 
secondary compound accumulation (Poorter et al., 1997; 
Zheng et al., 2019). The increase in leaf size under 
elevated [CO2] is in line with previous research, e.g., 
Pritchard et al. (1999), Ferris et al. (2001), Li, Kang, & 
Zhang (2004), and Poorter et al. (2022).  

Values of gs measured as midday gs(op) versus gs(avg)	

yielded comparable results: response magnitudes and 
directions were generally similar, except in common bean, 
likely due to differences in measurement timing in the 
diurnal gs time course, where the diurnal gs course 
showed a steep slope during the gs(op) measurement 
interval under AC but not HC. Differences in the diurnal gs 
course between species can result from differences in 
stomatal opening/closing speed, sensitivity to water 
stress, and/or (an)isohydric strategy (Drake, Froend, & 
Franks, 2013; Klein, 2014; Grossiord et al., 2020). The 
larger range observed in gs(op) compared to gs(avg), 
especially in wheat, probably reflects the smoothing effect 
of averaging gₛ over time, which dampens extreme values. 
Simulated cᵢ:cₐ responses using the Farquhar 
photosynthesis model (Farquhar et al., 1980) based on 
chamber conditions with measured Vcmax25,	 and either	
gₛ(op)	or	gs(avg)	(Figure S2) also yielded comparable results. 
This shows that gs(op) measured as the less time-
consuming midday gs is a suitable proxy for the time-
averaged gs(p-model), and therefore P-model testing, for the 
species and protocols of this study. There was no 
significant treatment effect on gsmax, perhaps the duration 
of this experiment was too short, although the 
relationship between atmospheric [CO2] and gsmax 
remains weak/inconsistent over experiments and is 
subject to interaction with other environmental variables 
(Tricker et al., 2005; Ainsworth & Rogers, 2007; Xu et al., 

2016; Poorter, Pons, & Reichgelt, 2025). Since gsmax 
showed limited response to elevated atmospheric [CO2], 
the ratios gs(op):gsmax and gs(avg):gsmax were mainly driven 
by the effects on gs(op) and gs(avg), but those were too 
marginal to result in significant treatment effects.  

The directions of the response ratios are generally in 
line with the predicted optimal values, though the 
magnitudes of some traits are smaller than predicted. This 
is particularly the case for gs(op) and to a smaller extent for 
Vcmax25, and the related Narea. The response ratios of the 
mean trait values show clear overall patterns, whereas 
the species-level data also reveals species-specific 
response magnitudes and/or directions. LMA was 
expected to increase under elevated atmospheric CO2 
(Poorter et al., 2009, 2022), though the growth 
temperature could have counteracted this effect (Poorter 
et al., 2009), resulting in the limited average response of 
LMA. Species-specific sensitivities to atmospheric [CO2] 
and temperature, and/or additionally, differences in total 
non-structural carbohydrates build-up (Ainsworth et al., 
2002; Poorter et al., 2009; Blackman et al., 2016), could 
then explain differences in LMA response between the 
species. Wheat showed, in contrast to the other (non-
grass) species, limited/opposite responses in gₛ(op), Aₛₐₜ, 
leaf size, and C:N ratio under elevated atmospheric [CO₂]. 
This could possibly be influenced by the timing of 
measurements within their lifespan (Cardoso-Vilhena & 
Barnes, 2001; Chavan et al., 2019) and/or high 
temperatures (Purcell et al., 2018; Bokshi et al., 2022). 
Species-specific differences can also arise from traits 
being inherently more or less plastic (Dong et al., 2020; 
Harrison et al., 2021), which can also be influenced by 
crop breeding techniques (Nimmo et al., 2023).  

The C4 species maize was included in our experiment 
to represent the fundamentally different response to Ci 
compared to C3 species. Maize showed no significant 
response in photosynthetic biochemistry traits to elevated 
atmospheric [CO2], which is consistent with previous 
(field) studies on C4 species (Leakey, 2009; Fan et al., 2025). 
There was however an increase in Asat under elevated 
atmospheric [CO2] in line with previous findings, possibly 
pointing to an indirect result of interaction between water 
availability with reduced gs (Ghannoum et al., 2000; 
Ainsworth & Rogers, 2007). Maize showed little variability 
of gs during the day, which is typical for C4 species (Taylor 
et al., 2010; Ghannoum, Al-Salman, & Cano, 2025). The 
observed decrease in gs under elevated atmospheric [CO2] 
is also in line with previous experiments (e.g., Wei et al. 
(2022)), although Wei et al. (2022) reported an increase in 
gsmax, while (Han et al., 2023) observed a reduction in 
stomatal density, in line with our findings (stomatal density 
data not shown). Leaf size, C:N ratio, and LMA were higher 
under elevated atmospheric [CO2], meaning that leaves 
were smaller and thinner. A decreased LMA in C4 species is 
in line with (Poorter et al., 2009), though sample sizes were 
limited in that study. Overall, the observed differences in 
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this experiment between the C3 and C4 species trait 
responses to elevated atmospheric [CO2] highlights the 
importance of representing their distinct photosynthetic 
pathways in (EEO-based) vegetation modelling.  

The PCA on the response ratios revealed coordination 
of leaf traits across multiple functional trait categories 
among the C3 species. PC1 mainly captured variation of 
traits related to leaf economics, including gs(op),	 ci:ca,	 C:N	
ratio, Vcmax25, leaf size and	 Asat. This aligns with the 
worldwide leaf economics spectrum (WLES) (Wright et al., 
2004) which describes plant strategies along a continuum 
from fast to slow resource turnover. While trait covariation 
can arise from both common environmental drivers and 
plant strategies, Zhou, Cieraad, & van Bodegom, 2022 found 
that WLES traits mainly reflect plant strategies. PC2 mainly 
describes the coordination of the photosynthetic 
biochemistry traits (Vcmax25, J1000, Narea) and gsmax. This 
coordination is in line with the relationship between 
photosynthetic- and hydraulic capacity as described by 
(Brodribb et al., 2007; Brodribb & Feild, 2010; Sack et al., 
2013), linked by the coupling between photosynthetic 
capacity and water transport. As stated by Blackman et al. 
(2016), the WLES	 framework together with the 
coordination between photosynthetic capacity and leaf 
hydraulics suggests that traits covary along a single axis 
(Reich, 2014; Blackman et al., 2016). However, several 
studies found trait decoupling between leaf economic 
traits and leaf hydraulics among species, e.g., Li et al. 
(2015); Maréchaux et al. (2015); Xiong, Douthe, & Flexas 
(2018), or even within genotypes of one species 
(Blackman et al., 2016). We note however, that our 
hydraulic traits are limited to those related to the stomata, 
and do not include those related to water transport traits 
such as xylem- or vein properties. Nevertheless, in line 
with these findings, our PCA revealed distinct axes of 
response variation between leaf economic traits and 
photosynthetic biochemistry- with (stomatal) hydraulic 
traits. This is in line with the P-model, which predicts how 
environmental variables influence the balance among leaf 
traits. Flexibility in trait response relationships may 
enhance phenotypic plasticity and allow new trait 
combinations to optimize χ. Since our study comprised a 
limited number of species, our PCA should not be over-
interpreted, and the inclusion of a broader range of WLES 
species could provide insights into how species-specific 
strategies relate to level of plasticity (Maire et al., 2013) 
and underlying trait response decoupling. 

The PCA conducted on our experimental data showed 
that leaf traits respond in a coordinated manner across C3 
species, although intraspecific responses reveal species-
specific patterns. These species-level deviations can 
weaken trait-environment relationships when they diverge 
from community-level trends (Blackman et al., 2016; Henn 
et al., 2018; Zhou, Cieraad, & van Bodegom, 2022; Shao et 
al., 2022; Anderegg, 2023). Nevertheless, they remain 
important because they shape species-specific trade-offs 

and may influence plasticity to environmental change 
(Maire et al., 2013). Whether intraspecific variation needs 
to be taken into account in vegetation models also depends 
on the spatial scale of the study (Albert et al., 2011). In EEO-
based models, intraspecific variability is implicitly included 
as it contributes to trait community-means, while 
evolutionary adaptations over longer timescales, such as 
the distinction between C3 and C4 species or between 
broadleaf- and needleleaf species, should be considered 
explicitly as they impose distinct constraints on plasticity 
ranges and timescales of acclimation (Odé et al., 2025). 
Extending this research to include a broader range of 
species, as well as incorporating whole-plant traits, will 
further improve EEO-based models and deepen our 
understanding of the coordination between photosynthetic 
and (stomatal) hydraulic traits (Laughlin, 2014; Xu et al., 
2021a, 2021b; Joshi et al., 2022). Performing a PCA on trait 
response ratios rather than trait means is a novel variation 
on using PCA to investigate inter-trait relationships, and we 
encourage implementation of this approach to better 
understand coordinated trait responses to environmental 
change. Our results show that leaf traits respond in a 
coordinated manner across the C3 crop species in this 
study, providing empirical insights to improve EEO-based 
vegetation models and predictions of leaf-, community-, 
and ecosystem-scale responses to future climate change. 

5.	Conclusions	

This study presents experimental evidence for 
coordination of leaf trait responses to elevated atmospheric 
[CO2] across a range of functional trait categories related to 
photosynthesis, photosynthetic biochemistry, morphology, 
and stomatal conductance. Across the C3 species, trait 
responses were generally in line with predictions from EEO-
theory and the EEO-based P-model. A novel variation of PCA 
analysis on the response ratios revealed coordination of trait 
acclimation to elevated atmospheric [CO2], despite species-
specific patterns. Intraspecific variation can arise from 
differences in species-specific strategies, or potentially from 
differences in photosynthetic pathway, as indicated by the 
distinctive responses of the C4 species maize. Across the C3 
species a partial decoupling of leaf trait coordination was 
demonstrated by two main axes, capturing leaf economic 
traits, and photosynthetic biochemistry combined with 
hydraulic capacity. Providing experimental evidence of trait 
response coordination across C3 species to elevated 
atmospheric [CO₂] improves our understanding of trait 
coordination across scales and contributes to refining EEO-
based modelling approaches under future climate scenarios. 
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