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Abstract

Stomata play a central role in surface-atmosphere exchange by controlling the flux
of water and CO, between the leaf and the atmosphere. Representation of stomatal
conductance (gsw) is therefore an essential component of models that seek to simulate
water and CO, exchange in plants and ecosystems. For given environmental condi-
tions at the leaf surface (CO, concentration and vapor pressure deficit or relative
humidity), models typically assume a linear relationship between g_, and photosyn-
thetic CO, assimilation (A). However, measurement of leaf-level 3., response curves
to changes in A are rare, particularly in the tropics, resulting in only limited data to
evaluate this key assumption. Here, we measured the response of g_, and A to irradi-
ance in six tropical species at different leaf phenological stages. We showed that the
relationship between g, and A was not linear, challenging the key assumption upon
which optimality theory is based—that the marginal cost of water gain is constant.
Our data showed that increasing A resulted in a small increase in g, at low irradiance,
but a much larger increase at high irradiance. We reformulated the popular Unified
Stomatal Optimization (USO) model to account for this phenomenon and to enable
consistent estimation of the key conductance parameters g, and g,. Our modification
of the USO model improved the goodness-of-fit and reduced bias, enabling robust
estimation of conductance parameters at any irradiance. In addition, our modification
revealed previously undetectable relationships between the stomatal slope param-
eter g, and other leaf traits. We also observed nonlinear behavior between A and g,
in independent data sets that included data collected from attached and detached
leaves, and from plants grown at elevated CO, concentration. We propose that this
empirical modification of the USO model can improve the measurement of g, param-

eters and the estimation of plant and ecosystem-scale water and CO, fluxes.
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1 | INTRODUCTION

Stomata regulate the exchange of carbon dioxide (CO,) and water
vapor between leaves and the atmosphere (Buckley, 2019; Cowan
& Farquhar, 1977). Mathematical representation of stomatal con-
ductance is therefore essential to simulating the carbon, water and
energy fluxes of leaves, plants and ecosystems (Sellers et al., 1997).
Several approaches have been used to describe the relationship be-
tween stomatal conductance to water vapor (g.,), photosynthesis
(A), and environmental conditions at the leaf surface, that is, CO,
concentration, relative humidity (RH) or leaf to air vapor pressure
deficit (VPD Buckley & Mott, 2013; Damour et al., 2010). Many

of these models have a similar structure related to the assumed lin-

leaf’

ear relationship between the steady state values of g, and A for a
given set of environmental conditions. Typically, models have two
parameters, (1) the slope (g,, m, or k) of the relationship between g,
and a regressor consisting of A and environmental conditions at the
leaf surface and (2) g,,, the value of g, when A is zero. A number of
analyses have shown that although some model formulations per-
form better than others, the principal driver of model performance
is not the model formulation but the parameterization of the slope
parameter (hereafter g,) and the intercept (g,; Franks et al., 2017;
Héroult et al., 2013; Kérner, 1995; Lin et al., 2015; Wolz et al., 2017;
Wau et al., 2020). Many model formulations also include additional
empirical modification of the relationship between g, and A using
a scaling factor related to leaf water potential or soil water poten-
tial that is used to adjust g, g, or maximum carboxylation capacity
(Anderegg et al., 2017; De Kauwe et al., 2015; Rogers et al., 2017,
Tuzet et al., 2003).

The slope parameter g, is directly related to the marginal water
cost of carbon gain (1) also known as the inverse of the water use
efficiency (WUE, WUE = 1/4, Bonan et al., 2014). A leaf with a
high g, will lose more water per mol of CO,, assimilated than a leaf
with a low g,. Previously, terrestrial biosphere models (TBMs) ac-
counted for variation in g, between plants with the C3 or C4 pho-
tosynthetic pathways (De Kauwe et al., 2015; Franks et al., 2018).
However, leaf-level analyses of stomatal behavior have demon-
strated that g, varies significantly at various organizational scales,
including variation among biomes, plant functional types, and spe-
cies (Franks et al., 2017, 2018; Lin et al., 2015; Wolz et al., 2017).
Parameterization of stomatal models to capture this variation
offers a path for improved model representation of g in TBMs.
Accounting for variation in g, has also been shown to be import-
ant for modelling g, within a single species (Ono et al., 2013; Zhu
et al., 2011), but with inconsistent results in other studies (Miner &
Bauerle, 2017). Overall, the drivers of variability in the g, param-
eter are still poorly understood and, there has only been evidence
of weak correlations with a limited number of leaf traits, and lim-
ited information on its plasticity or acclimation (Franks et al., 2018;
Rogers et al., 2017; Wu et al., 2020). Improved understanding of
leaf trait covariance, and environmental drivers of the variation in
the g, parameter would be useful to better inform model parame-
terization of g,.

The intercept parameter g, represents conductance when pho-
tosynthesis is zero with different meanings depending upon the
conductance model considered. From a biological perspective, it is
widely accepted that conductance reaches its minimum value in the
dark (gswydark) but is always positive (Duursma et al., 2019; Yu et al,,
2019). This may be attributable to cuticular conductance or diffusion
through incompletely closed stomata (Boyer et al., 1997; Machado
et al., 2021; Marquez et al., 2021; Saito & Futakuchi, 2010). In con-
ductance models where gross photosynthesis (Ag) is used to model
the effect of A on g, (e.g., Yin & Struik, 2009), g, mathematically
corresponds to g, 4. (8o = gsw’dark) and is independent from other
variables at the leaf surface. In models where the net photosynthesis
(A,) is the response variable (e.g., Medlyn et al., 2011; Tuzet et al.,
2003), Swdark 1S mathematically lower than g, and corresponds to
the value of g, for A inthe dark, thatis, when A  is equal to the rate
of dark respiration (R, ). In those formulations, g, 4. can be nega-
tive because it depends on g,, g, Ry,,» and the conditions at the leaf
surface (Yin & Struik, 2009). To compensate for this issue TBMs that
useanA_ type conductance model add a constraint that limits Swdark
whereby Sow.dark = 80 and all the values below g, are, therefore, fixed
at g, (De Kauwe et al., 2015; Lombardozzi et al., 2017). Importantly,
this constraint makes the relationship between g, and A nonlinear,
and not continuous around the light compensation point with a zero
slope for irradiance levels below the light compensation point, and a
positive slope, equal to g, above it.

Animportant consideration for most conductance models is their
dependence on the variable A (A, or Ag), that in contrast to the other
variables of the model (CO,, RH, or VPD,_,(), is not an environmental
variable but a physiological one. A depends, in part, on environmen-
tal variables such as irradiance, CO, concentration, and temperature,
and any change in the environmental conditions that affect A will
also affect g, Therefore, models of g, are necessarily coupled to a
model of A to be able to simulate g, in various environmental con-
ditions. As a consequence, in addition to the parameters g, and g,
3, also depends on the parameters associated with A, such as R, ,,
(which determines gsw,dark) and the photosynthetic capacity, which
determines the maximum A and maximum g In fact, previous work
has shown that variation in photosynthetic capacity is a key driver of
variation in seasonal and leaf age dependent g, (Chen et al., 2019;
Xu & Baldocchi, 2003; Zhou et al., 2013).

Importantly, previous work has described a nonlinearity be-
tween A and g, at low irradiance (Ball, 1988; Barnard & Bauerle,
2013). However, its effect on the representation of g, remains a
critical knowledge gap, and the irradiance at which nonlinearity is
apparent is still unclear. Ball (1988) reported that it was most con-
sistently visible below 150 pmol m™2 s but that the irradiance at
which the relationship became nonlinear varied. It is important to
note that the light compensation point is typically much lower than
150 pumol m~2 st for most plants (Craine & Reich, 2005; Sterck et al.,
2013) and that at 150 umol m™2 s™* notable rates of A are observed in
many species. Understanding the relationship between g and A is
important because if the relationship is not linear, g, is not constant
across the range of A. This would impact the estimation of g, under
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TABLE 1 Description of the species of the study

S i ey

Leaf lifetime Leaf size

Species name (days) (width x length, cm) Shade tolerance Life form Foliage
Brosimum utile (Kunth) Oken 324 6x11 Shade tolerant Tree Evergreen
Cecropia insignis Liebm. 231 47 x 48 Light demanding Tree Evergreen
Guatteria dumetorum R.E. Fr. 212 3.5x9 Light demanding Tree Evergreen
Miconia minutiflora (Bonpl.) DC. 189 5x11 Light demanding Shrub Evergreen
Terminalia amazonia (J.F. Gmel.) Exell 160 4x9 Light demanding Tree Brevideciduous
Vochysia ferruginea Mart. 215 3.5%x9 Shade tolerant Tree Evergreen

Note: The leaf lifetime and leaf size data were reported previously (Osnas et al., 2018).

different environmental conditions and bias the comparison of g,
between leaves with different photosynthetic properties. These bi-
ases and uncertainties in g, would also impact ecosystem-scale sim-
ulations of carbon and water cycling (Dietze et al., 2014; Migliavacca
etal., 2021).

Examination of the response of g_, to environmental changes at
the leaf surface have been undertaken in the tropics (Domingues
et al., 2014; Fauset et al., 2019; Ghimire et al., 2018; Motzer et al.,
2005; Wu et al., 2020). However, most of these studies were made
using the survey measurement approach that relies on many rapid
measurements of leaf gas exchange, typically made on multiple dif-
ferent leaves and under a range of environmental conditions. This
approach assumes that measured A and g, are at steady state at
the time of measurement and fully acclimated to the prevailing mea-
surement conditions. The parameter g, can be estimated using this
approach, but the estimation of g, can be more uncertain, partic-
ularly if the data set does not include measurements made at low
irradiance (Duursma et al., 2019; Miner et al., 2017). This approach
is not suitable to study the response of leaves to gradients of en-
vironmental conditions as measurements are usually not repeated
on the same leaves. The alternative approach is a response curve
where steady-state measurements of g are made along a gradi-
ent of environmental conditions, set, and controlled by the gas
exchange instrument. In the tropics, we found only one study that
used a steady-state response curve approach to study the effect of
VPD,¢on g, (Domingues et al., 2014). To our knowledge, the re-
sponse of g to A has never been studied in detail in tropical forests
despite the central role of stomata in regulating the water vapor and
CO, fluxes in this globally important biome.

This study aimed to investigate the relationship between A
and g, and determine if the potential non-linearity of this rela-
tionship should be represented in leaf and ecosystem-scale mod-
els. Therefore, the objectives of the study were to understand the
strength of the nonlinearity, its effects on the ability to robustly es-
timate g, and g, and the impact of nonlinearity on the prediction of
CO, and water vapor fluxes. To address these objectives, we mea-
sured the steady state g, response to modification of the incident
irradiance on tropical tree species with divergent ecological strate-
gies, spanning a variety of leaf phenological stages. We also mea-
sured dark-adapted Ry, to enable estimation of g, ... We used
the Unified Stomatal Optimization (USO) model (Medlyn et al., 2011)

as a foundation for our study since the model has a strong mathe-
matical similarity with previous empirical models (Ball et al., 1987,
Leuning, 1995), a solid theoretical background (Medlyn et al., 2011)
and uses vapor pressure deficit rather than relative humidity (Rogers
et al., 2017). We tested two additional model formulations to evalu-
ate if they could provide an improved estimation of g, and g, and a
consequent improved goodness-of-fit of g, . In addition to evaluat-
ing the new formulations using our tropical data we also used three
other independent data sets to test the generalizability of the new
formulations on data acquired in attached versus detached leaves
(Davidson et al., 2022), ambient versus elevated CO, concentration
(Leakey et al., 2006) and on the large global conductance data set
from Lin et al. (2015), which included survey conductance measure-
ments collected from multiple biomes and species. Finally, we also
compared the predictions of water vapor and CO, fluxes among the
different stomatal model formulations by using a leaf-level model of
gas exchange that is commonly implemented in TBMs.

2 | MATERIALS AND METHODS

2.1 | Panama study site and plant material
The primary study site was located in the protected area of San
Lorenzo Forest, in Colén Province, in the Republic of Panama
(9.280°N, -79.975°W, 120 m above sea level) and has been de-
scribed in detail previously (Basset, 2003; Slot & Winter, 2017; Wu
et al., 2020). This forest has not experienced anthropogenic distur-
bance for more than 150 years (Basset, 2003). The climate is tropical
and characterized by low variation around a mean temperature of
about 25°C. The rainy season spans from May to December with
monthly precipitation around 370 mm. The rest of the year is much
drier with monthly precipitation around 80 mm. The measurement
campaign was during January to March 2020, during the dry season.
Leaves from different species and at different leaf phenological
stages were selected to have a diversity of leaf material with respect
to their traits (Table 1; Osnas et al., 2018), photosynthetic rates and
conductance, and an anticipated variety of g, and g, parameters. A
52-m canopy crane with a 54-m jig enabled access to the top of the
canopy, averaging 26 m above ground, of the six tropical tree spe-
cies we investigated (Table 1). Four species; Guatteria dumetorum
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R.E. Fr., Miconia minutiflora (Bonpl.) DC., Terminalia amazonia (J.F.
Gmel.) Exell, and Vochysia ferruginea Mart. had been studied previ-
ously (Wu et al., 2020) and had shown a range of g, values associated
with mature leaves. For this study two additional contrasting species
Brosimum utile (Kunth) Oken and Cecropia insignis Liebm. were added
and for all six species several leaves at three stages of development;
young (n =2 —5), mature (n=4 - 7), and old (n = 3 — 5) were mea-
sured. The leaf stage of development was identified visually, the
young leaves being often lighter green and at the tip of the branches,
the old leaves being further down the branches, thicker, and often
darker (Wu et al., 2017).

Using the canopy crane, branches from the top of the canopy
were removed before dawn, placed into buckets filled with water
and recut following established methods necessary to avoid xylem
cavitation (Sperry, 2013; Wu et al., 2020). Such an approach has
been demonstrated to successfully yield parameter estimates that
correspond well with independent measurements of leaf gas ex-
change in situ (Leakey et al., 2006; Wolz et al., 2017). The branches
were placed in a shaded area where the gas exchange measurements

were made.

2.2 | Leaf gas exchange measurements

The response of g, to irradiance was used to estimate g, and g,,.
The approach required measurement of steady state g, to decreas-
ing irradiance and has been described previously (Ball et al., 1987;
Kromdijk et al., 2019; Leakey et al., 2006; Wolz et al., 2017). We used
this “response curve” approach rather than survey measurements
(e.g., Wu et al., 2020) to measure in detail the response of conduct-
ance to changes in photosynthesis at the leaf scale.

Five LI-6400XT portable infrared gas analyzers equipped with
a 2 x 3 cm? leaf chamber and red-blue light source (90% red, 10%
blue) and one LI-6800 Portable Photosynthesis System (LI-COR)
equipped with Multiphase Flash Fluorometer leaf chamber (6800-
01A) were used for the measurements.

The response of g, to irradiance was measured by sequentially
lowering the irradiance and included a measurement with the light
source off (O umol m2 s'i). For all the species except M. minutifolia,
irradiance varied from 1000 to O pmol m™ s™X. For M. minutifolia,
which had a higher light saturation point, irradiance varied from
1500 to O umol m2 st When performing the last measurement of
the response curve at O irradiance, a dark cloth was placed over the
measured branch to prevent sunlight from diffusing inside the cu-
vette. This constituted the dark-adapted measurement of the leaves.
The time interval between each light level was manually adjusted
so that A and g,,, were visually stable and varied between 10 and
45 min.

Leaf temperature (T,eaf) was controlled by the instrument for the
duration of each response curve (SD of 0.1°C for a given curve) and
was set between 28 and 32°C depending on prevailing environmen-
tal conditions. The CO, concentration in the leaf chamber was con-
trolled and set to 400 ppm. The humidity inside the leaf chamber

fluctuated with ambient conditions but was controlled using a com-

bination of the T set point and desiccant flow rate to avoid con-

lea
densation inside the instrument. As a result of the humidity and
temperature control, the average leaf to air vapor pressure deficit
(VPD,,¢) was 1.2 kPa (SD of 0.11 for a given curve).

The instruments automatically logged points every 10 s, and the
devices were set to automatically match the sample and reference
infrared gas analyzers every 10 min. For each irradiance level, an
average of the 5 log points prior to a change in irradiance consti-
tuted that measurement. The dark-adapted measurement of CO,
and water vapor flux provided the estimation of R, and Sowdark:
The A measured at the first saturating irradiance provided estima-

tion of the light-saturated CO, assimilation rate (A_,,).

2.3 | Estimation of maximum carboxylation
capacity

For our leaf-level modeling, we required an estimate of maximum
carboxylation capacity. We used the “one-point method” (De Kauwe
) of
using the

et al., 2016) to estimate the maximum rate of carboxylation (V..

each leaf. Robust measurement for determination of V.
one-point method requires a measurement of steady-state A_,, and
the corresponding intracellular CO, concentration as input variables

(Burnett et al., 2019). The V

- max at measurement temperature was then

scaled to the reference temperature of 25°C (V ) using a modified

cmax25
Arrhenius equation with the parameters for tropical species growing

at a mean ambient temperature of 25°C (Kumarathunge et al., 2019).

2.4 | Leaf structural and nitrogen trait
measurements

The leaf mass per unit leaf area (LMA) and leaf nitrogen concentra-
tion per unit leaf area (N,) were measured after the completion of
the conductance curves. Discs of known area were extracted from
different places on the leaves, avoiding large veins and the mid-rib.
They were then dried at 70°C for several days to achieve constant
mass and weighed to calculate the LMA. Dried leaves were subse-
quently ground, and elemental nitrogen was quantified using a 2400
Series Il CHN analyzer following the manufacturer's instructions
(PerkinElmer).

2.5 | Conductance models
Four model formulations based on the USO model (Medlyn et al.,
2011) were used to represent the response of g, to irradiance.

The first model is the original, full USO model (Equation 1, here-

after USOq, ) that was derived mathematically.

3w =80+ 1.6<1+

_ 8\ A (1)
\/VPD; / COss
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where g, is the g, when A_ equals O, g, the slope parameter which
is proportional to the water cost of carbon gain (Medlyn et al., 2011),
VPDIeaf
CO,, the concentration of CO, at the leaf surface.

the leaf to air vapor pressure deficit, A, the net assimilation and

The second model (Equation 2, hereafter USO) is an approximation
of the mathematically derived USO¢, model and is analogous to the
empirical models from Ball et al. (1987) and Leuning (1995) (Medlyn
et al.,, 2011). The USO model was evaluated here for comparison with
the original full model to be sure that differences between the USOq

and USO models do not arise from this simplification.

81 An

\/VPD,_; €02’

Ssw =80+ 1.6 (2)

In both the USO and USO, , formulations Ssw.dark is dependent on
31» Rgario €O, and VPD, ¢ (Table 2).

Following previous work (Yin & Struik, 2009) an alternative g, for-
mulation was introduced that uses Ag, thatis, A, + Ry, to ensure g,

is always positive and greater than g, (Equation 3, hereafter USOAE)

31 Ag

\/VPD,_; €02’

Note that for the USO,_formulation, g, = gq dark (Table 2).

3sw =80 t 16

Finally, we considered a new empirical g, formulation where the
effect of Ag on g, was squared and therefore nonlinear (Equation 4,

hereafter USO, 2). This formulation differs from most commonly

used g, models for which the effect of A on g, is linear (Damour
etal., 2010).

2
g A
8w =80 t 1.6 - -

\/VPD,; €Oz

In the USOAé formulation, g, equals Ssw.dark (Table 2). Note that for

(4)

the USOAg and USOAg formulations, g, 4, €an be measured directly
with a dark-adapted measurement of leaf gas exchange. However,
when using the USO¢, or USO formulations a direct measurement
of Sow.dark would require a priori knowledge of the light compensa-
tion point.

S i ey

2.6 | Fitting conductance models

Fitting of the models to estimate g, and g, was completed at the leaf
scale, using the data from each leaf individually. The parameters g, and
8, Were estimated using linear regression. Each model formulation was
rearranged into the linear form Y = g, + g, X (Table 2), where X is con-
sidered as the regressor and Y the response variable, which corresponds
to g, for all the models except USOy, (Table 2). For the USO,,,, model,
84 Was not equal to Y so its calculation is also presented in Table 2. The
goodness-of-fit of g, was evaluated by comparison of the RMSE and
R? of the modeled versus observed conductance for each formulation.

2.7 | Test of the linearity assumption

The USOq,, USO, and USOAg models (Equations 1 and 2) assume that

the effect of Aon g, is linear. We tested if this assumption was valid
by evaluating the response of leaf level conductance to irradiance by
comparing Y with X and by assessing if the slope (g,) of the relation-
ship was constant. To do this, we analyzed the residuals (g, Equation
5) of each linear regression for each model (Equations 1 to 4) to eval-

uate whether the assumption of linearity between Y and X holds.

€= Yobs - Ypred' (5)

The residuals should have a normal distribution with a zero mean
and without a trend. To test if a trend was present and as it is classi-
cally done in diagnostics of linear regressions, we fitted a nonpara-
metric smoothing function (LOESS) to the residuals for different Y
ordinates. Following our nomenclature in Table 2, the residuals for
the linear regressions associated with each model are denoted as,

Equll & € and Ep 2

2.8 | Effect of the irradiance levels used in the
estimation of g, and g,

A test was performed to assess the effect of the range in A upon
estimation of g, and g,. Initially, all the points were considered to

estimate g, and g,. Secondly, only the points measured with an

TABLE 2 The different conductance models rearranged in the linear form Y = g, + g, X

Conductance model Y X

USO,, (Equation 1) = % 1.6A,
2s

USO (Equation 2) Sow 16A,

COZS \% VPDIeaf

USOAg(Equation 3) Iow L6A

COZS \ VPDIeaf

USOAé(Equation 4) Iew 1.6A2

COZS \% VPDIeaf

CO0s v/ VPDjest

Predicted g, Predicted g, 4.«

16A, g Ry

8o+ 8 X + T go-16(1+ W) R
+ 81X _ 1681 Raanc

o8 £ V/VPDiess COss

8o + 91X 8o

8o + 91X o

Note: In the four models, g, is expressed in mol m2st g, is expressed in kPa%? in the USOq,, USO and USOAg models but is expressed in pmol’1 m?s

kPa®® in the USO,; model.
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irradiance above the light compensation point (A = 0) of each leaf
were considered. Finally, following Ball (1988), we considered only
the data acquired at an irradiance greater than 150 umol m~2st For
each model, we compared g, and g, estimated with these three sce-
narios using a student's t-test (n = 78 independent response curves).

2.9 | Leaf trait correlation with g, and g, estimated
by the different models and performance of
estimation of g, 4.

We evaluated if the variation in the parameter g, estimated by the dif-
ferent models could be explained by species or leaf phenological stage.
We evaluated this using an analysis of variance (ANOVA) with the leaf
phenological stage and the species as fixed effects and compared the
coefficient of determination R? for the different conductance models.
We also tested if g, was correlated with different leaf traits (V. s,
Ryarios LMA and N,) using a Pearson correlation test. We performed
the same analysis for g,. Finally, we assessed the goodness-of-fit of

Sow.dark USING the different conductance models (Table 2).

2.10 | Comparison of the performance of the
USO and USO,, : on independent data sets

The performance of the USO and USO, - models were evaluated on
three independent data sets; a response curve experiment on hybrid
poplar with intact in situ measurements and parallel ex situ meas-
urements on detached branches (Davidson et al., 2022), a response
curve data set from Leakey et al. (2006), and a survey data set from
Lin et al. (2015).

First, we used data acquired on 2-year-old poplar (Populus del-
toides) grown outside in pots at Brookhaven National Laboratory,
Upton, New York (40.8656°N, 72.8814°W, 18 m above sea level).
This experiment was conducted to evaluate the effect of excising
a branch on the measurement of stomatal response curves. To this
end, we measured the steady-state response of g, to irradiance on
branches attached to the plant and on excised branches following
our Panama protocol. The VPD, . was also better controlled and
remained strictly constant during the curves. More details can be
found in Davidson et al. (2022).

Secondly, we used the Leakey et al. (2006) data set, which was
collected at the SoyFACE facility in Champaign (40.033°N, 88.230°W,
228 m above sea level) on soybean exposed to current (378 umol mol™%)
and elevated (552 pmol mol’i) CO, concentration in a free-air CO,
enrichment experiment conducted in 2003. The conductance mea-
surements were made on excised leaves and consisted of conductance
response curves. On each leaf, the conductance response curves in-
cluded a first phase where CO,_ was modified (values between 50 and
1500 pmol mol™!) while keeping VPD

constant at 1500 umol m2 5'1, and a second phase where the irradi-

eat P€IOW 1 kPa and the irradiance
ance was modified from 1500 to O pmol m~2 s while keeping the
CO,, constant at 370 or 550 ppm with a constant VPD,; below 1 kPa.

leaf

Data below 400 ppm CO,, were not used in model parametrization as
the USO model was not built to represent rubisco limited photosyn-
thesis (Medlyn et al., 2011). This data set was complementary to our
data set since it also included variation in CO,, and allowed us to test

if the new conductance model we proposed, USO, 2, would also be
-4

suitable to model g, at elevated CO, concentration.
Finally, we compared the goodness-of-fit of the USO and USOAsz

conductance models on the Lin et al. (2015) data set—the largest
publicly available data set for assessing stomatal model formula-
tions. This data set is comprised of survey measurements made by
different researchers in 56 different field studies and included a
wide variety of leaf surface conditions (95% of VPD, .. was between
0.6 and 6 kPa, T, between 5 and 45°C) at ambient CO, levels (95%
of CO, concentration at the leaf surface were between 304 and
410 umol mol™). This data set allowed us to test whether the USO, -

leaf

model was suitable for modeling g, in a wide variation of VPD
and T,
values of A , atirradiance levels above the light compensation point.

leaf
This data set only included measurement made for positive

leaf*
In addition, the Lin et al. (2015) data did not include measurements

of Ry, To enable calculation of Ag we used a value of Ry, esti-

darl
mated from the mean global leaf respiration rate and the associated

temperature response (Heskel et al., 2016; Equation 6).

In (Rgark) = — 2.2276 + 0.1012T,, — 0.0005T2

leaf*

(6)

2.11 | Impact of the conductance models on leaf
scale gas exchange simulations

To evaluate the effect of using the USO or USOAgz conductance

models to calibrate g, and g, and to simulate g_,, we performed sim-
ulations of the response of g, and A to irradiance in R (R Core Team,
2020) using the package LeafGasExchange (Lamour & Serbin, 2021).
This package simulated photosynthesis using the Farquhar et al.
(1980) model, which we coupled with the USO and USOAgz conduct-

ance models. Note that the use of a coupled model of photosynthe-
sis and conductance is typically used in TBMs (Bonan et al., 2011,
Clark et al., 2011; Krinner et al., 2005; Rogers et al., 2017). The ana-
lytical solution of the system of equations used to couple the photo-

synthesis and conductance models for the new formulation USOAgz

is given in the Appendix. We parametrized the model for an average
leaf using the average g, and g, obtained by either the USO or

USO, : conductance models (Figure 3, All irradiances), the average
8

V. max2s €stimated by the one-point method and the average R, 5s.

The J ..s Wwas modeled using a fixed ratio to V_ ,.s

(Umax2s = 1.67V ax05, Medlyn et al., 2002). The fixed parameters

used to describe photosynthesis were the standard for C3 species
(Lamour & Serbin, 2021). The input variables we used to perform
the simulations were held constant and were the values measured
during our field campaign, except for the irradiance which varied
between 0 and 2000 ymol m2 s (T,__, = 30.1°C, VPD, . = 1.2 kPa,
CO,, =400 ppm).
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3 | RESULTS
3.1 | Test of the assumption of linearity between
g, and A

Over the range of irradiance used in our experiment it is clear that
the relationship of the response variable (Y axis, Table 2) to the
model regressor (X axis, Table 2) in the full USO model formulation
(USOq,,) is not linear (Figure 1a and Figure S1). At low A (low X or-
dinates), the slope of the relationship between Y and X is shallow or
even flat relative to the slope with median values of A, and at high A

@ USOru

0.4 1

1.6A,
gSW_ COZS

002 004 006 008

1.6A,

\/ VPDIeafCOZS

0.00

(©) USOAg

0.4 1
0.3
c‘)% 0.2 1
0.14
0.0 1 .
0.00 0.02 0.04 0.06 0.08
1.6A,

\l VPDIeafCOZS
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(high X ordinates) the slope was steeper than the slope over median
A values. This is also supported by the analysis of the residuals of
the regression (USOy,, Figure 2a). A strong trend was present with
a deviation between —0.01 and 0.05 mol m™2 s™* from the expected
mean of 0 mol m™ s™! and with an overestimation of the residuals
for low and high Y values. When the USO;, model is simplified to
approximate common empirical models (USO) the response of g,
to the regressor is visually identical to the USO,, model, and the
nonlinearity is still readily apparent (Figures 1b and 2b) indicating
that nonlinearity in the USO formulation was not the result of sim-
plification of the USO,, formulation. The mean R? and RMSE were

(b) uso

gSW

004 006 008

000  0.02
1.6A,
VVPDIeafCOZS
@  USOw
3
>
0 1 2 3

2
1.6A,

v VPDIeafC O2s

FIGURE 1 Representation of the conductance response curves to modification of the irradiance measured on leaves at different
phenological ages (young, mature, old) from six tropical species. Each line represents the conductance response curve of one leaf and each
point represents the measurements at the different irradiances. The x axis and the y axis correspond to the variables X and Y in Table 2 for
different conductance models, with, in (a) the full USO model (USO¢, Equation 1), (b) the simplified USO model (USO, Equation 2), (c) the
new formulation of the simplified USO model with A_ instead of A (USO, , Equation 3) and (d) the new formulation with A2 instead of A,
(USOAg, Equation 4). Note that the x and y axis have tﬁe same scale in the different panels, except for the x axis of the mogel USOAg (panel d)
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FIGURE 2 Representation of the
residuals (¢) of the regression between
the response variable Y and the regressor
X (Table 2) for each conductance models
USOq,» USO, USOAg, and USOAg. The red
line presents the trend of the residuals
and the shaded area represents the
standard error of the mean [Colour figure
can be viewed at wileyonlinelibrary.com]
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the same for the USO;; and USO models (R? = .91, RMSE = 0.013,
Figure 3). Note that for the USO, and USO formations the lowest
X ordinate was always negative due to the use of A_ (Figure 1a,b). In
the formulations that used Ag (USOAg and USOAé, Figure 1c,d) the low-
est X ordinate was always zero. Use of Ag in place of A (USOAg) did
not improve the ability of the model to describe the data (R? = 91,
RMSE = 0.013, Figure 3). Moreover, the nonlinearity was still evi-
dent as seen in Figures 1c and 2c. Our new model formulation in
which the Ag term is squared (USOAé) resulted in a linear model fit
with a better goodness-of-fit (R? = .97) and a 50% lower RMSE than
the other formulations (Figures 1d, 2d and 3d).

3.2 | Consequence of the nonlinearity on the
estimation of g, and g,

Estimates of g, and g, by the USOq,,, USO, and USOAg model formula-

tions were affected by the range of irradiance over which data were
collected (Figure 3). Despite being markedly lower than saturating
irradiance, the irradiance value of 150 ymol m™2 s™* corresponded to
a measured A_ and g, that were nearly 40% of the light saturated
values. When data were restricted to irradiances above this thresh-
old, estimates of g, were 40%-70% higher when compared to esti-
mates derived from the entire data set. In the same manner, g,

decreased and always became negative. When using the USOAg

02 03 0.4

Modeled Y USOAg

model, the parameters g, and g, remained statistically identical
across the full range of irradiance. This showed that estimating the

conductance parameters with USQO,z was more robust and less de-

pendent on the environmental conditions during the measurement.
Moreover, the analysis of the residuals of the USO;,, USO and USOAg

models still showed a curvilinear trend when the range of irradiance
was limited to data collected above 150 pmol m2s?t (Figure 4). This
trend was absent in the USOy model and the RMSE of this model

was always the lowest (Figure 3).

3.3 | Comparison of the regression coefficients
8, and g, obtained with the different model
formulations

The different formulations affected the derived regression coeffi-
cients (Figures 3, 5, and 6). The full and simplified versions of the
USO model (USOq, and USO) gave very similar values for g,
(Figure 5a) but different values for g, with an intercept slightly above
1 (Figure 6a). The g, estimations were, however, highly correlated
(R? = .99). Changing the formulation to use Ag in place of A, (USOAE)
changed the estimation of g, but did not change the estimation of g,
(Figures 5b and 6b). However, estimations of g, made using the

USOAg model were markedly different from the one made using the
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FIGURE 3 Estimated parameters g, and g, and performance of the different conductance models for different ranges of irradiance used
for the regressions. (a) Intercept parameter g,,. (b) Slope parameter g,. Because the value for g, is different for different formulations, their
value is divided by their value estimated with the irradiance level above 150 pmol m2s™, i.e., 2.69, 3.78, 3.77 and 0.239 for the USOq1»
USO, USQO, , and USO,: models, respectively. (c) Coefficient of determination R?. (d) Root Mean Square Error, RMSE. The error bars in black
correspondgto the 95% confidence interval of the mean 8pand g,. The error bars in gray correspond to the 95% percentile of the calculated
RMSE and R? which had a clear asymmetrical distribution. The statistics are obtained for 78 independent irradiance response curves. This
figure demonstrates the strong effect of the irradiance range used for the regression for estimation of g, and g, with the USO; ,, USO, and
USO,, conductance models. The irradiance range did not have an effect on their estimation with the USOAg model [Colour figure can be

viewed at wileyonlinelibrary.com]

USO model (Figure 6c) and the coefficient of determination R? be-
tween the g, estimates was only .43 reflecting the different model
structure. In Figures 5d and éd, the result of considering USOAg or
USO,: (corresponding to Equation 4 but with A instead of Ag) on g,
and g, are also shown. Considering Aﬁ in place of Ag created a bias in
both g, and g, estimates.

3.4 | Leaftrait correlation with g, and g, estimated
by the different conductance models

The proportion of variation explained by the species and leaf pheno-
logical stage factors on g, was higher when it was estimated with the
USO, model than with the other models (R* USOy, = .40, R* USO = .41,

RZUSOAg =42, RZUSOAg = .63, Table 3). Similarly, g, estimated with the

USOAg model was correlated with V_ Ry.ios and N, whereas the

max25’
correlation was never significant for the other models (Table 4, Figure 7).

The same analysis was performed for g, but its variation was very

poorly explained by the leaf phenological stage, species or the other
leaf traits for all model formulations (Tables 3 and 4).

3.5 | Goodness-of-fit of 8w dark by the
different models

The goodness-of-fit of g, . (Table 2) was compared for each
model formulation (Figure 8). Comparisons among the USOg,
(Figure 8a), USO (Figure 8b), and USOAg (Figure 8c) formulations

showed similar R? and RMSE of .72 and .011, respectively. All three
models had a bias (-0.014 or -0.015 mol m2 s™) and underesti-
mated measured Ssw.dark with the percent underestimation being
greater for lower g, ;. values. The new model USO,, which was

designed to address the nonlinearity between the g, response vari-
able and the regressor by squaring the numerator in the regressor
term lowered the bias in the estimation and made it statistically
identical to O (Figure 8d). Moreover, in the nonlinear form, the model
improved the R? of 8ow.dark €Stimation (Figure 8).
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FIGURE 4 Representation of the
residuals (¢) of the regression between
34, and the regressor X (Table 2) for the
USO and USO,2 models. Panels (a) and

(b) correspond {o the residuals when
only the data acquired at an irradiance
over the light compensation point were
considered. Panels (c) and (d) correspond
to the residuals for an irradiance over
150 pmol m™2 s, The red line presents
the trend of the residuals and the shaded
area represents the standard error of
the mean. For the panels (c) and (d), each
gray line represents the residuals of one
conductance response curve. The overall
trend showed a slight curvilinear trend in
panel (c) which was in fact stronger when
analysing each curve individually [Colour
figure can be viewed at wileyonlinelibrary.
com]

FIGURE 5 Comparison of the values
of g, estimated using the different
conductance models. The gray line
corresponds to the linear regression
between g, estimated by the different
models. The slope and intercept of the
linear regressions are reported in each
panel. The black line corresponds toy = x


www.wileyonlinelibrary.com
www.wileyonlinelibrary.com

LAMOUR ET AL.

3547
% GloballChange Biology %A | LEYJ—

FIGURE 6 Comparison of the values (a) (b)
of g, estimated using the different
conductance models. The gray line = 6 // © 64
corresponds to the linear regression o / S
between g, estimated by the different £ /‘ e
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TABLE 3 Analysis of variance of the conductance parameters g, and g, estimated using the different conductance models USO,,, USO,

USOAg and USOAé
Species Phenological stage Residuals
Parameter Model df SSq F p df SSq F p df SSq Adjusted R?
A USOg, 5 34.3 10.3 o 2 4.7 3.5 * 69 45.9 40
A uso 5 35.1 10.6 e 2 4.3 8.8 * 69 45.6 41
A USO,, 5 34.7 10.9 o 2 4.4 34 * 69 43.9 42
A USO,: 5 0.49 21 e 2 0.15 15.7 e 69 0.32 .63
3 USO, 5 0.003 2.3 ns 2 0.001 21 ns 69 0.021 .10
3 uso 5 0.003 2.3 ns 2 0.001 21 ns 69 0.021 .10
9 USO,, 5 0.006 3.2 * 2 0.001 0.9 ns 69 0.027 A3
3 USO,: 5 0.005 3.2 * 2 0 0.6 ns 69 0.021 A2

Note: ™p > .05; *p < .05; **p < .01; ***p < .001. SSq stands for sum of squares and df stands for degrees of freedom.

3.6 | Performance of the conductance models on
independent data sets

First, we tested if the use of the ex situ measurement approach used
here and in Leakey et al. (2006) could explain the nonlinearity be-
tween g and the model regressor. Comparison of the residuals of
the USO model on cut and intact branches of hybrid poplar showed
that both measurement approaches had the curvilinear trend, clearly
demonstrating that the nonlinearity was not attributable to the use

of ex situ measurements (Figure 9a). In addition, VPD, . was con-

lea
stant within the curves, confirming that the nonlinearity was not

caused by this variable. Both the USO and USOAg models had good
performance (USO: R? = .93, RMSE = 0.018 mol m™? s}, USO,:
R? = .96, RMSE = 0.015 mol m™2 s}, Figure 9a,b), but the trend in the

residuals of in situ and ex situ responses was removed by the new
USOAé formulation (Figure 9b).

The Leakey et al. (2006) measurements included elevation of
CO,, and variation in irradiance. CO,, has a direct effect on
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TABLE 4 Leaf trait correlations with

Conductance
g, and g, estimated by the different
P. t del \"% R LMA N 0 1
arameter mode GENZE) CEEE 2 conductance models
g9 USO,,, -0.06"™ -0.12" -0.09 ™ -0.20™
9, uUso -0.06 ™ -0.13™ -0.08 ™ -0.20 ™
A USOAg -0.06"™ -0.13"™ -0.07 "™ -0.19 ™
9 USOy -0.66 -0.35" 0.02 -0.43"
% Uso,,, 0.01" -0.09 ™ 0.07 "
9 uUso 0.01" -0.09 ™ 0.06 "™
3 USOAg 0.11"™ 0.25™ 0.02"™ 0.06™
9 USOAé 0.16"™ 0.02"™ 0.16 "™
Note: "™p > .05; *p < .05; **p < .01; ***p < .001.

(a) FIGURE 7 F Correlation between the

6.0 leaf traits and the values of g, estimated

using the models USO (panel a) and USOAg
8 40 e - : (panel b). The gray line corresponds to the
o Yo - - linear regression between the leaf trait
> i s s . and g, estimated when the correlation
’ was significant (p < .01, Table 4)
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estimation of g, not only because it is present in the denomina-
tor of the model equations (Equations 1-4) but also an indirect
effect because elevated CO,  stimulates A in the numerator
(Ainsworth & Rogers, 2007). Squaring the effect of A in USOAg

could have lowered the ability to model g, when variation in
CO,, was considered. However, we saw that the USO, (Figure 9d)
had a better performance than the USO (Figure 9c) model
(R?=.93vs.R?=.86) and lowered the RMSE by 30% (RMSE = 0.04
vs. RMSE = 0.06). As shown for the data we collected as part of
this study, a trend was present in the residuals of the irradiance
phase which was removed when using the USOAg model
(Figure 9c¢,d).

Similar to the CO,, effect, squaring the effect of A in USOAg

could have lowered the ability to model g, when variationin T
and VPD, . was considered. For the Lin et al. (2015) global data
set, which included a wide range of VPD,, (between 0.6 and
6 kPa) and T, (between 5 and 45°C), both the USO and USO,;

models had a similar goodness-of-fit. This demonstrated the ap-

leaf

plicability of the USOAé formulation to diverse data collected

using the survey approach in a wide range of temperature and
VPDIeaf (Figure 10a, 10b).

3.7 | Impact of using USO and USO,: on leaf gas
exchange predictions )

The A, and g,,, of an average leaf measured in Panama were simulated
for the typical range of irradiance experienced in a photoperiod (0 and
2000 umol m~2s7Y) using the average V. maxas @and Ry 05 of all the leaves
and the average g, and g, estimated by the USO and USOAé models
(Figure 3, all irradiances). Modeled g, had different values depending
on the irradiance (Figure 11a); the two curves crossed at irradiances of
42 and 300 pmol m~2 s™L. For low irradiance values, the slope of e

differed and was lower using the USOAé model. At high irradiance, g,
estimated by the USOAé model was 21% higher, and this resulted in an

increase in intercellular CO, concentration and a resulting increase of
7% in A,. This showed that the choice of the model to fit and simulate

the data had an important consequence on modeled A and g, .

4 | DISCUSSION

Most stomatal models assume that leaf conductance varies linearly
with the rate of photosynthesis. This assumption was not supported by
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FIGURE 8 Comparison between the
conductance measured at O ymol m™2 s”
irradiance (Observed g, 4., ) and the
8sw.dark Modeled using the different
conductance formulas (Table 2)

1

FIGURE 9 Residuals (¢) of the USO
and USO,. models for the Davidson et

al. (2022)gdata set measured on cut and
intact branches of hybrid poplar (panels

a and b) and for the Leakey et al. (2006)
data set (panels c and d) for the irradiance
phase. For the panels (a) and (b), the three
points on the x axis above 0.35 mol m™ s~
were from the same leaf and were not
included in the fitting of the trend of the
residuals. For the panels (c) and (d), each
gray line represents the residuals of one
conductance response curve. The overall
trend showed a slight curvilinear trend in
panel (c), which was in fact stronger when

analysing each curve individually [Colour

figure can be viewed at wileyonlinelibrary.

com]
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(a) (b) FIGURE 10 Comparison of the
1.00 1 1.00 goodness-of-fit of the USO and USOAé
. conductance models on the Lin et al.
(2015) data set, which included a large
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the data. Our observations showed that there is nonlinearity through-
out the response, most notably at low and high irradiance (Figures 1, 2
and 4). As a result, estimates of the key stomatal model parameters g,
and g, are highly influenced by the irradiance range of the underlying
data used in the parameter estimation which can lead to unreliable and
unrealistic parameterization of models and subsequent predictions of
34w and A_. We have proposed a new empirical formulation that per-
forms well over the full range of irradiance and enables robust estima-
tion of g, and g, from experimental data. Evaluation with independent
data sets demonstrated that this approach works across a range of
species, biomes, and with different data collection methods. We also
showed that the approach worked whether the change in A was due to
changes in irradiance or increases in CO, concentration. Furthermore,
the new formulation revealed statistically significant correlations be-
tween g, and other leaf traits that were not identified using g, values
estimated from current stomatal model formulations, or in our previ-
ous work applying the USO model to survey data (Wu et al., 2020).
The USO model was derived from the optimality assumption that
stomata respond to ambient conditions so that the marginal cost of
water gain (1) is constant (Cowan & Farquhar, 1977; Medlyn et al., 2011).
It was obtained mathematically from biophysical models of leaf photo-
synthesis and stomatal diffusion and included some simplifying assump-
tions. Among the simplifying assumptions, it was assumed that the dark
respiration is zero and that photosynthesis is limited by the regeneration

of the CO, acceptor, ribulose 1,5-bisphosphate (RuBP) and not by the
maximum rate of rubisco carboxylation. It is also important to note that
the intercept term, g,, was not derived by theoretical considerations but
was added to respond to empirical evidence that g, is positive when
A, = 0. Under this framework, the points of the regression between g,
and the USO regressor should have had a linear form with the intercept
being g, and the slope being g, (Figure 1). In the data we have evaluated,
we have observed that in fact the relationship was nonlinear and that the
slope was close to zero when irradiance approached zero and higher for
higher values of A. Two hypotheses can be formulated from this result.

First, the optimality hypothesis does not hold and the amount
of water that the leaf releases for each mole of CO, assimilated is
not constant within the typical range of assimilation rates that occur
during a day. This hypothesis is supported by previous work which
pointed out that the observed positive nocturnal g, resulted in
transpiration without carbon gain (Caird et al., 2007; Yu et al., 2019),
therefore challenging the optimality assumption at very low irradi-
ance. We showed in this study that the nonlinearity is also present
at irradiances markedly higher than the light compensation point
where A and g, values were nearly 40% of their maximum values
at saturating irradiance.

However, a second hypothesis could also explain a part of the
nonlinearity and is linked to the simplifying assumptions that were
made in the USO model. The USO model was derived assuming that
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FIGURE 12 (a)Simulation of a conductance response curve
using the Buckley et al. (2017) co-limitation optimal model, without
(panel a) or with (panel b) the addition of an empirical minimum
conductance threshold as suggested by De Kauwe et al. (2015),
Lombardozzi et al. (2017) and Duursma et al. (2019). In both panels,
the point A_represents the conductance when A is limited by the
maximum carboxylation rate of rubisco, the line Aj represents

the conductance when A is limited by the maximum rate of RuBP
regeneration. A_limitation corresponds to a point because A_does
not depend on the irradiance. In panel (a), the gray line represents
the conductance when A is co-limited by A_and AJ. with a smooth
transition between A_and Aj determined by O This gray line
corresponds to the model published by Buckley et al. (2017).

The nonlinearity at high irradiance (high x ordinate) is due to the
transition between A_and Aj limitations. In panel (b), a minimum
limit is added for the conductance and the gray line corresponds

to the conductance constrained by 3 limits (A_, Aj and gsw’min). The
minimum gg,, o limit explains a nonlinearity at low irradiance for
the gray line (low x ordinate) but is not predicted by the Buckley

et al. (2017) model and was empirically added here. The parameters
used for the simulations in panels a and b were the average V. -5
(54.5umol m2s™),J__,o=1.67V,__ . the average Ry, s

(1.50 umol m2sh, a smoothing factor 0 of 0.99 (Buckley et al.,
2017) and a 4 of 400 mmol pmol’i. For panel b, 8wmin Was set to
0.03 molm2s™. The input variables T,,_, VPD,,; and CO,_ were
set constant at 30.1°C, 1.2 kPa, and 400 ppm, respectively, and the
irradiance varied between 0 and 2000 pmol m™2 s™ [Colour figure
can be viewed at wileyonlinelibrary.com]
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photosynthesis is limited by the rate of RuBP regeneration. This as-
sumption is discussed in detail by Medlyn et al. (2011) and by Huang
et al. (2021). This condition is not met when incident irradiance sat-
urates rubisco limited CO, assimilation. Buckley et al. (2017) showed
that the g, formulation obtained by optimality models was depen-
dent on the simplifying mathematical assumptions used to derive
the equations. They showed that these mathematical assumptions
could significantly change g , predictions and we propose they
could account for some elements of the nonlinearity (Figure 12).
However, models considering both rubisco limited and RuBP regen-
eration limited assimilation are less practical to use than the USO
model because they require extensive parameterization; chax25,
Ryark2s (@s well as their temperature dependence parameters),
4, and a curvature factor associated with the response to irradiance
(Buckley et al., 2017), which hinders their application, and is prob-
lematic when the USO model is used as a foundation for optimality
(Smith et al., 2019).

A second important assumption in the USO model is the empir-

models that are used to estimate V. .-
ical addition of the parameter g, to make the conductance higher
than 0 when A = 0. An alternative proposition, which is also em-
pirical, uses the maximum of either a minimum conductance value
(gsw‘min) or g,X (Table 2; Figure 12b; Barnard & Bauerle, 2013; De
Kauwe et al., 2015; Duursma et al., 2019; Lombardozzi et al.,
2017). This formulation does a better job at representing the non-
linearity observed in the response to low irradiance but has the dis-
advantage of only representing the flux associated with minimum
conductance—the cuticular conductance and the conductance as-
sociated with leaky stomata—at low irradiance. When stomata are
actively transpiring and g, is greater than g, .. cuticular conduc-
tance is ignored. Theoretically, cuticular conductance (represented
by a fraction of gsw’min) should be always present, whatever the con-
ditions on the leaf surface (Marquez et al., 2021). Note, however,
that how to represent the “minimum conductance” in models in an
active research area. For example, several studies have shown that
3., responds to stimuli in the dark, such as the concentration of ab-
scisic acid, VPD,,, or CO, (Barbour & Buckley, 2007; Caird et al.,
2007; Marquez et al., 2021; Resco de Dios et al., 2019; Schreiber,
2001; Zeppel et al., 2012).

Overall, we think that the nonlinearity is likely to be driven by
a suboptimal behavior of the leaves that keep a positive g, in the
dark, and maybe by the transition from RuBP limited to Rubisco lim-
ited photosynthesis at high light.

Interestingly, a nonlinearity between g, and A at saturating
irradiance (gswSat and A_,,) was observed in a synthesis of various
species with contrasting habitats and life strategies (Deans et al.,
2020; Hetherington & Woodward, 2003). This nonlinearity is not
currently captured by models that consider optimality attained over
longer, life-span scale, integration periods (Deans et al., 2020). The
USO model, which seeks to represent the behavior of stomata in
response to short-term changes in environmental conditions, func-

tions at a different scale (minutes to hours). However, it is possible
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that the same unknown process explains the nonlinearity observed
over both short and long timescales.

In this study, we proposed a new empirical g.,, model, based
on a modification of the Medlyn et al. (2011) formulation. The new
model, while based on the USO formulation, is not “optimal” as it was
not derived mathematically from an assumption that stomata act to
regulate the fluxes of water and CO, in an “optimal” way. We recog-
nize that departing from the optimality framework is intellectually
unsatisfying as it hinders the interpretability of the parameters of
the model since empirical parameters are not grounded in theory
(Buckley et al., 2017). We would welcome the development of the-
oretical formulations that can fully account for the nonlinearity we
observed in this study and enable robust parameterization. However,
here we show that a key assumption of the USO model (and many
other formulations), that is, that the relationship between photosyn-
thesis on g, is linear, is not supported by observations. Therefore,
an empirical formulation that enables robust parameterization has
a distinct advantage. Furthermore, in TBMs the modification of de-
rived g, and g, parameters with empirical scalars undermines a key
attraction of the optimality framework (Rogers et al., 2017).

In this study, we have shown that representing the nonlinear ef-
fect of Aong,,, with alinear relationship added additional uncertainty
to simulations of A and g,,, and created a consequent bias on the esti-
mation of g, and g, which was highly dependent on the range of irra-
diance used in the measurements. The parameter g, was smaller when
using higher irradiances and became negative using irradiances above
150 pmol m2s ! The empirical difficulty to estimate g, using regres-
sions has been experienced in several studies where negative values
were reported (Duursma et al., 2019; Héroult et al., 2013; Leuning,
1995; Medlyn et al., 2011; Miner & Bauerle, 2017). Our results sug-
gest that underestimation of g, is likely to result from using a linear
model to fit data that are in fact not linear. In contrast, when using the
USOAé model, estimation of g, was not affected by irradiance and cor-
responded closely to Sow,dark: In addition, we showed a strong depen-
dence of the range of irradiance on g, estimated by the USO model,
with higher values when the irradiance, and therefore A, was higher.
Note that the bias between g, estimated using the full irradiance
range, or only the irradiance above 150 pmol m~2 s (Figure 3b) is sig-
nificant and results in g, values that differ by more than the difference
between the g, values associated with a tropical rainforest tree and a
deciduous savannah tree plant functional type as reported by Lin et al.
(2015). Estimating g, using the USOAg model improved the robustness
of the estimation across the different irradiances. Additionally, we
found that g, estimated by fitting the data with the USOAg formulation
revealed correlation with other leaf traits that were not seen when
using g, estimated by the USO model. This is an interesting result, and
it could lead to a better understanding of trait co-variance that could
be used to derive the g, parameter from other leaf traits.

We recognize that several formulations could be used to represent
the nonlinearity in the g, response. Initially we evaluated formula-
tions using A'; and estimated k for each conductance response curve.
We saw that for the various species we studied the mean k was signifi-
cantly above one (p < 1.107'%), with an average around two

(k = 2.1 + 0.6 SD for the tropical species; k = 1.8 + 0.7 SD for the
Davidson et al. (2022) data set; k = 2.2 + 0.6 SD for the Leakey et al.
(2006) data set. However, to avoid overparameterization of the model
we chose to fix k to 2. The choice of the representation of the nonlin-
earity by a power was however strictly empirical, based on the analysis
of the residuals, and was not guided by mechanistic insight. Therefore,
it is possible that other nonlinear empirical representations could also
perform well. It is important to note that even if the modification we

propose to the USO model is empirical, the USOAg parameters can still

be interpreted within the USO framework. Indeed, g, from the USO
model is similar to g, from the USOAg model (Equation 3, Figure 6b) and

both increased with irradiance (Figure 3). If we consider that g, in-
creases proportionally with Agand, therefore, write g, = cAg in Equation

3, we obtain the USOAg model (Equation 4). Note that we use g, in

place of ¢ to follow established notation where g, is the slope of the
conductance model (Table 2).

Our choice of Ag in place of A2 is motivated by the advantage of
having g, = Sowdark- IN addition, the use of Aﬁ would simulate a slight
decrease in g, with increasing irradiance from dark to the light com-
pensation point, which was not observed in the data. We recognize
that Ag is not directly measured by gas exchange instrumentation
and that our estimate of Ag is dependent on a dark-adapted mea-
surement of respiration (R, ) that may differ from the respiration in
the light (Rday) (Atkin et al., 1997; Farquhar & Busch, 2017).

Our study demonstrated the importance of considering the
nonlinearity between g, and A in conductance models for simulat-
ing gas exchange but also the influence of this nonlinearity on our
ability to provide models with robust parameter estimates. Further
studies will be necessary to elucidate the mechanisms involved to
explain the nonlinearity and the ecological advantage of this phe-
nomenon. This work focused on the effects of variation in irradiance
and considered elevation of ambient CO, concentration. Further
studies evaluating the non-linearity of the relationship between A
cand T

and g, in response to changes in VPD would be a valu-

able addition.

lea leaf
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APPENDIX
The equations used to simulate the leaf gas exchange (Figure 10) are
presented below.

We used the FCB photosynthesis model (Farquhar et al., 1980),
which represents net CO, assimilation rate as:

A, = min (A, A)) - Ry, (A1)

where A_is the rate of maximum carboxylation and AJ. is the maximum
rate of RuBp regeneration (or electron transport) and R, is the day-
time respiration rate that is not attributable to the photorespiratory
pathway.
A_and Aj are given by:
(G-T%)V,

A _ cmax (A2)
c =
C+K(1+ ‘KL)

—r* 2
A.:& (A3)
TG rar

where I'* is photorespiratory CO, compensation point, C; is the inter-

cellular CO, concentration, V.

» Vemax IS the maximum carboxylation veloc-

ity, K_and K are the Michaelis-Menten coefficients of rubisco activity
for CO, and O,, respectively, and J is the potential electron transport

rate, given by:

2
_ ’2 + Jmax - \/(I2+Jmax) - 49I2Jmax (A4)

J 20

wherel, is the photosynthetic irradiance absorbed by the photosystem

Il, J .., is the maximum electron transport rate and 6 is an empirical

curvature factor (usually around 0.7).
Note that Equations (A2) and (A3) are in the form:

(G —TI*)x
A, = —— —R,, (A5)
n C+y d

where x and y equal V.

o . -
max and K¢ (1 + K—2 ) respectively, when A_ is lim-

ited by A, and equal J/4 and 21, respegtively, when A is limited by AJ..
The diffusion of the CO, from the leaf surface to the intercellular

environment can be described by:

A
C; = CO,, — 1.63—”. (A6)

SW
And finally, the leaf conductance to water vapor is modeled using
the USOAg model:

2
31 Ag

V/VPD o €Oy’ (A7)

8w =80 + 1.6

where Ag =A,+R,
We assumed that R, corresponds to respiration in the dark (R, ).
In those conditions, the solutions of the system of equations
{Equations A5-A7} for C, corresponds to the roots of a degree 3 pol-
ynomial (below). In our simulations, among the three solutions two
were imaginary and one was real. The real solution was used and was

then used to calculate A and g,
aCf + bCi2 +cC+d=0, (A8)

where:
a = 585CO,,\/VPD\ozt + 881%%,

b= —16I"g,x2 ~51/VPD);;CO3 gy +101/VPD,CO, 30y
—8C0,,81 %% —81/VPD,oz¢R 2k COs + 81/ VPD s COL X,

c=80"2g,x? + 161 CO,,81x* — 101/VPD,,(CO3 3oy
+54/VPD,.,sCO,.8oy% — 81 /VPD,,sCO,x
=164/ VPDiestRyark COxY + 84/ VPD;e,t CO, Xy,

Q.
|

= —8I"2C0,,81X% — 54/VPD,),yCO3 8oy2 — 8" \/VPD),sCO,xy

-8 \' VPDIeafRdarkCOZSyz'
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