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Summary

� An–Ci curves are used to infer Vcmax,25 and J25 for terrestrial biosphere models, but

fitting-tool assumptions can alter both parameters; although Vcmax,25 varies more, J25 differ-

ences can also shift inferred limitation regimes and thereby affect propagation from leaf to

canopy simulations.
� We compared 11 widely used An–Ci fitting configurations and one optimal model config-

uration across four C3 crops (soybean, perennial ryegrass, red clover, and winter wheat), ran

two complementary sensitivities (one-at-a-time toggles relative to a baseline and

variance-based decomposition), and used the resulting parameters in the Soil-Canopy Obser-

vation, Photochemistry and Energy (SCOPE) model to simulate An and gross primary produc-

tivity (GPP).
� Vcmax,25 differed by up to fourfold across tools, with consistent fingerprints across crops.

Pooled sensitivities identified mesophyll conductance (gm) and limiting-rate selection as the

dominant drivers of between-tool spread. In SCOPE, using the same assumptions in simulation

as in parameter estimation kept leaf An errors below 9%, while mismatched assumptions pro-

duced An deviations�68% to +81% across crops and soybean GPP shifts�12% to +20%.
� Vcmax,25 is transportable only with its assumptions. Users should align gm, limiting-rate, and

kinetic settings with intended simulations or treat catalogued values as priors unless recom-

puted from raw An–Ci data.

Introduction

Photosynthesis is a foundational biological process that under-
pins terrestrial carbon uptake and is central to research in plant
physiology, ecosystem ecology, and crop science, where photo-
synthetic traits are used to interpret leaf-level processes, trait
coordination, and responses to environmental variability (Wan
& Ma, 2024; Yu et al., 2024). At broader scales, it governs gross
primary production (GPP), the dominant land–atmosphere car-
bon flux shaping carbon–climate feedbacks (Campbell et al.,
2017; Hu et al., 2021) and supporting a major terrestrial carbon

sink (Keenan & Williams, 2018; Luo et al., 2019). Despite dec-
ades of model development, global GPP estimates from terrestrial
biosphere models (TBMs) remain highly uncertain, ranging from
roughly 90–170 Pg C yr�1 (Zheng et al., 2020). One important
source of this uncertainty is the specification and constraint of
photosynthetic capacity, which provides a key biochemical upper
bound of carbon uptake.

The Farquhar–von Caemmerer–Berry (FvCB) biochemical
model (Farquhar et al., 1980; von Caemmerer, 2000) is widely
used to estimate leaf photosynthetic capacity from gas-exchange
data, with capacity commonly summarized by parameters
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standardized to 25°C, including the maximum Rubisco carboxy-
lation capacity (Vcmax,25) and electron-transport capacity (J25).
These parameters are widely used as both model inputs and phy-
siological traits for cross-study synthesis, and their robust and
comparable estimation is essential for leaf-level physiology and
large-scale carbon modeling. Inaccurate specification of Vcmax,25

has been shown to induce substantial biases in simulated photo-
synthesis and to contribute importantly to GPP uncertainty in
modeling studies (Bonan et al., 2011; Walker et al., 2017; Xu
et al., 2024), highlighting the importance of accurately estimating
key photosynthetic parameters.

To constrain Vcmax,25 across leaf to global scales, diverse
approaches have been developed. Statistical approaches rely on
empirical relationships between field measurements and plant
traits or remotely sensed proxies, including leaf nitrogen or Chl
content (Walker et al., 2014; Luo et al., 2019; Lu et al., 2022),
vegetation indices (Lu et al., 2025), and hyperspectral reflectance
(Sexton et al., 2021; Wan & Ma, 2024). Inversion approaches
retrieve effective Vcmax,25 by assimilating flux-tower GPP (Qian
et al., 2021) or satellite-derived solar-induced Chl fluorescence
(SIF) into TBMs (He et al., 2019; Liu et al., 2023). Mechanistic
approaches grounded in optimality theory infer Vcmax,25 from
principles of nitrogen allocation and coordination among carbox-
ylation, electron transport, and water costs (Smith et al., 2019;
Detto & Xu, 2020). Although these methods extend photosyn-
thetic capacity estimation beyond the leaf scale, they often rely
on leaf CO2 response (An–Ci) curve fitting for calibration, bench-
marking, or evaluation (Sharkey et al., 2007; De Kauwe
et al., 2016).

The leaf An–Ci curve describes the response of net assimilation
(An) to intercellular CO2 concentration (Ci). By fitting this curve,
photosynthetic capacity parameters, such as Vcmax,25 and J25
under saturating light, can be inferred (Farquhar et al., 1980;
Sharkey et al., 2007). Because An–Ci curves are not necessarily
measured at 25°C, parameters are standardized using
temperature-response functions. Vcmax,25 and J25 jointly control
Rubisco- and electron-transport–limited photosynthesis within
the FvCB framework, making An–Ci fitting a widely used path-
way for estimating key photosynthetic traits. In terrestrial bio-
sphere and ecosystem models, empirical or structural
relationships between Vcmax,25 and J25 are often imposed to con-
strain photosynthetic capacity and ensure realistic transitions
between Rubisco and electron-transport limitation (Wullschle-
ger, 1993). Therefore, beyond comparing how fitting methods
alter the marginal estimates of Vcmax,25 and J25, it is necessary to
test whether method choice alters their coordination, including
slope, ratio, and dispersion. Such method-induced differences,
even when based on the same leaf-level observations, may lead to
different model constraints and scale-dependent interpretations.

Over the past two decades, numerous tools have been devel-
oped to fit An–Ci curves and retrieve photosynthetic parameters
(e.g. Sharkey et al., 2007; Patrick et al., 2009; Lochocki et al.,
2025). Early spreadsheet-based calculators such as the Long &
Bernacchi (2003), Ethier & Livingston (2004), and Sharkey
et al. (2007) tools remain widely used because of their

accessibility, while more recent R packages – such as planteco-
phys (Duursma, 2015), photosynthesis (Stinziano et al., 2021),
msuRACiFit (Gregory et al., 2021), and PhotoGEA (Lochocki
et al., 2025) – have automated limitation assignment and
expanded parameterization options. Croft et al. (2017) used the
Ethier & Livingston (2004) calculator to derive reference Vcmax

under growing-season temperature for developing leaf Chl
content–based upscaling methods, whereas Jiang et al. (2020)
validated an optimality-based framework against Vcmax,25 derived
using the Bernacchi et al. (2001) approach.

However, these tools are far from interchangeable. Although
they are applied to the same type of data, they differ in funda-
mental assumptions and implementations. Key methodological
choices include whether mesophyll conductance (gm) is assumed
infinite (Collatz et al., 1991; Duursma, 2015) or explicitly esti-
mated (Ethier & Livingston, 2004; Moualeu-Ngangue
et al., 2017), how day respiration (Rd) is constrained, whether
triose phosphate utilization (TPU) limitation is considered, how
the CO2 compensation point (Γ*) in the absence of Rd is para-
meterized, how temperature responses are formulated, and how
transitions between limiting processes are defined. As a result,
identical datasets may yield divergent estimates of Vcmax,25 and
J25 across tools, yet systematic cross-tool comparisons remain
limited. More importantly, it is unclear how such discrepancies
affect parameter coordination, interpretation and transferability,
and their propagation in downstream leaf-, canopy-, or
ecosystem-scale simulations.

Here, we address this gap by systematically evaluating 11
widely used An–Ci fitting tools that differ in process representa-
tion and parameterization across four C3 crops. We first quantify
how tool-specific assumptions affect estimates of Vcmax,25 and J25,
as well as their inferred coordination. We then propagate these
parameter sets into the Soil Canopy Observation, Photochemis-
try and Energy fluxes (SCOPE) model (van der Tol et al., 2009;
Yang et al., 2021), a widely used radiative transfer and energy bal-
ance framework for simulating ecosystem carbon fluxes. Within
SCOPE, Vcmax,25 serves as a critical biochemical input for leaf
and canopy photosynthesis. By linking parameter estimation to
forward simulations of An and GPP, our study provides an
evidence-based assessment of how methodological differences in
An–Ci fitting affect photosynthetic capacity estimates and their
downstream interpretation across scales, and offers practical gui-
dance for improving consistency between fitting tools and model
implementation in plant physiology, remote sensing, and earth
system modeling.

Materials and Methods

Leaf gas exchange and Chl fluorescence measurements

Leaf gas-exchange measurements were conducted for four crops –
soybean (Glycine max (L.) Merr), perennial ryegrass (Lolium per-
enne L.), red clover (Trifolium pratense L.), and winter wheat
(Triticum aestivum L.; winter type)—under rainfed field condi-
tions at four field sites (Table 1). Soybean data were collected
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over two consecutive years in Illinois, USA: throughout the grow-
ing season (June–October) in 2019 at the University of Illinois
Energy Farm (40.06°N, 88.19°W) and over the same period in
2020 at the University of Illinois Reifsteck Farm (39.88°N,
88.15°W). Single-day measurements of perennial ryegrass and
red clover were obtained between April and May 2023 at the
Yucheng Experimental Station, Yucheng, China (36.93°N,
116.63°E; Ye et al., 2025). Winter wheat measurements were col-
lected at two site–year combinations: Yucheng Experimental Sta-
tion, China (25 April 2023; 36.93°N, 116.63°E; Ye et al., 2025),
and the Caoxinzhang Experimental Farm, Northwest A&F Uni-
versity, Yangling, China (23 March 2025; 34.31°N, 108.09°E).
Although both winter wheat datasets represent T. aestivum (win-
ter type), they were collected at different sites and years and were
therefore treated as two independent site–year datasets in all
cross-tool comparisons.

Leaf gas exchange was measured using a portable photosynth-
esis system (LI-6800; Li-Cor Biosciences, Lincoln, NE, USA) at
a constant flow rate of 500 μmol s�1 and controlled chamber
humidity (40–65%). The saturating photosynthetic photon
flux density (PPFD) used for An–Ci measurements was deter-
mined from An–Q (light-response) curves to ensure
nonlight-limiting conditions. For each crop, An–Ci response
curves were generated by stepwise variation of the reference CO2

concentration (Ca) under the dataset-specific saturating PPFD
(1200–2200 μmol m�2 s�1), controlled leaf temperature
(25–30°C), and stable relative humidity (40–65%). Before each
curve, leaves were acclimated for 5–20 min until An and stomatal
conductance stabilized. Detailed Ca step sequences and PPFD
protocols for both An–Ci and An–Q measurements are provided
in Supporting Information Table S1, and the numbers of inde-
pendent biological replicates for each species, dataset, and date
are reported in Table S2. Full protocols and instrument settings
for An–Ci, An–Q, and simultaneous Chl fluorescence measure-
ments (electron-transport rate, ETR, estimation) are provided in
Methods S1.

FvCB framework and method configurations

The FvCB model (Farquhar et al., 1980) provides the standard
biochemical representation of C3 photosynthesis and has been
extensively incorporated into TBMs (Rogers, 2014; van Diepen
et al., 2022). In this framework, An is determined by the
most limiting of three potential processes: Rubisco-limited

carboxylation (Ac), RuBP-regeneration-limited (Aj), and
TPU-limited (Ap):

An =min Ac,Aj,Ap

� �
Eqn 1

Rubisco-limited:

Ac =
V cmax C c�Γ�ð Þ

C c þ K c 1þ O=K oð Þ�Rd Eqn 2

RuBP-regeneration-limited:

Aj =
J C c�Γ�ð Þ
4C c þ 8Γ� �Rd Eqn 3

TPU-limited:

Ap = 3TPU�Rd Eqn 4

where Cc is the chloroplast CO2 concentration, Kc and Ko are the
Michaelis–Menten constants of Rubisco for CO2 and O2, respec-
tively, O is O2 concentration, J denotes the electron-transport
rate. In earlier studies, this quantity was often reported as Jmax

when inferred from An–Ci curves measured under high light.
However, following Buckley & Diaz-Espejo (2015), we distin-
guish it from the asymptotic Jmax of the light-response function
and refer to it here as J.

In this study, 11 widely used implementations of the FvCB
framework were selected for comparison: Collatz_1991 (Collatz
et al., 1991), Long & Bernacchi_2003 (Long & Bernacchi, 2003),
Ellsworth_2004 (Ellsworth et al., 2004), Ethier & Living-
ston_2004 (Ethier & Livingston, 2004), Patrick_2009 (Patrick
et al., 2009), Sharkey_2007 (Sharkey et al., 2007),
Duursma_2015 (Duursma, 2015), Sharkey_2016 (2.0R; Shar-
key, 2016), Moualeu-Ngangue_2017 (Moualeu-Ngangue
et al., 2017), Gregory_2021 (Gregory et al., 2021), and Stin-
ziano_2021 (Stinziano et al., 2021). Most of these methods are
deterministic curve-fitting tools that primarily return point esti-
mates, whereas Patrick_2009 uses a hierarchical Bayesian
approach that jointly estimates photosynthetic parameters and
their posterior uncertainties by combining prior information
with observations. We also included the optimality-based
Smith_2019 approach (Smith et al., 2019) as an external
benchmark. Because it predicts environmentally optimal

Table 1 Field sites, sampling dates, and crop types for leaf gas-exchange measurements.

Site Latitude Longitude Sampling date(s) Crop type(s)

University of Illinois Energy Farm, USA 40.06°N 88.19°W 9 June–10 October 2019 Soybean (Glycine max)
Reifsteck Farm, University of Illinois, USA 39.88°N 88.15°W 9 June–3 October 2020 Soybean (Glycine max (L.) Merr.)
Yucheng Experimental Station, China 36.93°N 116.63°E Winter wheat, 25 April 2023;

Perennial ryegrass, 29 April
2023; Red clover, 1 May 2023

Winter wheat (Triticum aestivum L.);
Perennial ryegrass (Lolium perenne

L.); Red clover (Trifolium pratense L.)
Caoxinzhang Experimental Farm (NWAFU),
Yangling, China

34.31°N 108.09°E 23 March 2025 Winter wheat (Triticum aestivum L.,
winter type)
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photosynthetic parameters from meteorological forcing rather
than fitting An–Ci curves directly, it was treated separately from
the Table 2 fitting configurations and is described in Estimation
of Vcmax,25 and J25 section.

Most fitting methods were originally developed as Excel-based
tools, with three later implemented as widely used R packages:
plantecophys (Duursma_2015), photosynthesis (Stinziano_2021),
and msuRACiFit (Gregory_2021). Across the 11 fitting config-
urations, methodological differences arise mainly from the treat-
ment of six process variables (gm, Rd, Γ*, k(T ), TPU, and
limiting-rate selection) and three kinetic parameters (Kc, Ko, and
Γ* at 25°C, hereafter Kc,25, Ko,25, and Γ�

25, respectively), as sum-
marized in Table 2. Some tools allow user-defined process set-
tings; unless otherwise stated, we used the published or default
configuration summarized in Table 2.

The treatment of gm differed substantially among fitting
methods. Collatz_1991, Long & Bernacchi_2003, Ells-
worth_2004, Duursma_2015, and Stinziano_2021 implicitly
assumed infinite gm (gm=∞, Ci= Cc). By contrast, Ethier &
Livingston_2004, Gregory_2021, Sharkey_2007, and Shar-
key_2016 (2.0R) estimated gm from gas-exchange data alone
(Eqn 5a), whereas Moualeu-Ngangue_2017 further constrained
gm by combining gas exchange with Chl fluorescence (Eqn 5b):

gm ¼
An= C i�C cð Þ að Þ

An αβI incΦPSII�4 An þ Rdð Þð Þ
αβI incΦPSII C i�Γ�ð Þ�4 C i þ 2Γ�ð Þ An þ Rdð Þ bð Þ

8<
:

Eqn 5

where α is the fraction of incoming light absorbed by the
photosystems, β is the partitioning factor of absorbed photons
between PSI and PSII, Iinc is incident PPFD, and ΦPSII is
the effective quantum yield. The values of α and β are pro-
vided in Table S3.

Estimation of Rd also varied. In Long & Bernacchi_2003, Ells-
worth_2004, and Stinziano_2021, Rd was fitted linearly from the
low-Ci portion of the An–Ci curve, whereas most other methods
solved Rd jointly with Vcmax using a nonlinear fitting. Col-
latz_1991 prescribed Rd as a constant fraction of Vcmax (Eqn 6a).
Ethier & Livingston_2004 used nonlinear least-squares fitting to
estimate Vcmax�Rd and then solved for Rd (Eqn 6b):

Rd ¼
0:015� Vcmax að Þ
x � K o �

S c=o � Γ�0:5O

O � S c=o � K c þ S c=o � K o � K c þ 0:5O � K o
bð Þ

8<
:

Eqn 6

where x =Vcmax�Rd, Sc/o is the Rubisco CO2/O2 specificity fac-
tor, and Γ is CO2 compensation point derived from a nonrectan-
gular hyperbolic fit to the An–Ci curve.

The treatment of Γ* varied among methods. Most methods
used an Arrhenius-type response (Eqn 7a), whereas Collatz_1991
derived Γ* from Rubisco specificity (Eqn 7b). Ellsworth_2004
applied a quadratic response (Eqn 7c), and Ethier & Living-
ston_2004 used an alternative Arrhenius-type formulation
(Eqn 7d). In Gregory_2021, Γ� ¼ 3:52Pa:

Γ� ¼

exp c� ΔH a

R T þ 273:15ð Þ
� �

að Þ
O=2S c=o bð Þ
Γ�
25 þ 0:2268 � T�25ð Þ þ 0:00463 � T�25ð Þ2 cð Þ

Γ�
25 � exp ΔH a T�25ð Þ=298:15R T þ 273:15ð Þ½ � dð Þ

8>>>>>><
>>>>>>:

Eqn 7

where R is the universal gas constant; T is leaf temperature, °C; c
is a dimensionless scaling constant; ΔH a denotes activation
energy.

The temperature-response function, k(T ), used to normalize
Vcmax and J at measurement temperature to Vcmax,25 and J25, was
usually represented by the Arrhenius formulation (Eqn 8a). By
contrast, Collatz_1991 employed a Q10-based function with a
high-temperature inhibition term (Eqn 8b), whereas
Patrick_2009 and Smith_2019 adopted a peaked Arrhenius for-
mulation (Eqn 8c):

Although Eqn (8a) has the same form as Eqn (7a), the para-
meter values differ because Eqn (7a) describes Γ*, whereas
Eqn (8a) describes the temperature responses of Vcmax and J, k25
is the parameter value at 25°C, Q10 is the temperature-sensitivity
coefficient, a and b are empirical constants, ΔS is an entropy
term, Hd is the deactivation energy. All parameter values are pro-
vided in Table S3.

k Tð Þ ¼

exp c� ΔH a

R � T þ 273:15ð Þ
� �

að Þ

k25 � Q T�25ð Þ=10
10 1þ exp �aþb Tþ273ð Þ

R Tþ273ð Þ
h in o�1

bð Þ

k25 � exp ΔH a T�25ð Þ
298R T þ 273:15ð Þ

� �
�

1þ exp
298 � ΔS�H d

298R

� �

1þ exp
T þ 273:15ð Þ � ΔS�H d

R � T þ 273:15ð Þ
� � cð Þ

8>>>>>>>>>>><
>>>>>>>>>>>:

Eqn 8

New Phytologist (2026)
www.newphytologist.com

� 2026 The Author(s).

New Phytologist� 2026 New Phytologist Foundation.

Research

New
Phytologist4

 14698137, 0, D
ow

nloaded from
 https://nph.onlinelibrary.w

iley.com
/doi/10.1111/nph.71358 by N

orthw
est A

gri &
 Forestry, W

iley O
nline L

ibrary on [14/06/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



T
ab

le
2
C
o
m
p
ar
is
o
n
o
f
1
1
fi
tt
in
g
co
n
fi
g
u
ra
ti
o
n
s
u
se
d
to

es
ti
m
at
e
V
cm

a
x
,2
5
an

d
J 2

5
w
it
h
in

th
e
Fv

C
B
fr
am

ew
o
rk
.
M
et
h
o
d
s
d
if
fe
r
in

th
e
tr
ea

tm
en

t
o
f
si
x
p
ro
ce
ss
es

(g
m
,
R
d
,
Γ*

,
k(
T
),
T
P
U
lim

it
at
io
n
,
an

d
lim

it
in
g
-r
at
e
se
le
ct
io
n
)
an

d
th
re
e
ki
n
et
ic
p
ar
am

et
er
s
(K

c,
2
5
,
K
o
,2
5
,
an

d
Γ� 2

5
).
T
h
e
co
rr
es
p
o
n
d
in
g
fo
rm

u
la
ti
o
n
s
ar
e
g
iv
en

in
Eq

n
s
5
–8

.

M
et
h
o
d

g
m

R
d

T
P
U

Γ*
k(
T
)

Li
m
it
in
g
-r
at
e
se
le
ct
io
n

P
ar
am

et
er
s

Lo
n
g
&

B
er
n
ac
ch
i_
2
0
0
3

∞
Li
n
ea

r
fi
tt
in
g

N
Eq

n
7
(a
)

Eq
n
8
(a
)

Fu
ll
cu
rv
e

K
c,
2
5
=
4
0
.4
,
K
o
,2
5
=
2
7
.8
,

Γ� 2
5
=
4
.2
7
5

C
o
lla
tz
_1

9
9
1

∞
Eq

n
6
(a
)

N
Eq

n
7
(b
)

Eq
n
8
(b
)

Q
u
ad

ra
ti
c
sm

o
o
th
in
g
fu
n
ct
io
n

K
c,
2
5
=
3
0
,
K
o
,2
5
=
3
0
,
Γ� 2

5
=
4
.0
2

D
u
u
rs
m
a_
2
0
1
5

∞
N
o
n
lin
ea

r
fi
tt
in
g

N
Eq

n
7
(a
)

V
cm

a
x
:
Eq

n
8

(a
);

J:
Eq

n
8
(c
)

Fu
ll
cu
rv
e

K
c,
2
5
=
4
0
.4
,
K
o
,2
5
=
2
7
.8
,

Γ� 2
5
=
4
.2
7
5

El
ls
w
o
rt
h
_2

0
0
4

∞
Li
n
ea

r
fi
tt
in
g

(C
i
<
2
3
0
)

N
Eq

n
7
(c
)

Eq
n
8
(a
)

A
c:
C
i
<
2
3
0
,A

j:
C
i
>
2
8
0

K
c,
2
5
=
4
0
.4
,
K
o
,2
5
=
2
7
.8
,

Γ� 2
5
=
4
.2
7
5

Et
h
ie
r
&

Li
vi
n
g
st
o
n
_2

0
0
4

Eq
n
5
(a
)

Eq
n
6
(b
)

N
Eq

n
7
(d
)

Eq
n
8
(a
)

Fu
ll
cu
rv
e

K
c,
2
5
=
2
7
.4
,
K
o
,2
5
=
4
1
.8
2
9
,

Γ� 2
5
=
4
.5
1

G
re
g
o
ry
_2

0
2
1

Eq
n
5
(a
)

N
o
n
lin
ea

r
fi
tt
in
g

Y
Fi
xe

d
Eq

n
8
(a
)

Fu
ll
cu
rv
e

K
c,
2
5
=
2
7
.2
4
,
K
o
,2
5
=
1
6
.5
8
,

Γ� 2
5
=
3
.5
2

M
o
u
al
eu

-
N
g
an

g
u
e_
2
0
1
7

Eq
n
5
(b
)

N
o
n
lin
ea

r
fi
tt
in
g

N
Eq

n
7
(a
)

Eq
n
8
(a
)

Fu
ll
cu
rv
e

K
c,
2
5
=
2
7
.2
4
,
K
o
,2
5
=
1
6
.5
8
,

Γ� 2
5
=
3
.7
4

P
at
ri
ck
_2

0
0
9

B
ay

es
ia
n

es
ti
m
at
io
n

B
ay
es
ia
n
es
ti
m
at
io
n

N
B
ay
es
ia
n

es
ti
m
at
io
n

Eq
n
8
(c
)

B
ay
es
ia
n
es
ti
m
at
io
n

B
ay

es
ia
n
es
ti
m
at
io
n

Sh
ar
ke

y_
2
0
0
7

Eq
n
5
(a
)

N
o
n
lin
ea

r
fi
tt
in
g

Y
Eq

n
7
(a
)

Eq
n
8
(a
)

A
c:
C
i
<
2
0
0
,A

j:
C
i
>
3
0
0
,A

p
:
th
e
la
rg
es
t

p
o
in
t
o
f
C
i

K
c,
2
5
=
2
7
.2
4
,
K
o
,2
5
=
1
6
.5
8
,

Γ� 2
5
=
3
.7
4

Sh
ar
ke

y_
2
0
1
6
(2
.0
R
)

Eq
n
5
(a
)

N
o
n
lin
ea

r
fi
tt
in
g

Y
Eq

n
7
(a
)

Eq
n
8
(a
)

A
c:
C
i
<
2
0
0
,A

j:
C
i
>
3
0
0
,A

p
:
th
e
la
rg
es
t

p
o
in
t
o
f
C
i

K
c,
2
5
=
2
7
.2
4
,
K
o
,2
5
=
1
6
.5
8
,

Γ� 2
5
=
3
.7
4

St
in
zi
an

o
_2

0
2
1

∞
Li
n
ea

r
fi
tt
in
g

Y
Eq

n
7
(a
)

Eq
n
8
(a
)

Fu
ll
cu
rv
e

K
c,
2
5
=
4
0
.4
,
K
o
,2
5
=
2
7
.8
,

Γ� 2
5
=
4
.2
7
5

C
i
is
th
e
in
te
rc
el
lu
la
r
C
O

2
co
n
ce
n
tr
at
io
n
;
Γ*

is
C
O

2
co
m
p
en

sa
ti
o
n
p
o
in
t
w
it
h
o
u
t
d
ar
k
re
sp
ir
at
io
n
;R

d
is
d
ay

re
sp
ir
at
io
n
;
T
P
U
is
T
ri
o
se

p
h
o
sp
h
at
e
u
ti
liz
at
io
n
ra
te
;
g m

is
m
es
o
p
h
yl
lc
o
n
d
u
ct
an

ce
;
k(
T
)
is

th
e
te
m
p
er
at
u
re
-r
es
p
o
n
se

fu
n
ct
io
n
,
w
h
ic
h
n
o
rm

al
iz
es

V
cm

a
x
an

d
J
at

m
ea

su
re
d
le
af

te
m
p
er
at
u
re

to
V
cm

a
x
,2
5
an

d
J 2

5
;
K
c,
2
5
is
M
ic
h
ae

lis
–M

en
te
n
co
n
st
an

t
o
f
R
u
b
is
co

fo
r
C
O

2
at

2
5
°C

;K
o
,2
5
is

M
ic
h
ae

lis
–M

en
te
n
co
n
st
an

t
o
f
R
u
b
is
co

fo
r
O

2
at

2
5
°C

;
Γ� 2

5
is
C
O

2
co
m
p
en

sa
ti
o
n
p
o
in
t
w
it
h
o
u
t
d
ar
k
re
sp
ir
at
io
n
at

2
5
°C

.
Fo

r
D
u
u
rs
m
a_
2
0
1
5
an

d
G
re
g
o
ry
_2

0
2
1
,
th
e
T
P
U
se
tt
in
g
sh
o
w
n
h
er
e

co
rr
es
p
o
n
d
s
to

th
e
d
ef
au

lt
co
n
fi
g
u
ra
ti
o
n
u
se
d
in

th
e
m
ai
n
-t
ex
t
in
te
rc
o
m
p
ar
is
o
n
.
In

Lo
n
g
&
B
er
n
ac
ch
i_
2
0
0
3
,
V
cm

a
x
is
o
b
ta
in
ed

b
y
p
ro
g
re
ss
iv
el
y
re
m
o
vi
n
g
h
ig
h
-C

i
p
o
in
ts
u
n
ti
lt
h
e
lo
w
-C

i
re
g
io
n

b
ec
o
m
es

ap
p
ro
xi
m
at
el
y
lin
ea

r.
In

o
u
r
d
at
as
et
,
th
is
cr
it
er
io
n
w
as

sa
ti
sfi
ed

fo
r
C
i
<
2
0
0
μm

o
lm

o
l�

1
,
w
h
ic
h
p
ro
d
u
ce
d
a
st
ro
n
g
lin
ea

r
fi
t
(R

2
≥
0
.8
5
,
R
M
SE

≤
3
.9

μm
o
lm

�
2
s�

1
);
th
is
ra
n
g
e
w
as

th
er
ef
o
re

u
se
d
fo
r
V
cm

a
x
fi
tt
in
g
.

� 2026 The Author(s).

New Phytologist� 2026 New Phytologist Foundation.

New Phytologist (2026)
www.newphytologist.com

New
Phytologist Research 5

 14698137, 0, D
ow

nloaded from
 https://nph.onlinelibrary.w

iley.com
/doi/10.1111/nph.71358 by N

orthw
est A

gri &
 Forestry, W

iley O
nline L

ibrary on [14/06/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



TPU limitation was either excluded (e.g. Ellsworth_2004,
Ethier & Livingston_2004) or explicitly included (e.g. Shar-
key_2007). It is worth noting that both Duursma_2015 and
Gregory_2021 can be implemented with or without TPU. We
tested both configurations and found that the differences in fitted
Vcmax,25 and J25 were generally small (Figs S1, S2). Therefore, the
main-text intercomparison used the default configuration of each
method, that is TPU excluded for Duursma_2015 and TPU
included for Gregory_2021.

Limiting-rate selection also differed substantially across meth-
ods. Long & Bernacchi_2003, Duursma_2015, Ethier & Living-
ston_2004, Gregory_2021, Moualeu-Ngangue_2017, and
Stinziano_2021 used full-curve fitting. The Long & Bernac-
chi_2003 method estimates Vcmax from the low-Ci portion of the
An–Ci curve after progressively removing higher-Ci observations.
Because the original procedure does not define a universal
numerical criterion for selecting the low-Ci linear region, we
implemented an explicit operational rule. Candidate low-Ci

ranges were evaluated using the linearized Rubisco-limited rela-
tionship, and the retained range was required to satisfy the coeffi-
cient of determination (R2)≥ 0.85 and root mean square error
(RMSE)≤ 3.9 μmol m�2 s�1 for the linearized fit while retaining
sufficient points for stable fitting. In our dataset,
Ci< 200 μmol mol�1 was the common range that met these cri-
teria; this threshold was therefore used for the Long & Bernac-
chi_2003 Vcmax estimates. Collatz_1991 applied a quadratic
smoothing function to avoid abrupt switching between adjacent
limitation states. Ellsworth_2004, Sharkey_2007, and Shar-
key_2016 (2.0R) separated Rubisco- and RuBP-regeneration-
limited regions using fixed Ci thresholds. Patrick_2009 treated
limiting-rate selection probabilistically within the Bayesian fra-
mework rather than imposing deterministic thresholds.

In addition to these process-level differences, the methods also
differed in their treatment of kinetic constants. Most methods
did not estimate Kc,25, Ko,25, or Γ�

25 from the An–Ci data, but
instead prescribed method-specific fixed values (Table 2). Across
configurations, Kc,25 ranged from 27.24 to 40.4 Pa, Ko,25 from
16.58 to 41.829 kPa, and Γ�

25 from 3.52 to 4.51 Pa.
Patrick_2009 did not rely on a single fixed parameter set, but
instead estimated parameters and their uncertainty within a hier-
archical Bayesian framework.

Estimation of Vcmax,25 and J25

Except for methods originally implemented in dedicated R
packages, all 11 methods An–Ci fitting tools summarized in
Table 2 were reproduced within a unified Python workflow to
ensure consistent data handling and parameter retrieval. For each
An–Ci curve, we estimated parameters (Vcmax,25, J25, and where
available Rd, gm, and Γ*) and applied a quality-control filter to
exclude nonconverged or clearly poor fits that fail to reproduce
the observed curve shape, using standard goodness-of-fit metrics
(R2 and RMSE; Sharkey et al., 2007; Stinziano et al., 2021). Spe-
cifically, individual-curve fits were retained only if R2≥ 0.85 and
RMSE ≤ 6.3 μmol m�2 s�1. These criteria were used to identify
nonconverged or clearly poor fits that failed to reproduce the

observed An–Ci curve shape, while retaining natural measurement
noise and leaf-to-leaf variability. Under this standard, curve
retention rates remained very high across methods (98–100%;
Table S4), thereby limiting method-specific retention bias in the
cross-method comparisons. Species × date summaries were
included only when ≥ 3 biological replicates were retained after
quality-control. The resulting R2 and RMSE distributions are
shown in Fig. S3 (soybean) and Fig. S4 (other crops).

Because negative Rd is physiologically implausible, we applied
a two-pass non-negativity correction: each curve was first fitted
under the native assumptions of the configuration; if Rd < 0, we
fixed Rd = 0 and recalculated the remaining parameters. This
correction occurred mainly in Long & Bernacchi_2003,
Duursma_2015, Ellsworth_2004, Ethier & Livingston_2004,
and Stinziano_2021, with reset frequencies of 68–82% across all
crops, higher in soybean (78–92%) than in other crops (7–21%,
Table S5). The Rd= 0 values should therefore be interpreted
only as a fitting safeguard rather than as physiological Rd trait
estimates. Enforcing Rd ≥ 0 caused only minor upward shifts in
Vcmax,25 and J25 where Rd < 0 occurred (Figs S5, S6), and all
results in the main-text use the constrained solutions. Method-
specific handling was applied where required. Sharkey_2016
(2.0R) derives J from An–Q information; therefore, J25 was una-
vailable for soybean on DOY 167, 215, and 222 (no An–Q
curves) and this method was excluded only from those dates’ sta-
tistical tests. Collatz_1991 and Long & Bernacchi_2003 were
used only to estimate Vcmax,25 and were excluded from all J25
analyses.

We additionally implemented the optimality-based photosyn-
thetic capacity model of Smith_2019 as an external benchmark.
For each site year, the model was driven by daily ERA5-Land for-
cing (0.1°; temperature, vapor pressure deficit, photosynthetically
active radiation) and elevation, and daily Vcmax,25 and J25 were
sampled on the An–Ci measurement dates for comparison with
fitted estimates. This design ensured temporal alignment between
the optimality benchmark and the leaf-level observations.

Between-method differences in Vcmax,25 and J25 were tested for
each measurement date using Welch’s one-way ANOVA. For
soybean, Vcmax,25–J25 coordination was evaluated by linear
regression (J 25 = slope� Vcmax,25 þ intercept) and summarized
by R2 and ratio of performance to deviation (RPD), defined as
the ratio of SD to RMSE, where SD is the standard deviation of
observed J25 and RMSE is the regression prediction error; for the
nonsoybean datasets (single date per site year), coordination was
summarized using the J25/Vcmax,25 ratio. Simultaneous Chl fluor-
escence measurements during the An–Ci protocol provided an
external consistency check via ETRmax, defined for each replicate
as the maximum fluorescence-derived ETR across CO2 steps
under the imposed saturating PPFD. Fitted J (at the measure-
ment leaf temperature) was compared against ETRmax as a refer-
ence, noting that ETRmax is not a direct estimate of FvCB J.

Sensitivity analysis of Vcmax,25 and J25 estimation

We conducted two complementary sensitivity analyses to attri-
bute cross-configuration variation in Vcmax,25 and J25 to
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differences in fitting assumptions. All crop datasets were
included; for soybean, only the 2019 season was used because the
2019 and 2020 measurements followed the same protocol, while
2019 provided denser temporal coverage.

First, we performed a one-at-a-time (OAT) analysis using
Sharkey_2007 as the baseline configuration, perturbing a single
methodological component per run (Table 2; Eqns 5–8). We
examined six process-level assumptions: gm treatment (∞; gas
exchange only; gas exchange + Chl fluorescence), Rd treatment
(linear fitting; nonlinear fitting; fixed fraction of Vcmax), Γ* for-
mulation (alternative implementations), temperature-response
function k(T ) (Arrhenius; Q10; peaked Arrhenius), TPU inclu-
sion (on/off), and limiting-rate selection (full-curve; quadratic
smoothing; Ci-threshold partitioning). We additionally tested
discrete kinetic choices by swapping (1) paired Kc,25–Ko,25 sets
and (2) Γ�

25 values used across methods (Table 2). This design
isolates how replacing one assumption relative to Sharkey_2007
shifts fitted Vcmax,25 and J25.

Second, we quantified relative contributions within a variance-
based framework. For process assumptions, we followed the glo-
bal conditional-expectation approach of Dai et al. (2017): the
focal process was varied across its alternatives while all other pro-
cesses were averaged over their available formulations, yielding
first-order sensitivity indices (variance of the conditional-
expectation normalized by total variance). For kinetic assump-
tions (treated as discrete factors), we applied ANOVA-based var-
iance decomposition (Miller, 1986; Cottingham et al., 2005)
focusing on the paired Kc,25–Ko,25 sets and Γ�

25. To avoid over-
weighting crops with more observations, process sensitivities were
computed within each crop and then averaged across crops with
equal weights. Higher-order interactions were not evaluated;
first-order effects captured the majority of total variance in our
analyses (Walker et al., 2021).

SCOPE simulations from leaf-level An to seasonal soybean
GPP

To quantify how method-specific Vcmax,25 estimates propagate
into forward simulations (rather than to rank fitting methods),
we used SCOPE to simulate leaf-level An for all crops and seaso-
nal canopy GPP for soybean. SCOPE couples radiative transfer,
energy balance, and biochemical modules (Van der Tol
et al., 2009; Yang et al., 2021) and has been widely used to simu-
late ecosystem GPP and its environmental responses (Bayat
et al., 2018; Chen et al., 2025; Wu et al., 2025). In SCOPE,
Vcmax,25 is the prescribed biochemical input, whereas electron
transport, Rd, and Γ* are computed internally using SCOPE’s
default formulations; all other biochemical, stomatal, radiative-
transfer, and canopy-structure settings were kept at their SCOPE
defaults unless stated otherwise. Full biochemical-module details
(e.g. the J formulation, Rd parameterization) are provided in
Methods S2.

We ran two coefficient scenarios that differ only in Rubisco-
kinetic and Γ* conventions (Kc,25, Ko,25, and Γ�

25). In the as-

implemented scenario, each fitting configuration retained its
native Kc,25–Ko,25 set and Γ�

25 convention, and the resulting
Vcmax,25 estimates were transferred directly into SCOPE. In the
parameter-matched scenario, we replaced the fitting-side Kc,25–
Ko,25 and Γ�

25 with SCOPE-consistent values (Kc,25= 40.5 Pa,
Ko,25= 27.9 kPa, Γ�

25 = 4.3 Pa) and refit the curves to obtain
matched Vcmax,25 before forward simulation. Because the as-
implemented scenario reflects common practice, we report it in
the main text, while the parameter-matched scenario is provided
as a control analysis in the Supporting Information.

Leaf-level An simulations were performed by (1) inverting each
observed An_obs–Ci curve using the SCOPE biochemical module
to obtain a self-consistent reference Vcmax,25, and then rerunning
SCOPE forward to generate An_Reference; and (2) running
SCOPE forward using method-specific Vcmax,25 to generate An
simulations. Deviations from observations were quantified as
absolute and relative errors over the full An–Ci curve and, sepa-
rately, at Ca= 400 μmol mol�1:

ΔAn =An,i�An_obs Eqn 9a

ΔAn,% =
An,i�An_obs

An_obs
� 100% Eqn 9b

where An,i is the simulated assimilation using method-i Vcmax,25

and An_obs is the observed assimilation. Simulations used repli-
cate Vcmax,25 for each method and date, and uncertainty envel-
opes were generated as the mean� 1 SD of replicate-based
SCOPE simulations for each date. Soybean on 19 July 2019 is
shown as an illustrative example, whereas other crops correspond
to their measurement days.

Seasonal GPP simulations were conducted only for soybean
(2019), which provided continuous meteorological forcing and
canopy inputs for driving SCOPE across the growing season.
Because An–Ci measurements were available only on discrete
dates, daily Vcmax,25 trajectories were constructed for each fitting
configuration by piecewise linear interpolation between adjacent
measurement dates (holding values constant before the first and
after the last measurement). These daily Vcmax,25 series were then
used to drive seasonal SCOPE GPP. A self-consistency reference
trajectory (GPP_Reference) was obtained by driving SCOPE
with the reference-inverted Vcmax,25 series under the same for-
ward settings, and method-specific GPP deviations were quanti-
fied in absolute and relative terms:

ΔGPP=GPPi�GPP_Reference Eqn 10a

ΔGPP% =
GPPi�GPP_Reference

GPP_Reference
� 100% Eqn 10b

where GPPi denotes simulations using method-i Vcmax,25 and
GPP_Reference denotes the corresponding self-consistency refer-
ence simulation. Seasonal uncertainty envelopes were generated
by propagating the mean� 1 SD range of Vcmax,25 through the
interpolation and forward simulation steps.
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Results

Cross-method variation in estimated Vcmax,25, J25, and their
relationship

For soybean, both Vcmax,25 and J25 varied seasonally in 2019 and
2020, but their magnitudes differed strongly among methods
(Fig. 1). In 2019, Vcmax,25 spanned c. 20–302 μmol m�2 s�1 across
dates and methods. Smith_2019 and Moualeu-Ngangue_2017
produced the lowest and highest values, respectively. On DOY
230, most other methods fell between 98 and 177 μmol m�2 s�1.
In 2020, a similar pattern emerged. Across both years, Vcmax,25 dif-
fered significantly among methods on all observation dates, with
most dates reaching P< 0.001 (Fig. 1a,c).

Soybean J25 also differed among methods, but over a narrower
range than Vcmax,25. In 2019, J25 ranged from 53 to
305 μmol m�2 s�1, with Smith_2019 generally yielding the low-
est values, whereas Duursma_2015, Patrick_2009, Moualeu-
Ngangue_2017, and Sharkey_2016 (2.0R) occupied the upper
range. On DOY 230, J25 varied from c. 110 to
305 μmol m�2 s�1. In 2020, a pattern similar to that in 2019
emerged. Among-method differences were significant on four of
nine dates in 2019 and four of eight dates in 2020 (Fig. 1b,d).
Vcmax and J at measurement temperature showed patterns similar
to those at 25°C (Fig. S7).

Across the other crops, method-dependent differences were
also substantial (Fig. 2). Vcmax,25 ranged from 82 to 262, 71 to
205, 68 to 290, and 79 to 359 μmol m�2 s�1 in perennial rye-
grass, red clover, winter wheat (Yucheng), and winter wheat
(Yangling), respectively. For J25, the corresponding ranges were
104–297, 135–332, 109–412, and 122–343 μmol m�2 s�1,
respectively. The distribution of higher estimates varied among
crops: Moualeu-Ngangue_2017 and Patrick_2009 tended to
produce higher values in perennial ryegrass and winter wheat
(Yangling), whereas Patrick_2009, Duursma_2015, and Shar-
key_2016 (2.0R) were among the higher estimates in red clover
and winter wheat (Yucheng). Method effects were significant for
both parameters across all crops, with especially strong effects on
Vcmax,25 (all P< 0.001). Vcmax and J at measurement temperature
showed patterns similar to those at 25°C (Fig. S8).

Comparison with ETRmax provided an external physiological
reference for fitted J estimates (Fig. S9; Table S6). Across soybean
and the other crops, regression slopes between J and ETRmax ran-
ged from 0.81 to 1.26 and 0.47 to 2.00, respectively. When all
crops were pooled, slopes ranged 0.87–1.29. In soybean, ETRmax

generally lay near the upper range of fitted J, whereas in the other
crops, it fell within the distribution rather than at the extremes.

In soybean, the fitted Vcmax,25–J25 relationship differed mark-
edly among methods, with slopes ranging from 0.75 (Gre-
gory_2021) to 2.80 (Smith_2019) and intercepts from �52 to

Fig. 1 Seasonal dynamics of soybean photosynthetic capacity at 25°C in 2019 and 2020 derived from multiple An–Ci fitting configurations. (a) Vcmax,25 and
(b) J25 across nine dates (day of year, DOY) in 2019. (c) Vcmax,25 and (d) J25 across eight dates in 2020. Points represent method-specific means across
replicate leaves measured on the same date, and error bars denote SE across replicates. Asterisks indicate significant among-method differences at each
date based on Welch’s one-way ANOVA (*, P< 0.05; **, P< 0.01; ***, P< 0.001). Sharkey_2007 and Sharkey_2016 (2.0R) use the same procedure to
estimate Vcmax,25 from An–Ci curves and therefore give identical Vcmax,25 values. Sharkey_2016 (2.0R) derives J25 from light-response information and thus
has no J25 estimates on DOY 167, 215, and 222 in 2019 because An–Q curves were unavailable. Long & Bernacchi_2003 and Collatz_1991 do not provide
J25 and are therefore omitted from panels (b) and (d).
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95 (Fig. 3). R2 and RPD ranged from 0.45 to 0.93 and 1.36 to
3.69, respectively, with the highest values for Moualeu-
Ngangue_2017 and the lowest for Patrick_2009. For the other
crops, coordination between J25 and Vcmax,25 was summarized
using the ratio J25/Vcmax,25 (Fig. 4). This ratio ranged from 1.15
to 2.04 in perennial ryegrass, 1.05 to 2.97 in red clover, 0.89 to
3.07 in winter wheat (Yucheng), and 0.97 to 2.12 in winter
wheat (Yangling). Duursma_2015 was among the highest-ratio
methods across crops (>2.0), whereas Sharkey_2007,
Patrick_2009, and Moualeu-Ngangue_2017 generally occupied
the lower range.

Sensitivity of processes and parameters driving
cross-method variation in Vcmax,25 and J25

Sensitivity analyses showed that cross-method variation in fitted
Vcmax,25 and J25 was primarily driven by gm treatment and

limiting-rate selection among the process assumptions, while the
paired Kc,25–Ko,25 sets also contributed substantially, especially to
Vcmax,25 (Figs 5–7). By contrast, Rd, Γ*, k(T ), TPU, and Γ�

25 had
comparatively minor effects.

In the OAT for soybean in 2019, gm produced the largest shifts
in both Vcmax,25 and J25 (Fig. 5d,j). Relative to the infinite-gm
assumption, Eqn 5(b) increased Vcmax,25 and J25 by 46–109 and
30–80 μmol m�2 s�1, respectively, whereas Eqn 5(a) remained
close to the infinite gm case (< 20 μmol m�2 s�1). The corre-
sponding soybean process estimates (Fig. S10) showed Rd, gm,
and Γ* under different assumptions. Eqn 5(b) generally pro-
duced lower gm than Eqn 5(a), consistent with its higher Vcmax,25

and J25.
Limiting-rate selection was the second largest process source of

variation (Fig. 5f,l). For Vcmax,25, the quadratic formulation con-
sistently yielded the lowest values, 39–72 μmol m�2 s�1 lower
than the Ci-threshold and full-curve schemes. For J25, the effect

Fig. 3 Relationship between Vcmax,25 and J25 for
soybean in 2019 and 2020 across dates, by fitting
configuration. (a) Scatter plots and ordinary least-
squares regression lines for each method
(J25= slope × Vcmax,25+ intercept). (b) Method-
specific slopes, (c) intercepts, (d) coefficient of
determination (R2), and (e) ratio of performance
to deviation (RPD), used here as goodness-of-fit
metrics for the coordination relationship.

Fig. 2 Cross-species comparison of fitted
photosynthetic capacity at 25°C using different
An–Ci fitting configurations. (a) Vcmax,25 and (b)
J25 for perennial ryegrass, red clover, winter
wheat (Yucheng), and winter wheat (Yangling).
Points represent method-specific means across
replicate leaves, and error bars denote SE across
replicates. Asterisks indicate significant among-
method effects within each crop based on
Welch’s one-way ANOVA (*, P< 0.05; **,
P< 0.01; ***, P< 0.001).
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was smaller but still evident, with the quadratic formulation
lower by 9–48 μmol m�2 s�1. The threshold-based and full-curve
schemes yielded similar results, mostly differing by
< 20 μmol m�2 s�1.

Among the remaining process assumptions, Rd formulation
had a moderate effect on Vcmax,25 but only a small effect on J25
(Fig. 5b,h). Eqn 6(a) produced the highest Vcmax,25 and J25,
whereas the other estimates clustered closely. Different Γ* formu-
lations caused smaller but measurable shifts (Fig. 5a,g), ranging
from 6 to 35 and 4 to 17 μmol m�2 s�1 for Vcmax,25 and J25,
respectively. The effect of k(T ) was similarly modest (Fig. 5e,k),
with differences of 5–11 and 4–9 μmol m�2 s�1 for Vcmax,25 and
J25, respectively. TPU had the smallest effect (Fig. 5c,i), within
1–15 μmol m�2 s�1 for both parameters.

Cross-crop analyses showed broadly similar patterns, although
the magnitude of the gm effect differed among species (Fig. S11;
corresponding Rd, gm, and Γ* estimates are shown in Fig. S12).
In winter wheat (Yangling), Eqn 5(b) produced the highest
Vcmax,25 and J25. In perennial ryegrass and red clover, the differ-
ence between Eqns 5(a) and Eqns 5(b) was smaller, and both
exceeded the infinite-gm assumption. In winter wheat (Yucheng),
Eqn 5(a) exceeded Eqn 5(b) for both Vcmax,25 and J25. Limiting-
rate selection showed the same general ordering across crops as in
soybean. Rd, Γ*, k(T ), and TPU had minor effects across non-
soybean datasets.

Parameter perturbations showed that discrete kinetic para-
meters also affected Vcmax,25 and J25 (Figs 6, S13). In soybean,

replacing the paired Kc,25–Ko,25 parameter sets changed Vcmax,25

by 36–73 μmol m�2 s�1, whereas changing Γ�
25 caused only small

shifts (< 25 μmol m�2 s�1 for both Vcmax,25 and J25). Other
crops showed a similar pattern (Fig. S13).

Variance-based sensitivity analysis confirmed these patterns
(Fig. 7). Across crop ensembles, gm showed the highest first-order
sensitivity for both Vcmax,25 and J25 (c. 0.64 and 0.61), followed
by limiting-rate selection (c. 0.21 and 0.19). The remaining pro-
cesses had relatively small effects, with sensitivity indices of Γ*, k
(T ), Rd, and TPU all below c. 0.12 for Vcmax,25 and 0.18 for J25.
At the parameter level, the paired Kc,25–Ko,25 sets explained 0.33
of the variance in Vcmax,25, whereas Γ�

25 explained 0.04. Thus,
both analyses identified gm and limiting-rate selection as the
dominant process sources of cross-method divergence, and the
paired Kc,25–Ko,25 sets as the dominant kinetic-choice source.

Effects of Vcmax,25 parameterization on An and GPP
simulations

Under the as-implemented scenario, the SCOPE-based self-
consistency reference (An_Reference) closely reproduced the
observed An–Ci curves across all four crops (Fig. 8), with devia-
tions from An_obs generally within 0–2.4 μmol m�2 s�1 over the
full Ci range. Simulations driven by method-specific Vcmax,25

showed clear crop- and method-dependent offsets. Typically,
Moualeu-Ngangue_2017 produced the highest curves, whereas
Long & Bernacchi_2003, Collatz_1991, and Ethier &

Fig. 4 Method-specific ratios of J25 to Vcmax,25

for (a) perennial ryegrass, (b) red clover, (c)
winter wheat (Yucheng), and (d) winter wheat
(Yangling). Points indicate method-specific
mean J25/Vcmax,25 ratios across replicate leaves,
and error bars denote SE across replicates.
Because the Smith_2019 method yielded only
one value per day, no error bars are shown for
this method; all other methods include error
bars.
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Livingston_2004 produced the lowest. Under the parameter-
matched scenario (Fig. S14), the overall crop-specific ranking
remained similar, although the spread narrowed in some cases.

These offsets were quantified in Fig. 9 using the mean devia-
tion over the full An–Ci curve. Under the as-implemented sce-
nario, the bias of An_Reference was 0–9%. The relative bias

percentages of An in soybean, perennial ryegrass, red clover, win-
ter wheat (Yucheng), and winter wheat (Yangling) ranged from
�30% to +26%, �31% to +25%, �55% to �6%, �68% to
+7%, and� 17% to +81%, respectively. The parameter-
matched control (Fig. S15) preserved the same crop-specific error
ranking but reduced the error range in some cases. The relative

Fig. 5 One-at-a-time sensitivity analysis of six process assumptions on fitted Vcmax,25 and J25 during the 2019 soybean growing season. Panels (a–f) show
the effects on Vcmax,25 and panels (g–l) show the corresponding effects on J25. The six perturbed process assumptions are Γ* formulation, Rd treatment,
triose phosphate utilization (TPU) inclusion, gm treatment, temperature-response function k(T ), and limiting-rate selection. Points represent means across
replicate leaves and error bars denote SE. DOY, day of year.
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bias percentage ranged from c. �23% to +46% in winter wheat
(Yangling). The largest positive bias decreased most clearly
in winter wheat (Yangling; c. 30%). Results at
Ca= 400 μmol mol�1 were consistent with the full An–Ci curve
analysis (Fig. S16: as-implemented; Fig. S17: parameter-
matched). Overall, parameter matching reduced some deviations,
particularly in winter wheat (Yangling), but did not alter the
overall method ranking.

Seasonal soybean GPP simulations under the as-implemented
scenario showed a similar but more muted propagation of Vcmax,25

differences to the canopy scale (Fig. 10). During the growing sea-
son, GPP_Reference increased initially and then declined. Across
methods, simulated daily GPP generally remained close to this
reference trajectory, but systematic offsets were still evident.
Moualeu-Ngangue_2017 and Patrick_2009 both showed relatively
large positive biases (+10% to +20%). By contrast, Smith_2019
showed the largest negative deviations, with values reaching c.
�34% during mid-season. Collatz_1991, Ethier & Living-
ston_2004, and Long & Bernacchi_2003 also underestimated

GPP, but with smaller magnitudes (within�12%). Other methods
mostly remained within �5% of the reference (Fig. 10d). The
parameter-matched control showed the same overall seasonal order-
ing of GPP trajectories (Fig. S18). Overall, method-dependent dif-
ferences in fitted Vcmax,25 propagated into leaf-level An and seasonal
GPP, with greater relative spread in An. Harmonizing Kc,25, Ko,25,
and Γ�

25 reduced, but did not eliminate, this spread.

Discussion

Our results show that An–Ci fitting method choice is a major
source of variability in fitted Vcmax,25, J25, their inferred coordina-
tion, and downstream photosynthesis simulations. Across crops,
methods differed widely in parameter magnitude and transfer-
ability, largely driven by differences in process treatments and
kinetic assumptions. These findings indicate that photosynthetic
capacity estimates are strongly conditioned by the fitting frame-
work. In the following sections, we discuss the main drivers of
cross-method variation, the implications for forward simulations

Fig. 7 Variance-based sensitivity analysis (SA) of fitted Vcmax,25 and J25 across crop ensembles. (a) First-order process sensitivity indices for Vcmax,25; (b)
first-order process sensitivity indices for J25; (c) ANOVA-based variance decomposition for discrete kinetic choices, including paired Kc,25–Ko,25 sets and
Γ�
25. Blue and red bars correspond to the left and right y-axes, respectively; dashed vertical lines separate groups plotted against different y-axes scales.

Fig. 6 One-at-a-time sensitivity analysis of discrete kinetic choices on fitted Vcmax,25 and J25 during the 2019 soybean growing season. (a) Effects of
alternative paired Kc,25–Ko,25 sets on Vcmax,25; (b) effects of alternative Γ�

25 values on Vcmax,25; (c) effects of alternative Γ�
25 values on J25. Points represent

means across replicate leaves and error bars denote SE. DOY, day of year.
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and parameter transferability, the practical interpretation of
method differences, and the limitations and outlook of this
study.

Drivers of cross-method variation in fitted Vcmax,25 and J25

The cross-method spread in fitted Vcmax,25 and J25 reflects systema-
tic differences in process treatments and kinetic assumptions.

Although the exact rankings differed, both the OAT and the
variance-based sensitivity analysis identified gm, limiting-rate selec-
tion, and the adopted kinetic parameterization as the primary
sources of variation (Farquhar et al., 1980; von Caemmerer, 2000;
Walker et al., 2021), whereas k(T ), Γ*, Rd, and TPU acted mainly
as secondary modifiers (Figs 5–7, S11–S13).

Among the process assumptions, gm exerted the strongest
influence on both Vcmax,25 and J25, although the magnitude of its

Fig. 8 Observed and simulated An–Ci response curves under the as-implemented scenario, in which each fitting tool retained its native Kc,25, Ko,25, and Γ�
25

settings before Vcmax,25 was transferred directly into Soil-Canopy Observation, Photochemistry and Energy (SCOPE). (a) Soybean; (b) perennial ryegrass;
(c) red clover; (d) winter wheat (Yucheng); (e) winter wheat (Yangling). Black points represent observed assimilation rates (An_obs). The brown line
(An_Reference) denotes the self-consistency reference obtained by inverting Vcmax,25 from the observed An–Ci curves using the SCOPE biochemical
module and then rerunning SCOPE in forward mode. Colored lines show simulated An–Ci curves using method-specific Vcmax,25 estimates. For soybean, 19
July 2019 is shown as the illustrative example. Shaded bands indicate the uncertainty range derived from mean� 1 SD of calculated outputs based on
Vcmax,25 from replicate leaves measured on the same date.

Fig. 9 Deviations between simulated assimilation
rates and observed assimilation rates under the as-
implemented scenario across the full An–Ci

response curve. (a) Absolute deviations (ΔAn,
μmol m�2 s�1) and (b) relative deviations (ΔAn,%).
Errors were calculated from replicate means, and
error bars denote propagated uncertainty from
replicate SD of Vcmax,25.
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effect differed among crops and was often slightly larger for
Vcmax,25 than for J25. This is mechanistically expected because
finite gm changes the relationship between Ci and Cc, and thus
the effective substrate concentration for inferring carboxylation-
and electron-transport-related capacities (Ethier & Living-
ston, 2004; Niinemets et al., 2009; Yin & Struik, 2009). In prac-
tice, methods that estimate gm explicitly can shift part of the
observed curvature of the An–Ci response between biochemical
limitation and internal CO2 diffusion. In our dataset, this
was most evident under fluorescence-aided gm. Moualeu-
Ngangue_2017, which combines gas exchange and Chl fluores-
cence to estimate gm, frequently produced the smallest gm and
among the largest fitted Vcmax,25 and J25.

Limiting-rate selection was the second major process-level dri-
ver. Methods partition the same An–Ci observations differently
(Walker et al., 2021). In our analyses, this affected Vcmax,25 more
strongly than J25, likely because smoothing or threshold rules
mainly alter the low- to intermediate-Ci transition zone, where
Vcmax is more sensitive to local slope and regime assignment. In
our data, quadratic smoothing consistently yielded lower Vcmax,25

and J25 than the threshold-based or full-curve alternatives, consis-
tent with smoothing reducing the capacity required to reproduce
the transition region (Collatz et al., 1991; van Diepen
et al., 2022).

The remaining factors had smaller but still interpretable
effects. The effect of k(T ) was slightly larger for J25 than for
Vcmax,25, as J25 depends directly on temperature normalization,

whereas Vcmax,25 is additionally constrained by low-Ci slope and
carboxylation kinetics (Kattge & Knorr, 2007; Kumarathunge
et al., 2019). Γ* also shifted both capacities, with a stronger effect
on Vcmax,25 because it directly alters the carboxylation-limited
CO2 response, especially at low-Ci (Bernacchi et al., 2001; Cano
et al., 2014). Rd showed a modest influence; constraining nega-
tive values to zero and refitting markedly reduced its contribution
to cross-method spread. TPU had the weakest effect, consistent
with syntheses suggesting that TPU limitation is not a dominant
control in typical leaf-level An–Ci datasets under current atmo-
spheric CO2 conditions (Kumarathunge et al., 2019; Rogers
et al., 2021).

At the parameter level, the adopted kinetic set, especially the
paired Kc,25–Ko,25 choice, emerged as another major source of
divergence. This factor primarily affects Vcmax,25 rather than J25
because Kc and Ko directly enter the Michaelis–Menten term that
defines the Vc-limited branch, whereas J is influenced only indir-
ectly through the shifting balance between Rubisco- and
electron-transport-limited assimilation (Brooks & Farqu-
har, 1985; von Caemmerer, 2000; Bernacchi et al., 2001). Con-
sequently, part of the apparent biological variation in fitted
Vcmax,25 across studies may instead reflect differences in adopted
kinetic constants and associated parameter conventions (Long &
Bernacchi, 2003; Sharkey et al., 2007).

Importantly, these assumptions affected the two fitted capaci-
ties asymmetrically, although the degree of asymmetry was crop
dependent. Overall, the between-method spread tended to be

Fig. 10 Effects of method-specific Vcmax,25

trajectories on soybean gross primary
productivity (GPP) simulated with Soil-Canopy
Observation, Photochemistry and Energy
(SCOPE) under the as-implemented scenario in
2019. (a) Daily Vcmax,25 trajectories used to drive
SCOPE. (b) Daily GPP simulated by SCOPE under
each Vcmax,25 input. (c) Absolute deviations from
the self-consistency reference trajectory (ΔGPP,
μmol m�2 s�1). (d) Relative deviations from the
reference trajectory (ΔGPP%). The brown line
denotes GPP_Reference. Shaded bands in panels
(a) and (b) indicate uncertainty ranges
propagated from mean� 1 SD of Vcmax,25 across
replicate leaves. Meteorological forcing and
canopy-structural inputs followedWu
et al. (2022).
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larger for Vcmax,25 than for J25. Previous studies also show that J
estimates are relatively robust to methodological choices, whereas
Vcmax estimates are more sensitive to assumptions regarding dif-
fusion limitations and kinetic parameterization (Duursma, 2015;
Kumarathunge et al., 2019). Method choice therefore also altered
the inferred coordination between Vcmax,25 and J25, indicating
that these fitted capacities – and their ratio – remain conditioned
by the fitting framework from which they were derived.

Consequences for photosynthesis simulation and
parameter transferability

The differences among fitting methods matter not only because
they change Vcmax,25 and J25, but because they affect how readily
those parameters can be transferred into forward simulations.
Our forward experiments showed that method-dependent spread
propagated into simulated leaf-level assimilation and seasonal
GPP. Thus the main implication is not simply that fitted capaci-
ties differ, but that their downstream usability depends on
whether the assumptions used during inversion are compatible
with those in the target forward model.

At the leaf scale, the as-implemented and parameter-matched
comparisons showed that transferability was only partly controlled
by kinetic-coefficient mismatch. The spread in simulated An
decreased under the parameter-matched setup, but substantial dif-
ferences remained because method-specific gm treatment and
limiting-rate selection still propagated into different forward
responses. Notably, in some cases parameter harmonization
slightly increased the spread (Moualeu-Ngangue_2017; Fig. S18).
This likely reflects compensatory effects between parameter- and
process-level differences: when these act in opposite directions,
harmonization disrupts the compensation and amplifies discre-
pancies. At Ca= 400 μmol mol�1, method ordering remained
broadly consistent with the full An–Ci curve (Figs S16, S17), indi-
cating that discrepancies were not confined to the high-Ci region
but reflected systematic differences in how fitted capacities repre-
sented the overall response. This is particularly relevant for model-
ing applications because Vcmax,25 is often treated as a portable
summary quantity. Our results instead suggest that this portability
is conditional and remains interpretable only within the specific
FvCB framework and process assumptions used to derive it.

At the canopy scale, the same inconsistency propagated into
GPP, although with smaller relative effects than at the leaf scale
(An). However, this attenuation from leaf to canopy scale does
not imply that method choice becomes unimportant at larger
scales; rather, it reflects buffering by canopy radiative transfer,
vertical light gradients, and co-limitation across sunlit and shaded
leaves, which reduce the direct leverage of leaf-level Vcmax,25 dif-
ferences on canopy-integrated carbon gain (van der Tol
et al., 2009; Yang et al., 2021). Meanwhile, method-specific off-
sets remained visible in seasonal GPP, indicating that canopy
integration attenuated but did not eliminate fitting-induced dif-
ferences, while largely preserving their direction and relative
ordering. This matters because even modest differences in photo-
synthetic capacity parameterization can influence modeled GPP
and, more broadly, the sensitivity of terrestrial carbon-cycle

simulations to climate and trait assumptions (Walker et al., 2017;
Rogers et al., 2017a).

From a modeling perspective, the most defensible approach is
to estimate Vcmax,25 and J25 under assumptions that are as consis-
tent as possible with the intended forward model. This recom-
mendation is supported by the SCOPE-based reference
simulation: An_Reference matched An_obs within < 9% across
the full Ci range (Fig. 9). When such consistency is feasible, part
of the transfer error can be reduced. When it is not, literature-
derived values should not be treated as assumption-free truths,
but as conditional estimates whose uncertainty includes both fit-
ting uncertainty and structural mismatch between inverse and
forward frameworks. In practice, these parameters are better pro-
pagated as priors or ensembles of internally consistent configura-
tions rather than as deterministic values.

Method comparison and practical implications

Our results do not support a single universal ranking of fitting
methods, because the three evaluation lines used here probe dif-
ferent aspects of method behavior rather than a single ground
truth. In the main analyses, the ETRmax comparison serves as an
independent physiological consistency check for fitted J, whereas
the SCOPE forward tests assess the transferability of fitted capaci-
ties to a canopy-scale framework. We also introduced a synthetic
benchmark, in which An–Ci curves were generated from pre-
scribed truth sets under controlled gm and TPU configurations
and then refit by the different methods (Methods S3). These lines
of evidence are therefore complementary rather than interchange-
able.

The ETRmax comparison is useful mainly for identifying rela-
tively conservative or aggressive J estimates. Moualeu-
Ngangue_2017, Patrick_2009, and Duursma_2015 tended to lie
closer to ETRmax, whereas Ellsworth_2004, Ethier & Living-
ston_2004, and Sharkey_2007 more often yielded lower J values;
however, this ordering was not stable across crops and therefore
cannot support a universal ranking. Because ETRmax is protocol
dependent and affected by saturating PPFD setting, assumptions
about absorptance and PSII partitioning, and leaf optical effects,
it should be interpreted as an independent physiological consis-
tency check rather than as a stand-alone accuracy benchmark
(Evans, 2009; Yin et al., 2009; Evans et al., 2017; McClain &
Sharkey, 2020).

The forward tests are more informative for downstream appli-
cations, because they assess whether fitted capacities transfer into
a forward model with limited distortion. In our SCOPE-based
simulation, Gregory_2021, Duursma_2015, Stinziano_2021,
and often Sharkey_2007 remained closer to the empirical spread
and showed relatively modest biases in both leaf-level and
canopy-scale simulations. By contrast, Moualeu-Ngangue_2017
and Smith_2019 more often yielded higher and lower capacities,
respectively, and showed the strongest positive and negative
deviations. This ordering is model-dependent and may differ
under other forward-model structures, because the forward tests
reflect compatibility with a specific forward-model formulation
rather than universal method accuracy (Rogers et al., 2017b).
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The synthetic benchmark provides a further comparison under
controlled assumptions. In this additional analysis, most methods
recovered Vcmax,25 more closely than J25, whereas J-related quan-
tities were more often overestimated (Figs S19–S20).
Duursma_2015 and Gregory_2021 were among the closest to
the target Vcmax,25, while Ethier & Livingston_2004 underesti-
mated Vcmax,25 but remained relatively close for J25.
Patrick_2009 and the Sharkey configurations showed larger posi-
tive departures. This benchmark is useful for assessing identifia-
bility and bias potential, but because its outcome depends on the
prescribed truth set and generating assumptions, it is better inter-
preted as a controlled test of retrieval behavior than as a definitive
accuracy ranking (Sun et al., 2014).

Taken together, these comparisons support application-
dependent guidance rather than a universal ranking. Across the
three evaluation lines, Gregory_2021 showed the clearest overall
balance among external tools: It performed well in the forward-
model transfer tests, recovered Vcmax,25 relatively well in the syn-
thetic benchmark, and did not show the strongest ETRmax depar-
tures. This balance was not explained by any single assumption
or label, such as full-curve fitting or Arrhenius-type k(T ), but
likely arose from its combined implementation: full-curve non-
linear fitting, gas-exchange-based rather than fluorescence-
constrained gm estimation, nonlinear Rd estimation, and inter-
mediate effective Vcmax,25 estimates. Duursma_2015 and Stin-
ziano_2021 also showed useful transfer behavior, but require
caution for Rd interpretation, and Duursma_2015 additionally
produced high J25/Vcmax,25 ratios when J-coordination is of inter-
est. Sharkey_2007 and Sharkey_2016 were useful but conditional
because of fixed Ci-threshold partitioning, with Sharkey_2016
additionally requiring matched An–Q data for J25. Patrick_2009
remains valuable for uncertainty quantification, whereas
Moualeu-Ngangue_2017 is better reserved for explicit gm infer-
ence. For forward-model applications, partitioning should match
the target model’s Ac–Aj transition logic; for continuous co-
limitation models such as SCOPE, fixed-threshold or low-Ci-
only partitioning should be viewed as approximations.

Limitations and outlook

Our results should be interpreted in light of the finite set of
crops, site years, and protocols used here. The relative importance
of assumptions may differ under other species, stress conditions,
or measurement designs. Our framework is therefore stronger in
quantifying method-induced spread and transferability than in
identifying a uniquely correct method, particularly because fully
independent biochemical constraints on carboxylation capacity
were unavailable. In addition, several parameters remain weakly
identifiable from An–Ci data, creating equifinality among
Vcmax,25, J25, Rd, and gm. Accordingly, the constrained Rd= 0
values used here should be viewed only as a fitting safeguard for
estimating Vcmax,25 and J25, not as respiration traits suitable for
trait databases. The OAT and variance-based analyses captured
main effects, but not nonlinear interactions. The forward tests
isolated fitted Vcmax,25 within a single canopy framework, so they
underrepresent parameter co-variation in real canopies and may

differ under other radiative-transfer or stomatal-coupling
schemes. Seasonal soybean Vcmax,25 was generated by interpolat-
ing between measurement dates, which may introduce additional
temporal uncertainty.

These limitations highlight priorities for future work. Stronger
evaluation will require coordinated datasets combining An–Ci

curves with matched An–Q curves, replicated temperature steps,
high-quality Chl fluorescence, and independent constraints on
diffusion and carboxylation. Independent gm checks, such as
variable-J fluorescence or isotope-based diagnostics, are especially
valuable for screening nonphysical solutions. On the modeling
side, future work should move from point estimates to condi-
tional inference, typically within Bayesian or model–data fusion
frameworks that integrate priors, constraints, and multi-source
observations to quantify uncertainty (Feng & Dietze, 2013).
When raw curves or additional observations are unavailable,
literature-derived values are better treated as uncertain priors and
propagated forward; where independent observations exist (e.g.
flux-based GPP, Chl, or leaf nitrogen), they can be updated
through Bayesian calibration or data assimilation. Vcmax,25 can be
modeled as a latent state within a state-space framework to gener-
ate trajectory ensembles and propagate temporal uncertainty.
More broadly, progress requires reporting both fitted values and
the configuration metadata used to derive them, enabling com-
parison, transfer, and validation under matched assumptions
rather than as assumption-free traits.

Acknowledgements

This work was supported by the Natural Science Basic Research
Program of Shaanxi Province (Youth, grant no. 2025JC-YBQN-
237), the National Natural Science Foundation of China (grant
no. 32501784), and the Research Start-up Fund of Northwest
A&F University. The authors also acknowledge the Sanqin Scho-
lars Smart Agriculture Innovation Team. Large language models
were used only to assist with English language polishing and
readability improvement. The authors carefully reviewed and edi-
ted all text after using these tools and take full responsibility for
the final content of the manuscript.

Competing interests

None declared.

Author contributions

GW, CJ and QY designed the study; GW, ZY and YW collected
the data. YW analyzed the data. YW and GW wrote the draft of
the manuscript. YW, CL, CJ, CJB, GZ, NY, XF, QY and GW
contributed to the interpretation of results and the text. All
authors contributed revisions.

ORCID

Carl J. Bernacchi https://orcid.org/0000-0002-2397-425X
Xinyi Fan https://orcid.org/0009-0007-7054-9567

New Phytologist (2026)
www.newphytologist.com

� 2026 The Author(s).

New Phytologist� 2026 New Phytologist Foundation.

Research

New
Phytologist16

 14698137, 0, D
ow

nloaded from
 https://nph.onlinelibrary.w

iley.com
/doi/10.1111/nph.71358 by N

orthw
est A

gri &
 Forestry, W

iley O
nline L

ibrary on [14/06/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://orcid.org/0000-0002-2397-425X
https://orcid.org/0000-0002-2397-425X
https://orcid.org/0000-0002-2397-425X
https://orcid.org/0009-0007-7054-9567
https://orcid.org/0009-0007-7054-9567
https://orcid.org/0009-0007-7054-9567


Chongya Jiang https://orcid.org/0000-0002-1660-7320
Yingnan Wei https://orcid.org/0009-0000-5632-2269
Genghong Wu https://orcid.org/0000-0002-6227-6390
Ning Yao https://orcid.org/0000-0002-5863-401X
Qiang Yu https://orcid.org/0000-0001-6950-1821

Data availability

The An–Ci measurement files used in this study and the Python
scripts developed to calculate Vcmax,25 and J25 from these
measurements are available at https://github.com/wyn-
2024/photosynthesis.git. Publicly available fitting tools and
model codes were used or called according to their original publi-
cations and documentation, as cited in the Materials and Meth-
ods section.

References

Bayat B, van der Tol C, Verhoef W. 2018. Integrating satellite optical and

thermal infrared observations for improving daily ecosystem functioning

estimations during a drought episode. Remote Sensing of Environment 209:
375–394.

Bernacchi CJ, Singsaas EL, Pimentel C, Portis AR, Long SP. 2001. Improved

temperature response functions for models of Rubisco-limited photosynthesis.

Plant, Cell & Environment 24: 253–259.
Bonan GB, Lawrence PJ, Oleson KW, Levis S, Jung M, Reichstein M,

Lawrence DM, Swenson SC. 2011. Improving canopy processes in the

Community Land Model version 4 (CLM4) using global flux fields

empirically inferred from FLUXNET data. Journal of Geophysical Research –
Biogeosciences 116: G02014.

Brooks A, Farquhar GD. 1985. Effect of temperature on the CO2/O2 specificity

of ribulose-1,5-bisphosphate carboxylase/oxygenase and the rate of respiration

in the light: Estimates from gas-exchange measurements on spinach. Planta
165: 397–406.

Buckley TN, Diaz-Espejo A. 2015. Reporting estimates of maximum potential

electron transport rate. New Phytologist 205: 14–17.
von Caemmerer S. 2000. Biochemical models of leaf photosynthesis. In:

Techniques in plant sciences no. 2. Collingwood, Vic., Australia: CSIRO.

Campbell JE, Berry JA, Seibt U, Smith SJ, Montzka SA, Launois T, Belviso S,

Bopp L, Laine M. 2017. Large historical growth in global terrestrial gross

primary production. Nature 544: 84–87.
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2019 and 2020 calculated under with and without TPU condi-
tions.
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Fig. S2 Comparison of Vcmax,25 and J25 values under configurations
with and without TPU conditions for Perennial ryegrass, Red clo-
ver, Winter wheat (Yucheng), and Winter wheat (Yangling).

Fig. S3 Goodness-of-fit metrics (R2 and RMSE) for fitted An–Ci

curves for soybean across the 2019 and 2020 growing season
(DOY 167–250) using different fitting methods.

Fig. S4 Goodness-of-fit metrics (R2 and RMSE) for fitted An–Ci
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(Yucheng), and Winter wheat (Yangling) using different fitting
methods.
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configurations.
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Fig. S14 Observed and simulated An–Ci response curves under
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used during fitting were harmonized to the SCOPE parameteri-
zation before refitting and forward simulation.

Fig. S15 Deviations between simulated assimilation rates and
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under the parameter-matched scenario.

Fig. S16 Deviations between simulated assimilation rates and
observed assimilation rates at Ca= 400 μmol mol�1 under the as-
implemented scenario.

Fig. S17 Deviations between simulated assimilation rates and
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parameter-matched scenario.
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