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Abstract The CO, fertilization effect, quantified as the sensitivity of global photosynthesis to elevated
atmospheric CO, concentration (fgpp). is likely overestimated in the current generation of Earth system models.
p is that imation of leaf structural and physiological traits, represented

An emerging
by specific leaf arca (SLA) and arca-based leaf nitrogen content (N,), can reduce photosynthetic sensitivity to
elevated CO,, thereby lowering simulated fipp in these models. This study integrated experimental data with
the Community Atmosphere Biosphere Land Exchange (CABLE) model to investigate how coordinated trait
acclimation modifies fgpp. The global meta-analysis revealed that elevated CO, decreases the intercept of the
relationship between SLA and N, Incorporating this relationship into the CABLE model reduced simulated
Pepp by 7.1% globally, with substantial spatial variation. The regional variation was primarily driven by spatial
differences in aridity (48.2%), leaf area index (41.4%), and maximum carboxylation rate (vepqx, 5.5%), with the
coordinated trait effect on gross primary production decreasing along the aridity gradient. Our findings identify
coordinated leaf trait acclimation as an important mechanism for refining simulated fipp, highlighting the need
for trait-based mechanisms in Earth system models to better predict ecosystem responses to global change.

Plain L S 'Y Plants absorb the largest carbon flux from the atmosphere into terrestrial
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through However, the sensitivity of global photosynthesis to rising atmospheric
€O, may be overestimated in current assessments reported by the Global Carbon Project. One possible
hypothesis is that plants can adjust their leaf structural and physiological traits under elevated CO, which could
reduce this response. In this study, we combined experimental observations with a global land surface model
(CABLE) to evaluate how acclimation through coordinated changes in leaf traits influences the simulated
sensitivity of global photosynthesis to rising CO,. We analyzed data from 134 elevated CO, experiments and
found that elevated CO, decreases the intercept of the relationship between specific leaf area and nitrogen
content. Incorporating this relationship into the CABLE model reduced the simulated global photosynthesis
response to rising CO, by nearly 7%. This spatial variation was largely regulated by changes in aridity and
canopy structure. These findings suggest that plant trait acclimation provides an important mechanism for
regulating simulated global carbon uptake and should be represented in land surface models to improve
predictions of future climate-carbon feedback.

1. Introduction

Projections of future photosynthesis responses to rising atmospheric carbon dioxide (CO,) are highly uncertain
across Earth System Models (Friedlingstein et al., 2014; Keenan et al., 2023; Piao et al., 2013), reflecting a limited
understanding of carbon-concentration feedback. Recent evidence indicates that the global net land carbon (C)
sink is nearly half of that reported by the Global Carbon Project, suggesting a weaker land C sink than previously
estimated (Randerson et al., 2025). As the largest C flux between the atmosphere and biosphere (Ryu etal., 2019),
plant photosynthesis is primarily determined by leaf structural (i.c., specific leaf area [SLA] or canopy leaf area
index [LAT]) and biochemical traits (Ainsworth & Rogers, 2007; Cui et al., 2023; Luo et al., 1994; Reich, 2012).
Specifically, extensive observational evidence shows that SLA (the light-capturing surface area per unit leaf
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mass) and leaf nitrogen content (N,, the intensity of nitrogen investment per unit leaf area) are the most critical
traits explaining variations in p ic p ity (Dong ct al., 2017; Reich, 2012). Plant photosynthetic
trait responses to rising CO, ions, called leaf trait to CO,, have been widely studied
(Pastore et al., 2019; Smith & Dukes, 2013). Previous studies have demonstrated that elevated CO, reduces SLA
and N, (Ainsworth & Long, 2005; Blackman et al., 2016; Lee et al., 2011) while maintaining a robust trade-off
relationship between SLA and N, under elevated CO, (Cui et al., 2020). These coordinated trait responses provide
a plausible mechanism for modulating simulated terrestrial C uptake and may partly explain why current models
overestimate land C sinks. Therefore, ing how coordinated trait on responds to elevated CO,
may help explain the weaker land C sink and advance our understanding of carbon-concentration feedback.

Plant photosynthesis typically depends on leaf nitrogen (N) levels (Evans, 1989; Peterson et al., 1999), with the
relationship between photosynthesis and leaf N being modulated by leaf structure (Reich et al., 1998). Experi-
mental evidence indicates that elevated CO, can reduce the N cost associated with light-harvesting and carbon
fixation for Rubisco synthesis (Sage, 1990). By reallocating N from Rubisco to other plant tissues, plants enhance
their nitrogen-use efficiency under elevated CO, (Bassiouni et al., 2025; Smith et al., 2024). However, most
process-based land surface models fail to accurately simulate the response of leaf N content to rising atmospheric
CO, (Davies-Barnard et al., 2020; Zaehle et al., 2014). On the one hand, these models often fail to account for the
reduced leaf N requirements under elevated CO, (Smith & Dukes, 2013; Smith et al., 2024), leading to an
overestimation of plant N demand and limitation. This, in turn, results in an underestimation of ecosystem
photosynthetic productivity. On the other hand, a previous data-model intercomparison study revealed that
models tend to overestimate the nitrogen-use efficiency response to elevated CO, (Zachle et al., 2014). This bias
suggests that models may underestimate the effective strength of N limi leading to an imation of

photosynthetic productivity under elevated CO,. Overall, projections of plant photosynthetic responses to
elevated CO, remain highly uncertain and are srongly influenced by model representations of leaf N content
(Ainsworth & Long, 2005).

Another key aspect of leaf trait acclimation is the adjustment of leaf structure (Ainsworth & Long, 2005).
Variation in leaf structure, commonly represented by SLA, which quantifies the leaf area per unit of dry ma

invested, has been identified as a critical factor in regulating the relationship between photosynthesis and leaf N
content (Reich et al., 1998). Field data have demonstrated a positive correlation between net photosynthetic
capacity and SLA across various vegetation functional types, including forbs, deciduous species, and evergreens,
at any given leaf N concentration (Reich et al., 1998). Elevated CO, enhances carbohydrate storage and accu-
‘mulation of structural compounds (Luo et al., 1994), reducing the leaf area constructed per unit of dry mass
invested. Therefore, SLA typically decreases with increasing leaf thickness under elevated CO, concentrations.
Land surface models generally use SLA to predict LAI (Bian & Xia, 2023; De Kauwe et al., 2014), which is then
upscaled to estimate photosynthetic productivity from leaf to canopy level (Wang & Leuning, 1998). However,
most models assume a constant SLA for each plant functional type, neglecting changes in SLA induced by
elevated CO, (De Kauwe et al., 2014; Medlyn et al., 2015). This limitation inevitably biases the photosynthetic
productivity simulations, while the related impact assessment is chronically lacking.

The negative relationship between SLA and leaf N content highlights a fundamental trade-off in plant strategy:
‘maximizing light capture area versus optimizing photosynthetic capacity per unit area. This relationship has been
extensively studied across both inter- and intraspecies variations (Zhou et al., 2022). Specifically, quick-return
species, which invest less dry mass per unit area, tend to exhibit higher SLA (accompanied by lower N,) and
higher mass-based leaf nitrogen content (N,,), whereas slow-return species display the opposite pattern (Reich
et al, 1997; Wright et al., 2004). Previous studies demonstrate that these leaf traits are regulated by water
availability (Nardini et al., 2012; Rosas et al., 2019), affecting the ic response to
elevated CO,. Specifically, plants in humid regions are associated with a fast isition strategy, while
those in arid areas tend to support a conservative strategy for drought tolerance (Rosas et al., 2019; Wright, Reich,
Cornelissen, Falster, Groom, et al., 2005). Trait-trait correlations are increasingly recognized as a more practical
approach than assigning a constant average trait value in global vegetation models (Wang et al., 2012; Wright
et al., 2004). Therefore, incorporating trait-based information into dynamic global vegetation models (Harper
et al., 2016; Van Bodegom et al., 2012) has proven to be a valuable approach for constraining variations in
vegetation photosynthetic productivity (Lu et al., 2017; Wang et al., 2012, 2017). Furthermore, existing studies
have shown that the SLA-N, trade-off remains robust under elevated

, conditions (Cui et al., 2020). However,

BIAN ET AL.

20f 19

0019636912

a0

190 kot




Ariy

e A i « Bi i z
it Journal of Geophysical R ch: Biog ier 10.1029/20261G010127 :
how trait acclimation influences ic sensitivity to elevated CO, globally remains poorly
understood.
This study aims to quantify the impacts of i trait accli on simulated ic sensitivity to

elevated CO, by integrating experimental data with modeling simulations. First, we analyzed the effect of
elevated CO, on the bivariate correlation between SLA and N, using a meta-analysis of compiled data sets from
134 elevated CO, experiments worldwide. Subsequently, we incorporated the coordinated trait relationship
identified in these experiments into the Australian CABLE model. A series of factorial simulations was conducted
to assess the effects of i trait accli on simulated pl ic sensitivity to elevated CO,.
Finally, we identified the dominant factors driving spatial variations in the impact of coordinated acclimation

global and regional climate zones. This study combines imental data with model to

bridge leaf-level trait responses and ecosystem-scale C cycling processes (Figure 1), providing a model-based
assessment of how plant traits regulate carbon-concentration feedback.

2. Methods
2.1. Data Sets of eCO, Experiments

Leaf trait data sets were obtained from Cui et al. (2020) and collected through a literature review. These data sets
reported changes in leaf economic traits, including SLA (cm? g™'), area-based (V,, g m™2) and mass-based leaf
nitrogen content (N,y, %), and mass-based net photosynthetic rate (,,, nmol g~ ™), in response to major global
environmental change factors such as elevated CO, (eCO,), warming, drought, and nitrogen addition. To explore
the coordinated trait acclimation effect on the carb ion feedback, only SLA and leaf nitrogen content
(N, and N,,) data from the experiments of elevated CO, were used (Figure 2a). Overall, the compiled data set
includes 192 plant species from 134 studies. We chose o use N, rather than N,, because N, is widely used to
caleulate vy, in most land surface models (Rogers, 2014; Table S1 in Supporting Information S1) and in this

study (Equation 8), where the maximum carboxylation rate is linked to leaf nitrogen per unit leaf area and thereby
directly influences gross primary production (GPP). When N, (g m™) were not reported in the original literature,
they were derived from N, (%) using the following equation:

N, = N,/SLA €3]

where SLA is the specific leaf area (in units of m> g™).

The meta-analysis followed the techniques described by Hedges et al. (1999) using Metawin 2.0. The response of
leaf traits to eCO, was estimated using the natural log-transformed response ratio (RR):

InRR = In(X,/X,) @

where X, and X, arc the average values of leaf traits under the ambient CO, (aC0,) and ¢CO,, respectively. The
variance (v) was estimated by

sd?  sd?
v:(nX2+nX2) @

where s.d., and s.d. are the standard deviations of leaf traits under aCO, and ¢CO,, , and 1, are the sample sizes
of X, and X,. Then, the weighted response ratio (RR,.,) of leaf traits to eCO, was calculated based on a mixed-
effects model based on the following equation:

. - ST R,
A YT

“)

where w is the weight of each RR, and it is c:
and n represent the number of groups and comparisons, respectively. The standard error was calculated as

culated as the reciprocal of its variance (w = 1/v). The symbols m

follows:

BIAN ET AL. 3of 19




Ay
oty Journal of Geophysical R ch: Biog iences 10.1029/2026JG010127
p— T e N
/ Data Collection Randomly sall'lple from \

observations \
data -4 |
()
pre-processing | °
2 2 !
Qo
' E i
\ [ T
s | )
A — 1 Trait relationship detection
( Modeling experiments \ b i
1. Control simulation with ambient CO, ; 1
2. Simulation1 with elevated CO, . = 1
3. Simulation2 with elevated CO, and R, i | Drive fodell’) @ !
q 3 !
! i
— s ||
¢ Log(SLA) i
EAEA R v VDemgRIte e )
s eCo, |
P p— 2 1
. 8| —aco, ]
g ]
| PP e
g
. ]
~ 1
1 [e) T 1
[ ]
Year

Results analysis
Explore coordi d trait acclimation effect

% !// Acc ‘%

2 £ >

S ~ 2

5 & g

= | = cK s

: il m

& e
{ Year Rec Race spatial pattern )
" 4

Figure 1. Conceptual framework illustrating the effect of coordinated trait acclimation under elevated CO,. The framework includes the following steps: first,
observational trait data sets were compiled and pre-processed; then, random sampling was applied to generate inputs for subsequent modeling experiments to explore

coordinated trait acclimation effects.
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Figure 2. Coordinated leaf trait acclimation between specific leaf area and area-based leaf nitrogen content in log-log scale. a, Global distribution of study sites under
elevated CO, levels in the meta-analysis. Background colors show the annual mean aridity index from 1970 to 2000, which comes from the Global Aridity Index data
sets (v3). Five climate regions are classified based on the Aridity Index values (UNEP, 1997). The lower-left panel shows the proportion of study sites in each climate
region. b, The scatter density plot shows the specific leaf area under ambient CO, (aCO) versus elevated CO, (CO,). ¢, Same as b but for the area-based leaf nitrogen
content (N,). The colors in the panels b and ¢ represent the scatter density. The scatter density is estimated based on the “kernel” function. The regressed lines of both
panels b and ¢ are significantly different from the 1:1 line based on the F-test. d, Coordinated leaf trait relationship between SLA and N, under aCO, and eCO,,
respectively. The regression lines are estimated based on the standardized major axis (SMA) regression, with gray indicating the results under aCO, and black
representing eCO,. The regression line under eCO, was significantly different from that under aCO, according to the SMA analogue of standard ANCOVA. The
number of observations is shown on the left side of the legend.

Then, the 95% confidence interval (95% CI) was calculated as RR,, = 1.96 S(RR,,). The response was sig-
nificant when the 95% CI did not overlap with zero. The percentage change of a variable was calculated as

A =[exp(RR,,) — 1] X 100% ©)
The bivariate trait relationship between SLA and N, was quantified using standardized major axis (SMA)
regression under aCO, and ¢CO, conditions. The SMA fit represents the line that aligns with the major axis of the
data set, minimizing the sum of squared deviations in both the X and Y dimensions simultaneously. This approach
is widely used for fitting trait relationships (Anderegg et al., 2021; Cui et al., 2020; Wright, Reich, Cornelissen,
Falster, Garnier, et al., 2005). We conducted the SMA regression analysis using the “smatr” package in R (version
4.2.1). Heterogeneity among SMA slopes was tested using a permutation test. A common slope was estimated
when slope homogeneity was confirmed (P > 0.05). Elevation homogeneity was compared only when slopes
were homogeneous. The original data were log-transformed (base 10), and subsequent SMA regressions were
fitted to analyze relationships among leaf functional traits.

We utilized the global aridity index (AI) data sets (version 3) to represent the distribution of leaf traits across
different climatic regions (Anderegg et al., 2021). Following the generalized UNEP climate classification scheme
(UNEP, 1997), the global land surface was categorized into five areas based on Al values: hyper-arid (Al < 0.03),
arid (0.03 < Al < 0.2), semi-arid (0.2 < Al < 0.5), dry sub-humid (0.5 < Al < 0.65), and humid (AI > 0.65). The
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CO, experiments used in this study encompassed all climate regions (Figure 2a). Specifically, humid areas
accounted for the majority of the experimental sites (58.57%), followed by dry sub-humid (22.86%), semi-arid
(10.00%), arid (4.29%), and hyper-arid (4.29%) regions

2.2. CABLE Version 2 Land Surface Model

The Australian CABLE model (version 2) is a global land surface model designed to simulate carbon, water, and
energy exchange processes between the land and atmosphere (Kowalczyk, 2006; Wang et al., 2010, 2011). The
CABLE model fully couples the carbon, nitrogen, and phosphorus cycles to simulate biogeochemical processes
(Wang etal., 2010, 201 1). Through a series of simulation experiments, CABLE can be applied to explore nutrient
limitations (Wei et al,, 2022), auribution analysis (Zhang et al., 2016), uncertainty propagation (Bian &
Xia, 2023), and plant feedback effects (Lei et al., 2019). The CABLE model has been extensively evaluated using
a wide range of global observational data sets (Piao et al., 2015), eddy covariance flux measurements (Best
et al., 2015), and manipulation field experiments (De Kauwe et al., 2014). These evaluations demonstrate that
CABLE performs well and aligns closely with other process-based terrestrial ecosystem models.

The CABLE model includes nine organic nitrogen pools and one soil mineral nitrogen pool, based on the hy-
pothesis that plants absorb only mineral nitrogen. The nitrogen cycle is modeled according to Wang et al. (2007),
with changes in nitrogen pools represented by a set of differential equations. Plant nitrogen uptake is determined
by a function of the size of the soil mineral N pool and the nitrogen demand for plant growth. Nitrogen demand is
calculated as the product of the maximal nitrogen-to-carbon (N:C) ratio and the allocated net primary production,
minus resorbed nitrogen. When nitrogen uptake exceeds demand, the absorbed nitrogen is allocated propor-
tionally among the pools according to their respective demands. Conversely, when supply falls short of the
minimal plant demand, nitrogen limitation occurs (Wang et al., 2010). In the default CABLE formulation, leaf
nitrogen content depends not only on the N:C ratio but also on the balance between nitrogen uptake and demand,
allowing it to vary within prescribed ranges (Table S2 in Supporting Information S1). Additionally, the CABLE
model utilizes the IGBP biome classification (Figure S1 in Supporting Information S1).

In the CABLE model, GPP is calculated based on the LA, the maximum Ribulose-1,5-bisphosphate (RuBP)
(Rubisco) rate (Vopy), and the maximum rate of electron transport for
ndard leaf temperature of 25°C (Li et al., 2018; Wang

regeneration of RuBP (j,,,,) of the top canopy leaves at
etal., 2012). The LAI is calculated as

LAI = iy X SLA @)

where Cyis the leaf carbon pool (¢C m~), and SLA represents the specific leaf area. In the default model, SLA
is assumed to be constant across plant functional types (Table S2 in Supporting Information S1). However, in our
simulations, it is calibrated using response ratios derived from observational data sets (Equation 9). CABLE
simulates C3 photosynthesis using the Farquhar et al. (1980) scheme and employs a Collatz-type extension of this
scheme for C4 plants (Collatz et al., 1992), while using the same equation for v, in both C3 and C4 plants. The
{erm Vepyay is estimated as a linear function of leaf nitrogen content per unit leaf area (gN m™?), expressed as

Veman = @+ b XN, ®)

The terms @ and b are two empirical coefficients with values from Kattge et al. (2009) for cach PET (Table $3 in
Supporting Information $1). For cach model grid cell, the corresponding coefficients were assigned according to
its PFT, while the trait-based N, varied spatially because the grid-specific SLA was generated using Equation 9
and the corresponding N, was subsequently estimated using Equation 10. Thus, the resulting vy, varied spatially
among model grid cells. Tn the model, jyqy is assumed to be tWice Ve at a leaf temperature of 25°C
(Leuning, 2002).

2.3. Incorporated Coordinated Trait Acclimation to the CABLE Model

In this study, the model was first spun up to a steady state in 1900 using the semi-analytical spin-up method from
Xia et al. (2012). Subsequently, the CABLE model was run from 1901 to 1980 to generate a restart file for
experiments starting in 1981. Finally, we conducted a series of i imulations, beginning in 1981, to
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test the coordinated trait acclimation effect on global p is under elevated CO,. The CRUNCEP version
5 meteorological forcing data set was used to drive the CABLE simulations with a spatial resolution of 0.5° from
1901 to 2013. The annual mean global surface CO, concentration for 1901-2013 was reconstructed using a
combination of Antarctic ice-core records and atmospheric observations (Keeling & Whorf, 2005). We conducted
three sets of modeling ions (Table $4 in i fon S1) to examine the effects of different
€O, and trait scenarios. The control simulation under ambient CO, (CK), driven by historical CO, levels with no
changes (o trait parameters, represents the baseline historical scenario. The eCO, simulation (EC), driven by time-

varying CO, that doubles from 1981 to 2013 without altering trait represents the

response to eCO, in the absence of coordinated trait acclimation. This idealized CO, doubling scenario enables

comparison with ¢CO, i in which CO, enri is typically icant and sustained. The
acclimation simulation (Acc), driven by the same time-varying doubled CO, as the EC simulation, incorporates &
the coordinated trait acclimati ionship, thereby capturing their effects under eCO, conditions (Figure 1).

The effects of eCO, on SLA and N, were tested using the Student’s r-test and further incorporated into the model
through parameterization. In this study, model parameters are calibrated using response ratios and coordinated
trait relationships derived from experimental data using a meta-analysis. The effect of ¢CO, on SLA is integrated
into the model and calculated as

SLA, = SLA, X (1 + Asia) ©

where SLA, and SLA, represent the SLA under the ¢CO, and aCO, conditions, respectively, while Ags; o
represents the observed RR of SLA 0 ¢CO,. Aqsy 4 is randomly sampled 200 times for cach land pixel from a
normal distribution derived from the observational data sets, and these samples were used to drive transient

simulations and evaluate the robustness of the results (Table $4in ion S1). N,
is estimated using the observed coordinated acclimation relationship under ¢CO, identified through SM.
regression, and can be expressed by the following equation:

N, = 151.36 x SLA™? (10)

In the default CABLE carbon-nitrogen framework, leaf N is simulated prognostically. Its temporal variation
reflects mineral N uptake and allocation to plant tissues, as well as N losses associated with leaf turnover, and the
dynamically simulated leaf N status feeds back {0 vy through the model’s N-v,. coupling (Wang et al., 2007,
2010). In our acclimation simulations, after the restart state from the previous year was read, the trait-derived leaf
N was used to replace the leaf N pool at the beginning of each annual simulation. During the subsequent
simulation for each year, leaf N evolved prognostically through CABLE’s coupled C-N cycle and was subse-
quently used to calculate v, Because the available observations were still limited at the individual PFT level to
robustly estimate PFT-specific SLA-N, relationships, the global relationship in Equation 10 was applied across
PFTs as a generalized empirical constraint in the CABLE simulations.

2.4. Statistical Analysi

We evaluated photosynthetic sensitivity to ¢CO, using modeling results. The eCO, response ratios (e.g., Ropp)
were calculated for each key ecological or climate component (€.g., GPP, LAIL vy, or Al as the ratio of their
values under ¢CO, to those under aCO,, using the following equation:

Ry =X./X, (11)

where Ry represents the CO, RR for any response variable X; X, and X, represent the simulated variable under
CO, and aCO,, respectively. The imation effect (AR) is subsequently expressed as

AR = Ryee = Reco, (12)

where Ry, and R,co, represent the eCO, response ratios under coordinated acclimation (Acc) and elevated CO,

(eCO,) simulations, respectively. Additionally, the f-factor is calculated using the following equation:
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/= 10g(X,/X,)/10g(eC0,/aCO;) (13)

where f# is a dimensionless parameter commonly used to quantify the apparent GPP response ratio to CO,,
facilitating comparisons with other studies (Chen et al., 2022; Walker et al., 2021).

To assess the impact of the magnitude and direction of key environmental drivers on Rgpp, we selected nine

variables climate, vegetation structure, and physiological characteristics of high
ecological importance. Previous studies (Hu et al., 2022; Madani et al., 2017, 2020; Yuan et al., 2019) have
demonstrated that these factors significantly influence GPP and Rgpp. The variables include land surface air
temperature (Tair), precipitation (prec), soil moisture (soilM), soil temperature (soilT), vapor pressure deficit ¢
(VPD), aridity index (A}, photosynthetically active radiation (PAR), leaf area index (LAI), and the maximum
rate of Rubisco carboxylation (vey,y)- All explanatory variables were derived from the model's prognostic outputs
rather than from climatological data sets to quantify coordinated acclimation within the model framework
directly. Variables such as Tair, prec, soilM, soilT, VPD, and PAR remained consistent across all simulations, as
the same set of meteorological forcings drove them. In contrast, LA, v,y and Al varied among simulations due

to differences in CO, concentration, SLA, and N,. Therefore, the eCO, response ratios for these variables were
calculated using Equation 11 to quantify their effects on Rgpp. Furthermore, since VPD and Al were not directly
available from the model output, VPD was calculated following the equation from Yuan et al. (2019). The Al on
the other hand, was calculated as the ratio of multi iged annual ipil to annual potential

iration, quantifying precipitati ilability relative to atmospheric water demand (Zomer

etal., 2022).

We then employed a random forest model to quantify the relative importance of each of the nine variables,
leveraging its ability to capture complex, non-linear relationships and interactions (Breiman, 2001). The model
consisted of 100 decision trees, each trained on bootstrap samples from the data set, with a randomly selected
subset of predictor variables at each split. The relative importance of each variable was determined by the mean
decrease in accuracy, which measures the reduction in model performance when a variable is permuted across
out-of-bag samples. The random forest model was implemented using the “scikit-learn” library in Python
(Pedregosa et al., 2011), with a fixed random seed to ensure reproducibility.

3. Results
3.1. Coordinated ion of Leaf Trait i ip Under Elevated CO,

We analyzed the changes in SLA and N, under eCO, for each observation (Figure 2). Elevated CO, significantly
reduced SLA by 14.7% and N, by 6.5% (i-test; Figure $2 in Supporting Information S1). Notably, 86.8% of SLA
observations and 67.8% of N, obscrvations exhibited a decreased RR, with the reduction in N, being less pro-
nounced than that in SLA. The response ratios of SLA and N, to ¢CO, followed a normal distribution (Figure 52
in Supporting Information S1). SMA regression analysis further revealed that although the slope of the SLA ~ N,
relationship remained stable under ¢CO,, its intercept significantly decreased (Figure 2d, Table S5 in Supporting
Information S1). Further analyses across temperature groups showed a steeper slope at higher temperatures,
accompanied by a consistent decrease in the intercept of the SLA ~ N, relationship under eCO, across all
temperature groups (Figure $3 and Table S5 in Supporting Information S1). This change in the relationship
indicates a lower leaf N concentration for a given leaf area. Overall, the SLA-N, relationship demonstrates a
coordinated downregulation in response to elevated CO,.

3.2. Reduced Si itivity of Global P is to Elevated CO,

Modeling experiments revealed that elevated CO, significantly enhanced GPP during the simulation period from
1981 to 2013 (Figure 3). The estimated global annual GPP was 109.2 + 8.7 Pg C yr~' under CK simulations,
which is closely aligned with satellite-derived estimates (110.5 + 21.3 Pg C yr™"; Yuan et al., 2010) and falls
within the range of 83-172 Pg C yr ™" reported by other model-based studies (Jiang & Ryu, 2016; Jung et al., 2020;
Lai et al., 2024). This i across both satellite-based and model-derived estimates supports the use of
CABLE for i the effects of trait on simulated pl ic sensitivity to
elevated CO,. Under EC simulations, the estimated GPP was 163.0 + 5.5 Pg C yr™', while the Acc simulation
yielded an estimated GPP of 151.3 = 10.8 Pg C yr™". The EC simulation results revealed that the increase in GPP
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Figure 3. Simulated coordinated trait acclimation effect on the responses (elevated/ambient) of GPP to 2xCO,. a, temporal dynamics of GPP in modeling experiment
simulations from 1981 to 2013 under ambient CO, (CK, yellow), elevated CO, (EC, dark gray), and coordinated trait acclimation under elevated CO, (Acc, blue), with
shaded areas representing the intra-annual variability. b, Means and the corresponding inter-annual variability (+5.D.) of the simulated responses from panel a, where
“## indicates that two simulated responses showed a significant difference at the level of P < 0.001 based on the -test. c, The global pattern of the coordinated trait
acclimation effect on the sensitivity of GPP to 2xCO,. d, shows the corresponding latitude profile.

was smaller than the proportional increase in CO,, suggesting that elevated CO, does not directly enhance GPP
proportionally. Further analysis showed that the GPP response ratios (¢CO,:aC0,) to doubled CO, were
1.50  0.08 for EC and 1.39 + 0.14 for Acc. Coordinated trait acclimation reduced the simulated GPP response to
doubled CO, by 7.06%.

Spatially, compared to the CK simulation, ¢CO, increased simulated GPP globally (Figure S4 in Supporting
Information 1), whereas Acc reduced GPP in specific regions, particularly in northern Europe and central North
America (Figure S4 in Supporting Information 1), Coordinated trait acclimation enhanced the simulated GPP
responses to doubled CO, in northern high latitudes, southeastern South America, southeastern Africa, and
northern Australia (Figure 3c). Further analysis revealed that compared with EC, 40.7% of land pixels in the Acc
simulation predicted substantially larger GPP increases, mainly located in dryland regions. In contrast, 33.0% of
land pixels exhibited smaller increases, which were located primarily in humid forest regions, especially in the
tropics, Europe, central North America, and Southeast Asia (Figure S5 in Supporting Information S1). The spatial
pattern of the coordinated acclimation effect on GPP responses to doubled CO, (ARgpp; Figure 3c) closely
aligned with its impact on GPP (Acc-EC; Figure S5 in Supporting Information S1). These findings indicate that
reduced GPP responses (AR pp) occurred primarily in humid forest regions, driven by coordinated trait accli-
mation. Analysis of the latitude profile revealed that coordinated trait acclimation led to larger simulated re-
sponses in mid- and high-latitude regions, while smaller responses occurred in the tropical areas (Figure 3d).
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Figure 4. Dominant factors of the coordinated trait effect on GPP. a, The relative importance of the influencing factors based on the random forest models according to
the global land pixels. b, The global pattern of the dominant factor (Aridity Index, Al) in coordinated trait acclimation effect on the sensitivity of GPP to 2xCO,.

These results highlight the significant spatial heterogeneity of simulated global photosynthesis sensitivity to
clevated CO, under coordinated trait acclimation.

3.3. Aridity Change as a Major Driver of Global GPP Response to Coordinated Trait Acclimation

Using a random forest model, we further identified the primary drivers most closely associated with the spatial
pattern of the simulated coordinated trait effect on GPP (ARpp) at the global land scale. The results indicated that
the variation in the coordinated acclimation effect on aridity responses to doubled CO, (AR ;) accounted for
48.2% of the spatial variance in AR gpp, followed by the coordinated trait effect on LAI (ARy x1; 41.4%) and on
Vemax (AR, emays 5.5%) (Figure 4a). Moreover, AR ,; exhibited a spatial pattern that contrasts with that of ARgpp
(Figures 3c and 4b). Specifically, the negative effect of coordinated trait acclimation mostly occurs in northern
high-latitude and extratropical regions. In contrast, positive effects are primarily observed in evergreen broadleaf
forest and grassland regions (Figure 4b). Further analysis revealed that changes in Al were driven mainly by
variations in potential iration and soil envij (Figure S6 in i ion S1), which
were influenced by LAI under acclimation to CO, (Figure S7 in Supporting Information S1). These findings
indicate that ARgpp is strongly associated with the aridity change (Figure 5a). Observational data sets provide
further evidence supporting the links between aridity and trait relationships (Figure S8 and Table S6 in Supporting
Information S1). Consistent with global spatial patterns, AR,;, ARy 4, and AR appear to be the main

contributors across climate zones. In contrast, other climate variables (i.c., Tair, VPD, Prec, SoilT, and soilM)
contribute relatively little (Figures 5b-5f). Notably, in the hyper-arid region, ARy 5, accounted for 23.3% of the
variance in ARgpp, while air temperature (Tair), VPD, and AR, contributed 17.3%, 163%, and 112%,
respectively. However, as this region represents only a small portion of the global vegetated land area, its overall
contribution to global ARgpyp is minimal (Figure 5b).

4. Discussions
4.1. Downregulation of SLA-N, Correlation Under eCO,

Immobile plants acclimate to rapidly changing environments by altering their structural and functional traits to
‘maximize their carbon gain. This study explored the responses of SLA and N, to eCO, by analyzing data sets
compiled from a series of eCO, experiments. The results revealed that eCO, generally reduces both SLA and N,,,
although their responses exhibit substantial variability across species (Figures S2 and S9 in Supporting Infor-
‘mation S1). The reduction in N, and SLA under eCO, aligns well with previous experimental evidence (Poorter
et al., 2022; Figure S10 in Supporting Information S1), providing further support for our results. The substantial
variability underscores the high plasticity of leaf traits in response to rising CO, concentrations. Further analysis
revealed that ignoring species variability inevitably introduces additional uncertainty into the CABLE-based
simulations, leading to changes in GPP ranging from 0.01 to 0.24 Pg C yr~' (Figure S11 in Supporting
Information S1).
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We found robust downregulation under eCO,, manifested as a lower intercept in the log-log relationship between
SLA and N, at both the global scale and across climatic zones (Figure 2d, Figures S3 and S8 in Supporting
Information S1). A previous study has indicated that although photosynthetic and economic leaf traits may
decouple with increasing CO, concentrations (Blackman et al., 2016), the coordination between leaf traits re-
mains unchanged (Figures 2d and Blackman et al., 2016; Cui et al., 2020). Further analysis based on mass-based
leaf nitrogen content revealed stronger correlations among leaf traits compared to those based on area-based
nitrogen (Wright et al., 2004; Figure $12 in Supporting Information S1), although the reductions in elevation
were smaller than those in the area-based results (Table S7 in Supporting Information S1). This robust leaf trait
relationship indicates that plants retain their inherent acquisitive-conservative growth strategy under elevated
CO,. Although the magnitude and direction of SLA and N, responses to eCO, vary across species (Figure S9 in
Supporting Information S1), eCO, does not alter their coordination pattern. Instead, it causes a parallel decrease in
the intercept of the SLA ~ N, scaling relationship, reflecting a ional reduction in the log-log relationship of
both traits (Figure 2d, Figure S9 in Supporting Information S1). Our results also showed that leaf traits across
different species can form new trait combinations adapted to eCO, (Figure S9 in Supporting Information S1), and
these combinations continue to align along a single axis of variation, consistent with a unified leaf economic
spectrum (Reich, 2014; Reich et al., 1997; Wright, Reich, Cornelissen, Falster, Garnier, et al., 2005). Moreover,
we found that current coordination relationships are derived mainly from C3 plants, as eCO, has no significant
effect on cither SLA or N, in C4 plants due to limited C4 data sets (Figure S13 in Supporting Information S1).
Further analysis indicated that SLA responses to eCO, differed significantly between C3 and C4 plants, with
11.4% decreases in C3 plants and 3.5% increases in C4 plants (Figure S13 in Supporting Information S1). These
results suggest that the responses of C4 plants to elevated CO, remain uncertain and require further validation
with additional data sets in future studies.
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An increased sensitivity of N, to SLA was further observed across the temperature gradient (Figure S3 and Table
S5 in Supporting Information S1), indicating that plants in high-temperature regions may invest more N in leaf
to support their ical functions. Recent isotope evidence based on 8'°N has demonstrated a

linear increase in plant N use with rising mean annual temperature (Hu et al., 2024; Wang, 2024). Additionally,
the SLA ~ N, relationship also varied across aridity groups (Figure S8 and Table S6 in Supporting Informa-
tion S1), indicating envis ion of this i i the elevation shifted downward
under elevated CO, across all temperature and aridity groups, with broadly similar magnitudes of shift. These
results suggest that the eCO,-induced downward shift in the SLA ~ N, relationship is broadly consistent across
climatic conditions despite some environmental heterogeneity. Given the limited observations available for in-
dividual PFTs, incorporating a relationship estimated from the global data set inevitably introduces additional
uncertainty and may bias N, estimates across both temperature and aridity gradients (Figures S3, S8, Tables S5, &
and S6 in Supporting Information S1). Therefore, the SLA ~ N, relationship used in this study focuses on the
empirically observed coordinated acclimation of SLA and N, under clevated CO,, rather than dynamically
representing trait responses to all changing environmental drivers. Declining N availability has been widely

reported across terrestrial ecosystems (Mason et al., 2022), and recent tree-ring 8'°N evidence suggests that rising

atmospheric CO, may further reduce N availability in boreal forests (Bassett et al., 2026). Other studies based on
photosynthetic optimality theory have found that the reduction in leaf N content with €CO, is primarily driven by
a decreased demand for leaf N (Bassiouni et al., 2025; Dong et al., 2022; Smith & Keenan, 2020; Stocker
et al., 2025). This reduction may allow the surplus N to be allocated to other tissues, potentially enhancing their
growth and mitigating N limitations on plant growth (Smith et al., 2024). Although the model used in this study
does not i this i i ip, i experimentally derived findings into land surface
‘models could offer new insights into the plant-mediated global carbon-concentration feedback, especially since
most land surface models simulate photosynthesis as a function of leaf N.

4.2. Coordinated Trait Acclimation Reduced Si P i itivity to eCO,

Compared to the EC simulation, the globally averaged GPP increases rapidly in the first few years but declines
slightly when i trait ion is i (Figure 3a). The initial increase in GPP closely tracked
the rapid increase in LA, while GPP per unit LAI changed only slightly, indicating that the early GPP response
was mainly associated with canopy development rather than a strong increase in photosynthetic productivity per
unit leaf area. As LAI approached a stable level, GPP also leveled off and subsequently declined slightly. Co-
ordinated trait acclimation reduced the simulated GPP response to doubled CO, (Figure 3b). This reduction was
primarily observed in forest regions, especially in tropical evergreen broadleaf forests, Europe, castern Asia, the
central plains of North America, and southern Europe (Figure 3c). The reduction was mainly driven by the
negative effect of coordinated leaf trait acclimation on LAI rather than the positive effect on v, (Figure S7 in
Supporting Information S1). In contrast, in mid- and high-latitude regions of North America and northern Europe,
the reduction was primarily associated with the negative effect on v, (Figure S7 in Supporting Information S1).
The positive coordinated acclimation effect on v, arises mainly because the control simulation under aCO,
used the PFT-specific SLA prescribed by the model and did not incorporate the coordinated trait relationship.
Further analysis based on the observed SLA ~ N, relationship and Equation 8 showed reductions in leaf
nitrogen content and vy, under eCO, (Text S1 in Supporting Information S1), which are highly consistent
with previous experimental evidence (Ainsworth & Long, 2005; Leakey et al., 2009; Poorter et al., 2022),
supporting our CABLE-based simulation results. In the current CABLE formulation, j, is prescribed as

(WICE Veppays 50 fon-induced ions in N, decrease both Vg and jug, proportionally. A

shift between Rubisco- and RuBP-regeneration-limited photosynthesis may modulate the realized response under
eCO, (Haverd et al., 2020), but its relative contribution could not be further quantified from the existing model
outputs.

Coordinated trait acclimation reduced simulated GPP responses to doubled CO,. but the magnitude of this
reduction varied substantially across space. In particular, regions where the results are constrained by the model’s
default maximum LAT and C:N ratio limits may introduce uncertainties and lead to some unnatural patterns
(Figures S7 and S14 in Supporting Information S1). By further isolating the effects of coordination
(aCO, + Coordi ly) and accli (eCO, + ion-only) on GPP (Table S4 in Supporting In-
formation S1), we found that the estimated global GPP was 72.9 + 5.3 Pg C yr™' for coordination and
1663 % 15.7 Pg C yr~' for acclimation. Further analysis showed that the GPP response ratios (eCO,:aCO,) were
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0.67 % 0.06 and 1.53 + 0.15 for and imati P (Figure S15 in Infor- 3
mation S1). These results that i i i leaf trait i i ially reduces

simulated GPP, whereas acclimation alone enhances ecosystem carbon input relative to the eCO, simulation.
C ly, jointly for both and is essential for producing robust and

credible estimates of simulated GPP responses to rising CO,. In addition, we note that the global annual GPP
under ambient CO, is slightly lower than estimates from observationally based data sets (Lai et al., 2024; Welp
et al., 2011) and other land surface models (Jung et al., 2020), mainly reflecting the influence of the coupled
phosphorus cycle in CABLE. Given that our conclusions are based on relative GPP responses to rising CO,,
which are less sensitive to baseline magnitude, the slightly lower GPP has limited implications for our results.

Two additional analyses thoroughly examined the reduced simulated GPP responses to elevated CO, levels
resulting from i trait imation. First, two used (Keenan et al., 2023; Piao
et al., 2013) were employed to estimate the sensitivity of global photosynthesis to elevated CO, (fgpp). The
results from both methods consistently showed a reduction in simulated f;pp When coordinated trait acclimation
was i (Text S2in i ion S1). The spatial results also reveal a similar pattern: tropical
forests dominated the reduction in figpp (Text S2 in Supporting Information S1). Second, a further sensitivity
analysis of the Acc simulations, derived from randomly selected RRys; 4 (Methods), showed that the reduced
simulated GPP responses to doubled CO, were not sensitive to the chosen parameters (Figure $16 in Supporting

S1). The largest inty was observed in forest regions (Figure S14 in Supporting Informa-
tion S1), hi; potential i ainties in terrestrial models regarding how photo-
synthesis responds to elevated CO,. These errors can be attributed to several widely reported reasons, such as the

general representation of v, as a fixed constant or a linear function of leaf nitrogen content (Ali et al., 2015),
insufficient representation of disturbance from both natural (Lloret et al., 2012; Walker et al., 2019) and human
activities (Achat et al., 2015; Fawcett et al., 2023), and the potential effects of woody shrub expansion (Stevens

etal., 2017).

Given that the changes in GPP in our simulations include both direct CO, and non-CO, effects, the CO, responses
explored in this study reflect the combined effects of these two factors. A further logarithmic transformation
following Walker et al. (2021) has been performed to facilitate comparison with other studies. The reduction in
photosynthetic sensitivity to elevated CO, (fgpp) Was then quantified by incorporating the coordinated trait
acclimation relationship into the model (Figure $17 in Supporting Information S1). The multi-year averaged fgpp
is 0.58 = 0.08 under EC and 0.48 + 0.14 under Acc. Both are relatively lower than those reported in other
observation-based studies (Figure $17 in Supporting Information S1). For example, Keenan et al. (2023) con-
strained the increase in GPP under rising CO, by integrating global models with remote sensing data, estimating a
Popp of 0.62 % 0.14. This result is lower than the estimate from the satellite-based evapotranspiration and
analytical ecosystem water-use efficiency model, which reported a fipp of 1.1 % 0.5 (Cheng et al., 2017). Other

studies based on deuterium isotopomers (Ehlers et al., 2015), eddy-covariance (Ferndndez-Martinez et al., 2017),
and ice-core measurements of carbonyl sulfide (Campbell et al., 2017) have reported relatively high fgpp esti-
mates as 1.0, 1.2 % 0.6, and 0.95 0.2, respectively. Although our results are lower than those from other
observational data sets, they still fall within the range of 0.12-0.9 reported by other modeling studies (Figure S17
in Supporting Information S1; Chen et al., 2022), supporting the recently proposed weak land sink hypothesis
(Randerson et al., 2025). At the site level, CABLE overestimated absolute GPP at both EucFACE (Yang
et al., 2020) and Duke FACE (Schifer et al., 2003), particularly at EucFACE (Figure S18 in Supporting Infor-
mation S1). This overestimation was evident under both ambient and elevated CO, conditions, whereas the
simulated figpp remained broadly comparable to the FACE-derived estimates. At EucFACE, coordinated trait
acclimation reduced fgpp in the same direction as the reduction associated with observed vy, acclimation re-
ported by Yang et al. (2020). Di s in spatial-temporal resolution, and study
periods inevitably introduce uncertainty into these comparisons. Overall, these findings underscore the limited

understanding of photosynthetic responses to rising CO, in terrestrial ecosystem models.

The reduced GPP responses to clevated CO, simulated in our study contrast with the higher CO, fertilization
reported by Haverd et al. (2020), likely reflecting diff in the coordination processes At the
leaf level, reduced photosynthetic N investment tends to lower vy, and weaken the CO, response (Bassiouni

et al., 2025), whereas Haverd et al. (2020) dynamically optimized j, o/Vemay to coordinate carboxylation and
electron transport and thereby maintain more efficient photosynthetic coordination. In contrast, our simulations
represent CO,-driven acclimation of SLA, which affects leaf-to-canopy structural scaling, but do not dynamically
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OPHMIZE jypgs/Vemay- These processes are not mutually exclusive and may have counteracting effects on simulated
€O, fertilization, Thus, GPP responses to clevated CO, likely depend on the combined responses of photo-
synthetic N investment, its allocation between carboxylation and electron transport, and leaf-to-canopy structural
scaling.

4.3. Aridity Change Dominates Spatial Variation in Photosynthetic Sensi

to eCO,

We analyzed the contributions of environmental factors, leaf structure, and physiological traits to the spatial
variability in simulated photosynthetic response to rising CO,. Our findings indicate that aridity change accounted
for the largest variation in simulated photosynthetic sensitivity to elevated CO, (48.2%), followed by LAI (41.4%)
and maximum photosynthetic rate (5.5%) (Figures 4a and 5). A growing body of evidence from other studies
demonstrates that water availability significantly regulates leaf traits (Figure S8 in Supporting Information S1),
thereby influencing photosynthetic sensitivity to eCO,. For instance, previous studies on hydraulic traits have
demonstrated that leaf thickness (related to SLA) and leaf nitrogen content are closely associated with water
availability (Nardini et al., 2012; Rosas et al., 2019). Specifically, plants in humid regions typically exhibit leaf
traits aligned with a “fast” growth strategy for resource acquisition (Rosas et al., 2019). In contrast, plants in arid
regions, characterized by high leaf nitrogen concentrations, tend to adopt a resource-conservative (“slow”)
strategy to enhance tolerance to water stress (Rosas et al., 2019; Wright, Reich, Cornelissen, Falster, Groom,
et al., 2005; Wright & Westoby, 2002). A recent study based on trait data sets further demonstrates that plants
generally incur higher water costs than nutrient costs (Westerband et al., 2023), underscoring the critical role of
water availability in shaping trait relationships (Wright, Reich, Cornelissen, Falster, Groom, et al., 2005).

In addition, elevated CO, can increase leaf-level water use efficiency (WUE) by allowing plants to maintain
carbon assimilation with lower stomatal conductance, thereby reducing water loss per unit carbon gain. In the
CABLE model, WUE responses are represented through the coupled photosynthesis-stomatal conductance
scheme using the Ball-Berry-Leuning (Leuning et al., 1995) model. At the same time, a high VPD and limited soil
water availability can still restrict stomatal opening, constrain CO, diffusion into leaves, and limit photosynthesis,
particularly in arid and semi-arid regions. Therefore, the strong contribution of aridity changes identified here
should be interpreted with caution, as it may reflect integrated hydroclimatic constraints involving water avail-
ability, atmospheric water demand, stomatal regulation, and WUE.

Coordinated trait acclimation infl P ic sensitivity to cCO, in two key ways. First, increased leaf
thickness and reduced leaf nitrogen content directly enhance the net photosynthetic rate under eCO, (Poorter
etal., 2022). Second, changes in vegetation canopy structure driven by SLA can influence biophysical processes,
such as iration and ic ci (Tietjen etal., 2017; Yang et al., 2019; Zeng et al., 2017),
which in turn affect the local climate, Specifically, the ion of nonstruc in leaves,
driven by coordinated acclimation (Luo et al., 1994; Poorter et al., 1997, 2009), enhanced leaf thickness and
thereby reduced evapotranspiration and LAI in humid regions (Kovenock & Swann, 2018). In addition, coor-

dinated trait acclimation under ¢CO, reduced stomatal conductance (Ainsworth & Rogers, 2007) and enhanced
drought resistance by increasing leaf-level water-use efficiency (Pastore et al., 2019). In arid regions, the in-
fluence of water availability on stomatal conductance can outweigh that of CO, (Ainsworth & Rogers, 2007;
Leakey ct al., 2009). Consequently, the simulated sensitivity of photosynthesis to elevated CO, in arid regions is
more vulnerable to changes in vegetation structure (Figures 5b-5¢), which in turn impacts potential evapo-

and soil envi by bi feedback (Cui et al., 2022; Piao et al., 2020). Other eddy-flux
observations have shown the decoupling of LAT and GPP along aridity gradients (Hu et al., 2022), demonstrating

the key regulatory role of aridity in photosynthetic productivity.

5. Conclusion

Trait-based relationships are a promising approach for improving model simulations and predictions. Although
considerable research has explored how plant traits respond to rising CO,, few studies have investigated the

influence of i trait relationships on simulated p is sensitivity to elevated CO,. This study
reveals a consistent decrease in the intercept of the log-log relationship between leaf structural and physiological
traits under elevated CO,. By integrating this relationship into the CABLE model, we found that coordinated trait
acclimation reduces simulated photosynthetic sensitivity to elevated CO,, with its spatial variation primarily
driven by changes in aridity gradients. These findings suggest that current dynamic global vegetation models may
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overestimate photosynthetic responses to CO,, potentially leading to an overly optimistic assessment of terrestrial
ecosystems' capacity to mitigate rising CO, levels. However, the magnitude of this overestimation remains un-
certain, as it is difficult to quantify the contributions of increased leaf-level water- and nitrogen-use efficiency,
which can enhance ecosystem carbon uptake and partly offset the bias (Smith et al., 2024). Furthermore, our
results underscore the critical role of aridity changes in regulating simulated photosynthetic responses to rising
CO,. This study bridges the gap between leaf trait responses to CO, and ecosystem-level carbon-concentration
feedback.
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