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1. Introduction
Stomatal conductance regulates and couples the exchange of carbon, water, and energy fluxes between the atmos-
phere and terrestrial biosphere (Berry et al., 2010). When environmental conditions are not limiting for photo-
synthesis and transpiration, plants open their stomata to maximize the uptake of atmospheric carbon dioxide 
while regulating the transport of water between the ground and the atmosphere. However, when environmental 
conditions are limiting (e.g., when water supply drops below a critical threshold), plants tend to reduce stomatal 
aperture and can experience leaf senescence (reducing leaf area index; LAI), generally leading to lower rates 
of carbon uptake (i.e., gross primary production [GPP]) and transpiration (Buckley, 2019). The surface energy 
budget then shifts toward less latent heat (LE), and more sensible heat (H) is emitted to the atmosphere, ampli-
fying atmospheric dryness and temperature (Humphrey et al., 2021). As a result, canopy conductance, the sum 
of stomatal conductance integrated through all leaves within a canopy (gc), exerts a strong biophysical feedback 
on the climate system. In the long term, gc impacts the climate by mediating the rate of removal of CO2 from 
the atmosphere by plants (Friedlingstein et al., 2022). In the short-term, gc can alter cloud coverage and rainfall 
patterns through biosphere-atmosphere feedbacks (Forzieri et al., 2020; Green et al., 2017). Canopy conductance 
is therefore an essential component of Earth System Models (ESMs), and thus future climate projections.

Abstract The response of vegetation canopy conductance (gc) to changes in moisture availability (𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 ) is 
a major source of uncertainty in climate projections. While vegetation typically reduces stomatal conductance 
during drought, accurately modeling how and to what degree stomata respond to changes in moisture 
availability at global scales is particularly challenging, because no global scale gc observations exist. Here, 
we leverage a collection of satellite, reanalysis and station-based near-surface air and surface temperature 
estimates, which are physically and statistically linked to 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 due to the local cooling effect of gc through 
transpiration, to develop a novel emergent constraint of 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 in an ensemble of Earth System Models (ESMs). We 
find that ESMs systematically underestimate 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 by ∼33%, particularly in grasslands, croplands, and savannas 
in semi-arid and bordering regions of the Central United States, Central Europe, Southeastern South America, 
Southern Africa, Eastern Australia, and parts of East Asia. We show that this underestimation occurs because 
ESMs inadequately reduce gc when soil moisture decreases. As gc controls carbon, water and energy fluxes, 
the misrepresentation of modeled 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 contributes to biases in ESM projections of gross primary production, 
transpiration, and temperature during droughts. Our results suggest that the severity and duration of droughts 
may be misrepresented in ESMs due to the impact of sustained gc on both soil moisture dynamics and the 
biosphere-atmosphere feedbacks that affect local temperatures and regional weather patterns.

Plain Language Summary During photosynthesis, plants open their stomata to take in carbon 
dioxide and inevitably, lose water through transpiration. As a result, when soil moisture is low, plants reduce 
their stomatal apertures to conserve water, simultaneously reducing their carbon dioxide uptake. It is critical 
for Earth System Models (ESMs) to incorporate accurate vegetation responses to moisture availability to make 
accurate future climate projections. Here, we show that these ESMs are systematically underestimating the 
sensitivity of vegetation to moisture availability, and that this underestimation is leading to incorrect climate 
projections of carbon, water, and energy fluxes during droughts.
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While it is essential to include an accurate representation of gc and its feedbacks in ESMs to obtain robust 
climate projections, doing so is hindered by a lack of adequate theory. Specifically, how stomata respond to 
atmospheric dryness and moisture anomalies, and the exact mechanisms that drive the response remain elusive 
(Buckley, 2019). For this reason, representing gc mechanistically in ESMs has been challenging, resulting in a 
diversity of approaches. Semi-empirical approaches derived from leaf level measurements (Ball et  al.,  1987; 
Leuning, 1995) are widely used, but were created based on well-watered conditions, and require the sensitivity 
of gc to soil moisture to be parameterized. This parameterization makes it difficult to capture the wide range of 
variability in stomatal responses to dryness across species or varying canopy heights (Sabot et al., 2022), and has 
led to less accurate gc predictions during periods of soil moisture stress (G. B. Bonan et al., 2014). On the other 
hand, there are optimization-based process implementations (Farquhar & Cowan, 1977; Medlyn et al., 2011), 
based on the idea that gc optimizes plant carbon gain per water lost. However, these approaches also rely on 
empirical moisture stress factors to downregulate stomatal conductance during periods of low moisture supply 
(Sabot et al., 2022), also resulting in greater uncertainty in low soil moisture conditions. The optimization-based 
models have not necessarily outperformed the semi-empirical ones (Franks et al., 2018).

The implementation of realistic processes for simulating gc is further complicated by the paucity of observations 
at spatial scales relevant to ESM projections. Most available measurements are at the leaf-scale (Buckley, 2019; 
Vicente-serrano et al., 2022), because it is not currently possible to observe gc and its sensitivity to moisture avail-
ability at regional or global scales. And while it is possible to scale stomatal conductance somewhat accurately 
to the canopy scale using big-leaf assumptions (Baldocchi et al., 1991; Bonan et al., 2021), due to heterogeneity 
in topography, varying ecosystem traits, and climactic conditions, scaling these measurements up to evaluate the 
sensitivity of gc to moisture availability (𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 ) in ESMs has not yet been feasible. This has resulted in the absence of 
an observational benchmark to guide the ESM representation of 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 and additionally hinders our ability to evalu-
ate it. As a result, the response of vegetation to moisture availability has emerged as a major source of uncertainty 
in carbon cycle and climate projections (Trugman et al., 2018).

Here we develop and implement a method to assess the representation of canopy conductance responses to defi-
cits in moisture (represented by the Standardized Precipitation Evaporation Index [SPEI]) in ESMs, despite the 
lack of direct observations of it. This is done by exploiting heuristic relationships between 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 , and the sensitivity 
of the difference between land surface temperature (LST) and near surface air temperature (Tair) to moisture 
availability (𝐴𝐴 𝐴𝐴𝑚𝑚

𝐿𝐿𝐿𝐿𝐿𝐿−𝐿𝐿 𝑇𝑇𝑇𝑇𝑇𝑇
 ), in the form of an emergent constraint. It is well established that the difference between 

LST and Tair can be indicative of vegetation water stress, due to the strong control that gc can exert on evaporative 
cooling and thus the surface energy balance, and that satellite measurements of these quantities can be used to 
gain insight into vegetation status (Farella et al., 2022; Green et al., 2022). Thus, we establish spatially explicit 
relationships between 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 and 𝐴𝐴 𝐴𝐴𝑚𝑚

𝐿𝐿𝐿𝐿𝐿𝐿−𝐿𝐿 𝑇𝑇𝑇𝑇𝑇𝑇
 across ESM estimates from the Coupled Model Intercomparison Project 

Phase 6 (CMIP6) (Figures S1–S4 and Table S1 in Supporting Information S1) to identify an emergent constraint 
(Hall & Qu, 2006; Williamson et al., 2021) on 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 . In doing so, we are able to evaluate the representation of 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 
across ESMs by using 𝐴𝐴 𝐴𝐴𝑚𝑚

𝐿𝐿𝐿𝐿𝐿𝐿−𝐿𝐿 𝑇𝑇𝑇𝑇𝑇𝑇
 calculated from observations, and to investigate how the ESM misrepresenta-

tion of 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 can lead to incorrect projections of carbon, water, and energy fluxes through biosphere-atmosphere 
feedbacks.

2. Materials and Methods
2.1. Emergent Constraint Theory

An emergent constraint hinges upon the presence of a strong heuristic relationship between an observable variable 
(X) and an unobservable variable (Y) that is represented in an ensemble of models (Hall et al., 2019; Williamson 
et al., 2021). While individual models may have incorrect values for variables X and Y, if the heuristic relation-
ships between them are preserved across the ensemble of models, when examined collectively across them, the 
consistency of this relationship allows for observational data to be used to constrain the unobservable (modeled) 
variable Y. The heuristic relation between X and Y should be based on underlying physical principles relating Y 
to X.

Here, the emergent constraint we developed is based on the physical relationship between gc, and the parti-
tioning of surface energy fluxes when vegetation is water limited (Monteith, 1965; Penman, 1948). When the 
Penman-Monteith equation is inverted to solve for gc (Equation 1), where γ is the psychometric constant, ga is 

Writing – review & editing: J. K. Green, 
Y. Zhang, X. Luo, T. F. Keenan
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the aerodynamic conductance in m/s, LE is latent heat flux in W/m 2, ∆ is the slope of the saturated vapor pres-
sure curve in kPa/K, Rn is net radiation in W/m 2, G is the ground heat flux in W/m 2, ρ is the density of the air 
in kg/m 3, and cp is the specific heat of the air, 1,004 J/kg/K, one can see that gc is directly related to the surface 
energy balance and LST-Tair (Equation 2), where r is the compound aerodynamic resistance from the air, soil, 
and vegetation, and H is the sensible heat flux in W/m 2.

𝑔𝑔𝑐𝑐 =
𝛾𝛾𝑔𝑔𝑎𝑎𝐿𝐿𝐿𝐿

Δ(𝑅𝑅𝑅𝑅 − 𝐺𝐺 − 𝐿𝐿𝐿𝐿) + 𝜌𝜌𝑐𝑐𝑝𝑝𝑔𝑔𝑎𝑎𝑉𝑉 𝑉𝑉𝑉𝑉 − 𝛾𝛾𝐿𝐿𝐿𝐿
 (1)

𝐻𝐻 = 𝑅𝑅𝑅𝑅 − 𝐺𝐺 − 𝐿𝐿𝐿𝐿 = 𝜌𝜌𝜌𝜌𝑝𝑝
𝐿𝐿𝐿𝐿𝐿𝐿 − 𝐿𝐿 𝑇𝑇𝑇𝑇𝑇𝑇

𝑇𝑇
 (2)

In other words, when plants are stressed by low water supply or high water demand, they tend to close their 
stomata to conserve water, thus reducing transpiration and LE, increasing H, and therefore increasing leaf surface 
temperature relative to Tair (increasing LST-Tair). Turbulent fluxes and gc, are modeled with deterministic equa-
tions, but the relationship between them in the presence of atmospheric coupling is an emerging property of each 
ESM. The emergent constraint applied here is based on the fact that although each CMIP6 ESM has a different 

𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 and 𝐴𝐴 𝐴𝐴𝑚𝑚
𝐿𝐿𝐿𝐿𝐿𝐿−𝐿𝐿 𝑇𝑇𝑇𝑇𝑇𝑇

 , each ESM has a physically- and statistically based relationship between 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 and 𝐴𝐴 𝐴𝐴𝑚𝑚
𝐿𝐿𝐿𝐿𝐿𝐿−𝐿𝐿 𝑇𝑇𝑇𝑇𝑇𝑇

 when 
water is limiting for photosynthesis (Figures S1–S4 in Supporting Information S1). This relationship across the 
ensemble of ESMs allows us to effectively use information contained in observation-based estimates of 𝐴𝐴 𝐴𝐴𝑚𝑚

𝐿𝐿𝐿𝐿𝐿𝐿−𝐿𝐿 𝑇𝑇𝑇𝑇𝑇𝑇
 

to constrain ESM 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 collectively, despite the lack of gc observations at regional spatial scales (Figures S1–S4 
in Supporting Information S1) (Hall et al., 2019). Specifically, the emergent constraint examined how relative 
changes of growing season gc (calculated as a deviation from its 90th percentile value: an unstressed value) 
and anomalies of the difference between LST and Tair varied with moisture availability over the time period of 
2000–2014 (Figure S2 in Supporting Information S1).

While often used to constrain model projections of future climate (Cox et al., 2018; Hall & Qu, 2006; Shiogama 
et al., 2022), the technique was applied here to constrain ESM representation of environmental processes in the 
historical simulations, to provide a benchmark for present-day 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 . Emergent constraints also tend to be applied for 
large regional or global analyses, but we applied it spatially (pixel-by-pixel) to achieve a cohesive understanding 
of ESM performance across vegetated areas that experience water limitation. Because the physical and statistical 
relationship between 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 and 𝐴𝐴 𝐴𝐴𝑚𝑚

𝐿𝐿𝐿𝐿𝐿𝐿−𝐿𝐿 𝑇𝑇𝑇𝑇𝑇𝑇
 , which is necessary for an emergent constraint, does not exist everywhere 

(e.g., regions with no water limitation) (Figures S1 and S5 in Supporting Information S1), only those results for 
regions where these requirements held are included in the analysis.

2.2. ESM Calculations of 𝑨𝑨 𝑨𝑨𝒎𝒎
𝒈𝒈𝒈𝒈 and 𝑨𝑨 𝑨𝑨𝒎𝒎

𝑳𝑳𝑳𝑳𝑳𝑳−𝑳𝑳𝑻𝑻𝑻𝑻𝑻𝑻

Prior to performing the emergent constraint, 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 and 𝐴𝐴 𝐴𝐴𝑚𝑚
𝐿𝐿𝐿𝐿𝐿𝐿−𝐿𝐿 𝑇𝑇𝑇𝑇𝑇𝑇

 had to be calculated per-pixel for each of the 30 
CMIP6 ESMs (Table S1 in Supporting Information S1) used in the constraint. We used monthly growing season 
data from the historical runs for 2000–2014 using consistent ESM forcing data (ESM variant labels listed in Table 
S1 in Supporting Information S1). Before performing calculations, all ESM data sets were brought to a standard 
spatial resolution of 288 by 192 grid cells, which matched the finest spatial resolution of the ESMs (e.g., the 
spatial resolution of CESM2). The growing season was defined as months when the local monthly temperature 
climatology was greater than 278K, and the monthly net radiation climatology was at least 60% of the maximum 
monthly climatology value. Following the data processing, growing season estimates of gc, LST-Tair [the differ-
ence between the CMIP6 variables skin temperature (“ts”) and near surface air temperature (“tas”)], and moisture 
availability were calculated, and were regressed against one another to determine 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 and 𝐴𝐴 𝐴𝐴𝑚𝑚

𝐿𝐿𝐿𝐿𝐿𝐿−𝐿𝐿 𝑇𝑇𝑇𝑇𝑇𝑇
 (Figure S2 in 

Supporting Information S1).

𝑔𝑔𝑐𝑐 =
𝑇𝑇 × 𝑃𝑃

𝑉𝑉 𝑃𝑃𝑉𝑉
 (3)

To calculate gc, Fick's law was used (Equation 1) where T is transpiration, P is surface pressure, and VPD is 
vapor pressure deficit. VPD was calculated based on the Clausius-Clapeyron relationship (Equation 2) where 
Lv is the latent heat of vapourization, 2.5 × 10 6 J/kg, Rv is the vapor gas constant, 461 J/K/kg, Tair is in units of 
Kelvin, and relative humidity is expressed as a percentage. This formulation to calculate gc is typically used at 
the leaf-level, and
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𝑉𝑉 𝑉𝑉𝑉𝑉 = 6.11 ∗ exp

[

𝐿𝐿𝑣𝑣

𝑅𝑅𝑣𝑣

∗

(

1

273

−

1

𝑇𝑇 𝑇𝑇𝑇𝑇𝑇𝑇

)

]

∗

(

1 −

𝑅𝑅𝑅𝑅

100

)

 (4)

is not commonly applied at larger spatial scales (Jarvis & Mcnaughton,  1986). This is due to the additional 
impacts of aerodynamic conductance (ga) from canopy structure and thus surface roughness, which can make 
the quantity difficult to interpret as one scales from a leaf to a vegetated canopy. For this reason, inverting the 
Penman-Monteith equation (Monteith, 1965; Penman, 1948) to obtain surface conductance (Equation 1), would 
be a more direct way of calculating gc. To use this equation, the psychometric constant could be calculated 
according do Equation 5, where ε = 0.622, Δ could be calculated according to Equation 6, where es is the satura-
tion vapor pressure in Pa, and ga could be calculated according to Equation 7, where K is the unitless von Karman 
constant, 0.4, U is the wind speed at height z in m/s, zd is the zero plane displacement taken as 2/3 the canopy 
height in meters, and zo is the momentum roughness length taken as 1/10 the canopy height in meters (Campbell 
& Norman, 1998).

𝛾𝛾 =

𝑃𝑃𝑃𝑃𝑝𝑝

𝜀𝜀𝜀𝜀𝑣𝑣

 (5)

Δ =

𝐿𝐿𝑣𝑣𝑒𝑒𝑠𝑠

𝑅𝑅𝑣𝑣𝑇𝑇 𝑇𝑇𝑇𝑇𝑇𝑇
2

 (6)

𝑔𝑔𝑎𝑎 =
𝐾𝐾2𝑈𝑈

ln

(

𝑧𝑧−𝑧𝑧𝑑𝑑

𝑧𝑧𝑜𝑜

)

2 (7)

However, there are a limited number of ESMs that output vegetation height data (less than 5), which is a neces-
sary input for calculating ga (Equation 7).

Thus, due to the small number of ESMs available, we were not able to construct an emergent constraint using 
the Penman-Monteith inversion method. However, we were able to calculate 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 and 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 for those ESMs that did 
output vegetation height data, to ensure that using Fick's law to calculate 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 was not skewing the results (Figures 
S6 and S7 in Supporting Information S1). For this analysis, the ground heat flux, G, was assumed to be negligible, 
and the wind measurement height was set to 10-m (the typical height in the ESMs) when the vegetation height 
was below 9-m tall, and when the vegetation height was above 10-m it was estimated to be the mean vegetation 
height plus 2-m. We found that when we compared the output from the 2 methods (after converting those values to 
deviations from the 90th percentile value) for the four available ESMs (CESM2, CMCC-ESM2, NorESM2-MM, 
and UKESM1-0-LL), that the RMSE-values ranged from 3.69% to 3.99% for 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 , while the RMSE-values for 
comparing 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 from the Penman-Monteith method, and 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 calculated using Fick's Law demonstrated only a weak 
relationship between them. These results left us confident that our simplified Fick's Law calculation of 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 in the 
ESMs indeed largely represented changes in gc rather than changes in 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 .

To represent moisture availability, we used the SPEI, a drought index that uses precipitation and potential evap-
oration data to characterize moisture anomalies. The SPEI was used instead of root zone soil moisture data due 
to the limited number of measurements that coincided with our time period of interest (observational data from 
2003 to 2019 was used for our analysis, while for instance, Level 4 Soil Moisture Active Passive data was not 
available until 2015 and other soil moisture products are based on models with large uncertainties). The SPEI 
was also chosen instead of the Standardized Precipitation Index which takes into account precipitation but not 
potential evaporation, and has a weaker relationship with gc and LST-Tair than SPEI which we determined via 
correlations.

The SPEI was generated using the R package “SPEI” (Beguería & Vicente-Serrano,  2023) using monthly 
precipitation and temperature data from the historical runs for 1985–2014. The Thornthwaite equation 
(Thornthwaite, 1948) was used to calculate potential evapotranspiration, and the SPEI was calculated based on a 
log-logistic distribution function and a 12-month timescale. We examined timescales for the SPEI between 3- and 
12-month and chose to use 12-month for the main analysis, as this resulted in the greatest number of pixels across 
ESMs having relationships between gc and SPEI with a p-value < 0.1.

To define the sensitivity of ESM gc and LST-Tair to SPEI per pixel, the gc data was converted to a percent devi-
ation from the 90th percentile value (a time-period of no stress), and LST-Tair was first converted to anomalies 
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(the seasonal cycle was removed). These were then linearly regressed against the local SPEI data for each pixel 
location. The sensitivity was taken as the slope of those relationships (Figure S2 in Supporting Information S1). 
Although this relationship is not truly linear (i.e., when water is not limiting gc tends to reach a maximum 
value i.e., maintained when moisture supplies increase further) (Feldman et al., 2018; Fu et al., 2022; Green 
et al., 2022), should a particular location have data points that reflect the maximum gc value where there is satura-
tion, this would only reduce the slope calculation, thus providing a conservative estimate of this sensitivity in the 
water-limited part of the curve. When constructing the emergent constraint per pixel, only those ESMs that had 
relationships between LST-Tair and SPEI as well as gc and SPEI with p-values < 0.1 were used to construct the 
constraint (Figures S5b and S5c in Supporting Information S1). Additionally, only timesteps of pixels that had an 
ESM LAI climatology of greater than or equal to 1 were used for each ESM, to ensure that the LST data reflected 
the temperature of a vegetated canopy rather than that of, for example, barren soil.

While the SPEI was used to represent moisture availability in this application, uncertainty in this index can be 
introduced due to the use of the Thornthwaite equation (Thornthwaite, 1948) to calculate potential evapotranspi-
ration. Therefore to ensure the robustness of our methodology, we also performed the constraint using surface 
soil moisture anomalies, calculated from the Consistent Artificial-Intelligence based Soil Moisture (CASM) data 
set (Skulovich & Gentine, 2023) to represent moisture availability (Figure S8 in Supporting Information S1). The 
data was first converted to anomalies (the seasonal cycle was removed) before calculating the sensitivities, for 
consistency with SPEI, which is an index that reflects moisture anomalies. Using this data set provided similar 
results to using SPEI related to the ESM underestimation of 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 and its spatial distribution. The CASM data set 
was not used for the main analyses, as this data set reflects the moisture in only the top layer of the soil and not 
that of the entire root zone, which is more relevant for detecting plant water stress. For example, one region where 
the sensitivities are not as strong using the CASM data to calculate 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 was in Eastern Australia, and this is a 
region that has rooting depth in some locations of greater than 9 m (Stocker et al., 2021, 2023).

2.3. The Observational Constraint

To constrain the CMIP6 ESM estimates of 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔, we used a total of nine observational and reanalysis data sets to 
calculate the sensitivity of LST-Tair to SPEI (𝐴𝐴 𝐴𝐴𝑚𝑚

𝐿𝐿𝐿𝐿𝐿𝐿−𝐿𝐿 𝑇𝑇𝑇𝑇𝑇𝑇
) during the growing season (3 data sets for LST, 3 data sets 

for Tair, and 3 data sets for precipitation; Table S2 in Supporting Information S1). We chose to use multiple data 
sets for each variable to average out biases that might be present in a particular data source, and to allow for a 
quantification of uncertainty in the constraint (Figure S9 in Supporting Information S1). Similar to the ESM anal-
ysis, 𝐴𝐴 𝐴𝐴𝑚𝑚

𝐿𝐿𝐿𝐿𝐿𝐿−𝐿𝐿 𝑇𝑇𝑇𝑇𝑇𝑇
 was based on a linear regression per pixel between LST-Tair anomalies and SPEI, and the growing 

season was defined as months where the monthly temperature climatology was greater than 278K (using Tair data 
from the 5th generation of the European Centre for Medium-Range Weather Forecasts atmospheric reanalysis of 
the global climate; ERA5, Hersbach et al., 2023) and the monthly net radiation climatology was at least 60% of 
its maximum monthly climatological value (calculated using data from Clouds and the Earth's Radiant Energy 
System; CERES).

For temperature data sets, Tair monthly data were used from ERA5, the Global Historical Climatology Network 
(GHCN) (Fan & Van Den Dool, 2008), and the Climate Research Unit (CRU) (Harris et al., 2020). For LST, 
monthly data were used from the Moderate Resolution Imaging Spectroradiometer (MODIS) 11 version 6.1 
(retrieved using a split-window algorithm) (Wan, 2019), MODIS 21 version 6.1 (retrieved using an Advanced 
Spaceborne Thermal Emission and Reflection Radiometer Temperature/Emissivity Separation technique) 
(Hulley,  2021), and the Atmospheric Infrared Sounder (AIRS) version 7 (AIRS Project,  2019) that spanned 
2003–2020. For MODIS 11, data from both the AQUA and TERRA satellites were averaged when all time steps 
were available on a given day (2 measurements from 2 satellites per day for a total of 4 daily measurements), while 
in the case of missing timesteps, only data from the satellite with both measurements available were used for that 
day's measurements. For MODIS 21, only data from the AQUA satellite was used since the TERRA satellite data 
had a detector for thermal band 29 fail in 2006 leading to striping in the final product (Hulley et al., 2019). Since 
the MODIS 21 level 3 product has not been filtered for dust (contrary to MODIS 11), daily measurements were 
removed from the monthly average calculation that had over a 2-degree Kelvin error associated with them which 
were labeled as having “poor performance”.

Because LST data is derived from thermal infrared measurements, the observational LST data is only reflective 
of clear-sky conditions, while ESM LST data reflects all-sky conditions. To ensure that this was not biasing our 
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results, for four ESMs we calculated monthly LST data from daily data using all days, and then using only the 
5 days with the maximum net radiation values (assumed to reflect clear-sky conditions). Using both formulations 
we then calculated 𝐴𝐴 𝐴𝐴𝑚𝑚

𝐿𝐿𝐿𝐿𝐿𝐿−𝐿𝐿 𝑇𝑇𝑇𝑇𝑇𝑇
 and compared these to the median observational 𝐴𝐴 𝐴𝐴𝑚𝑚

𝐿𝐿𝐿𝐿𝐿𝐿−𝐿𝐿 𝑇𝑇𝑇𝑇𝑇𝑇
 (Figure S10 in Supporting 

Information S1). While there was slightly more variability when calculating 𝐴𝐴 𝐴𝐴𝑚𝑚
𝐿𝐿𝐿𝐿𝐿𝐿−𝐿𝐿 𝑇𝑇𝑇𝑇𝑇𝑇

 using only the maximum 
daily values, this was still much less than that of the observational data.

To represent moisture availability, we calculated the SPEI from monthly precipitation and Tair data using the R 
package “SPEI” (Beguería & Vicente-Serrano, 2023). For precipitation, we used data from the Global Precipita-
tion Climatology Project (GPCP), the Global Precipitation Climatology Centre (GPCC), and CRU. For Tair, we 
used those same data sets listed above. We used 30 years of data which spanned 1990–2019 for SPEI calculated 
with GPCC, and 1991–2020 for SPEI calculated with GPCP and CRU due to the different data availability for 
each product. Similar to the ESM analysis, the Thornthwaite equation was used to calculate potential evapotran-
spiration, and the SPEI was calculated based on a log-logistic distribution function at a 12-month timescale.

To constrain 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 across the ESMs, the median 𝐴𝐴 𝐴𝐴𝑚𝑚
𝐿𝐿𝐿𝐿𝐿𝐿−𝐿𝐿 𝑇𝑇𝑇𝑇𝑇𝑇

 across the observational data sets was used (Figure S3 
in Supporting Information S1). To calculate the median 𝐴𝐴 𝐴𝐴𝑚𝑚

𝐿𝐿𝐿𝐿𝐿𝐿−𝐿𝐿 𝑇𝑇𝑇𝑇𝑇𝑇
 , only those observational data sets that had 

relationships between LST-Tair and SPEI with a p-values < 0.1 were used (Figure S5d in Supporting Informa-
tion S1). Additionally, similar to the ESMs, only those timesteps of pixels that had an LAI climatology (Mao 
& Yan, 2019) greater than or equal to 1 were used, to ensure that the LST data reflected the temperature of a 
vegetated canopy. To depict the uncertainty in this constraint, the median plus and minus one standard deviation 
was also used to constrain 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 across the ESMs (Figure S9 in Supporting Information S1). All temperature and 
precipitation observational data sets used for calculating the constraint are displayed in Table S2 in Supporting 
Information S1.

The emergent constraint was applied pixel-by-pixel to provide a regional understanding (Figure S3 in Supporting 
Information S1). The R 2 values for each pixel are displayed in Figure S4 in Supporting Information S1.

2.4. Random Forest Algorithm and Shapley Values

To investigate whether there were certain climate characteristics that were common to regions where ESMs were 
underestimating these sensitivities, a random forest algorithm (RF) was applied using the R package “ranger” 
(Wright & Ziegler, 2017). The RF was designed to understand the ecosystem characteristics of regions where 
ESMs were underestimating 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 . Thus, first we calculated the difference between the median of the observation-
ally constrained 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 and the median of the unconstrained 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 sensitivity in the CMIP6 ESMs (Figure 1c). Then 
to create our RF response variable, we converted these differences to categorical variables that were equal to 
negative 1 if these values were negative, 0 if the pixel was not significant at a p-value < 0.05, and positive 1 if the 
difference was positive (Figure S11 in Supporting Information S1).

For predictors we used variables related to both climate and ecosystem characteristics (Table S3 and Figure S12 
in Supporting Information S1). Variables were removed that had correlations greater than 0.7 with other predic-
tors (except for LAI which had a correlation over 0.7 with aridity index (AI), but was used to define the significant 
pixels), and recursive feature elimination was used to eliminate predictors that did not add any additional predic-
tive power. The number of trees used (capped at a maximum of 1,000) and the number of variables to split at each 
node (between 2 and the total number of predictor variables) were optimized to produce the lowest out-of-bag 
error (based on approximately one third of the observations, Breiman, 2001). The prediction errors of the final 
RF are shown in Figure S11 in Supporting Information S1.

Shapley values were generated using the R-package “fastshap” (Greenwell, 2023) to understand how each predic-
tor influenced the prediction of these regions. Shapley values decompose anomalies in the response variable of a 
model (the difference between an individual prediction and the mean model prediction) into components meas-
uring the contributions of each predictor to the anomaly (Hart, 1989; Štrumbelj & Kononenko, 2014). In the case 
of a categorical response variable, each predictor's Shapley values reflect how that predictor is influencing the 
probability of a certain predicted outcome. For example, in the RF applied here, a Shapley value greater than 0 
indicates that for that particular location, that predictor is increasing the probability that the unconstrained ESMs 
are underestimating 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 relative to the constrained value, while a value of less than 0 indicates that the predictor is 
decreasing the probability that the unconstrained ESMs are underestimating 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 relative to the constrained value. 
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A Shapley value of 0 indicates that the predictor is not providing useful information to predict the categorical 
response variable.

2.5. Assessing Climate Feedbacks

To understand how the underestimation of 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 in ESMs was feeding back on projections of global climate, for 
each ESM we indexed time periods when the local SPEI was greater than 1 (anomalously wet periods) and when 
the SPEI was less than −1 (anomalously dry periods). We then used these indexed values to calculate an average 
ESM value of GPP, Tair, and transpiration during both these dry and wet periods across all regions where our 
emergent constraint had significant results and examined their difference in Figures 3a–3c. We repeated the anal-
ysis using an SPEI less than −2 for at least 3-month which resulted in similar trends though more variable (see 
Figures 3d–3f). Those ESMs that had GPP data available are listed in Table S1 in Supporting Information S1. 
We also compared LAI values between the dry and wet periods, by computing the difference between the average 
LAI during timesteps when SPEI was greater than 1, and the average LAI during timesteps when SPEI was less 
than −1, to determine if ESMs showed an LAI response to drought. We used a paired student t-test to determine 
whether there were statistical changes in LAI between these anomalously wet and dry periods in the ESMs.

3. Results and Discussion
3.1. Canopy Conductance Sensitivity to Moisture Availability in ESMs

The unconstrained ESMs showed a positive sensitivity (meaning lower water availability led to lower canopy 
conductance) across all regions where gc and SPEI had a significant relationship (p-value < 0.05), and the data 

Figure 1. Canopy conductance sensitivity to changes in moisture availability. (a) The median unconstrained value of 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 
across Coupled Model Intercomparison Project Phase 6 (CMIP6) Earth System Models (ESMs), (b) the median constrained 
value of 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 across CMIP6 ESMs, (c) the difference between subplots (a, b), and (d) a corresponding boxplot showing the 
distributions of subplots (a, b). In subplot (b), 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 in ESMs is constrained by the median value of 27 observational data set 
combinations. Light gray pixels are regions that were not analyzed due to the climatological leaf area index in observations 
never exceeding 1. Darker gray pixels are regions that were not analyzed because they did not have a significant relationship 
between 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 and 𝐴𝐴 𝐴𝐴𝑚𝑚

𝐿𝐿𝐿𝐿𝐿𝐿−𝐿𝐿 𝑇𝑇𝑇𝑇𝑇𝑇
 across the ensemble of ESMs at a p-value < 0.05. Only growing season data were used, defined 

using the local monthly climatology of net radiation and Tair (see Materials and Methods). In the boxplots, the horizontal 
lines represent the first quartile, median, and third quartile of the map distributions. The bars extend to −1.5 and +1.5 times 
the interquartile range.
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could be constrained (Figure 1a). This is consistent with widely observed plant behavior, that most plants will 
reduce their stomatal openings during periods of low water availability, to reduce the risk of hydraulic failure 
(Konings & Gentine, 2017). 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 unconstrained had a median sensitivity of ∼10% change per unit SPEI (expressed 
in figures and text as units of % since SPEI is unitless) in all regions where the emergent constraint showed 
significant results (p-value < 0.05), and maximum values in eastern Australia, a region known to have relatively 
higher  isohydricity (stomatal regulation) than other regions of significance for the constraint, such as the U.S. 
cornbelt (Konings & Gentine, 2017) (Figures 1a and 1d).

The linear relationship we identified between 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 and 𝐴𝐴 𝐴𝐴𝑚𝑚
𝐿𝐿𝐿𝐿𝐿𝐿−𝐿𝐿 𝑇𝑇𝑇𝑇𝑇𝑇

 across ESMs allowed us to use observationally 
derived estimates of 𝐴𝐴 𝐴𝐴𝑚𝑚

𝐿𝐿𝐿𝐿𝐿𝐿−𝐿𝐿 𝑇𝑇𝑇𝑇𝑇𝑇
 to infer constrained estimates of 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 across approximately 17% of the vegetated 

regions of the globe (Figure 1b). The resulting constrained estimates of 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 had a median sensitivity of ∼15% 
change in gc per unit SPEI, demonstrating a consistent ESM underestimation of 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 (Figure 1). The strongest 
underestimation of 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 was in Eastern Australia (underestimated by ≥30% change in gc per unit SPEI), while other 
regions of underestimation were the Central United States, Western and Central Europe, Southeastern Brazil, 
Argentina, Southern Africa, as well as in Northeastern China and Mongolia (Figure 1, and Figures S4 and S9 in 
Supporting Information S1). Our results show that 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 can be underestimated in the unconstrained ESMs by as 
much as 50%, with a median underestimation of sensitivity of ∼33% compared to the constrained ESM values 
(i.e., a 10% change in gc per unit SPEI vs. a 15% change in gc per unit SPEI). The spatial variability of the obser-
vationally constrained 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 was also much greater than what the unconstrained data showed (an interquartile range 
of ∼11% vs. ∼5%), suggesting that ESMs are not capturing the complete range of ecosystem stomatal responses 
to moisture limitation (e.g., fully isohydric to fully anisohydric).

3.2. Characteristics of Constrained Regions

The emergent constraint we identified here is based on the relationship between 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 and 𝐴𝐴 𝐴𝐴𝑚𝑚
𝐿𝐿𝐿𝐿𝐿𝐿−𝐿𝐿 𝑇𝑇𝑇𝑇𝑇𝑇

 , but this rela-
tionship was only statistically significant for certain regions of the world (∼17%). This is to be expected and is 
primarily due to the differential controls on ecosystem function across the water-energy limitation spectrum. 
For instance, predominantly energy-limited ecosystems would not be expected to exhibit a strong relationship 
between gc, SPEI and LST-Tair. In an ecosystem where photosynthesis is limited by radiation, and where water 
supply tends to be non-limiting, there would be no response of gc and LST-Tair to changes in water availability, 
and thus there would no longer be the physical and statistical relationships needed for an emergent constraint to 
be reliably applied in those regions. Similarly, ecosystems with a relatively high proportion of bare ground, and 
thus low vegetation control on the surface energy balance, would not be expected to exhibit a strong physical 
relationship between gc and LST-Tair. Thus, while we performed this analysis globally, certain filters were used 
to ensure a robust emergent constraint which reduced the areas where the emergent constraint formulations could 
be applied. First, an LAI filter of 1 was used to mask out those pixels that had sparse vegetation, thus preventing 
the contamination of the LST signal from non-vegetated surfaces (Figure S5a in Supporting Information S1). 
Second, if an ESM did not have a relationship between gc and SPEI or LST-Tair and SPEI with a p-value < 0.1, 
then that ESM was not used to compute the emergent constraint for that pixel (Figures S5b and S5c in Supporting 
Information S1). Third, if the relationship between 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 and 𝐴𝐴 𝐴𝐴𝑚𝑚

𝐿𝐿𝐿𝐿𝐿𝐿−𝐿𝐿 𝑇𝑇𝑇𝑇𝑇𝑇
 was not significant across the ensemble of 

ESMs (p-value < 0.05) for a particular pixel then the result was excluded from the analysis. And fourth, only 
those observational data set combinations with relationships between SPEI and LST-Tair with p-values < 0.1 
were used for each pixel constraint (Figure S5d in Supporting Information S1). Applying these filters was appro-
priate to ensure that the physical and statistical relationship necessary for an emergent constraint was present for 
each location where it was computed.

Thus, to better understand the characteristics of the regions where the emergent constraint could be applied, and 
where ESMs underestimated 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 , we used a random forest algorithm (RF) classification combined with Shap-
ley values using environmental data as inputs to predict those regions (see Materials and Methods). Shapley 
values quantify the contribution of each predictor variable to each RF prediction (Hart, 1989). We used predictor 
variables that could be influential to 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 , including data sets related to climate (e.g., Tair), aboveground vegetation 
structure (e.g., maximum LAI), belowground vegetation structure (e.g., average rooting depth), and vegetation 
physiology (e.g., maximum carboxylation rate). The most important predictors in this analysis were the AI, Tair, 
and LAI (Figure 2). The RF and Shapley results showed that those regions of ESM underestimation were located 
primarily in dry sub-humid and semi-arid environments (AI between 0.2 and 0.65), and bordering regions that 
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transition to more humid environments, on average with an AI less than 1 (Figures 1 and 2 and Figures S11 and 
S12 in Supporting Information S1). These regions tend to be water-limited grasslands, croplands and savannas, 
with mean annual temperatures between 5 and 25 degrees Celsius, and with an LAI greater than 1. These findings 
show that ESMs are not reducing gc enough during drought in regions of these characteristics, which is due to a 
lack of stomatal closure in response to soil dryness. In other words, in these regions, ESMs are depicting vegeta-
tion as more anisohydric than they truly are.

3.3. Implications for Carbon, Water, and Energy Fluxes

The general underestimation of 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 has implications for the exchange of carbon, water and energy fluxes in 
ESMs. In terms of the carbon cycle, we see that ESMs that most strongly underestimate the overall 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 , are 
also those ESMs that most severely underestimate the reduction in GPP during moderately dry events, defined 
by an SPEI ≤ −1 (Figure 3a). This means that ESMs are likely overestimating GPP during these anomalously 
dry periods (reducing GPP by approximately 1  gC/m 2/d rather than potentially double that). We also found 
that ESMs that most strongly underestimate the overall 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 , have a smaller increase in Tair during moderately 
dry events than what the constrained data implies (∼1.25°C vs. 1.75°C) (Figure 3b), which is likely connected 
to an underestimation in the reduction of transpiration during dry events, which we also identified (∼−0.1 vs. 
−0.35  mmol.m −2s −1) (Figure  3c). Although this might seem contrary to the well-established warm and dry 
bias of ESMs in the Central United States across multiple CMIP generations (Y. Lin et al., 2017; Mueller & 
Seneviratne, 2014), it has been demonstrated that these biases mainly stem from the misrepresentation of precip-
itation and resulting land-atmosphere interactions, rather than from the vegetation response to drought (Y. Lin 

Figure 2. Shapley values of the top three random forest predictors for the underestimation of 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 . The Shapley (SHAP) 
values for the top three random forest predictors used to predict regions of Earth System Model (ESM) underestimation of 

𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 . These are the aridity index shown both as a scatter plot (a) and a corresponding map (b), the mean annual near-surface air 
temperature (Tair) as a scatter plot (c) and its corresponding map (d), and the maximum local leaf area index as a scatter plot 
(e), and its corresponding map (f). Positive SHAP values mean the examined factor has increasing probability to cause ESMs 
to underestimate 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 , while negative SHAP values mean the opposite. White regions of the maps in subplots (b, d, and f) are 
those regions that were missing data from at least one of the random forest predictor data sets.
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et al., 2017). Furthermore, our findings support reports showing the overestimation of LE by ESMs, that has 
been demonstrated consistently across biome types in CMIP6, and has been associated with biases in LAI, a 
main driver of 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 (Yuan et al., 2022). Here we show that this overestimation occurs in particular during these 
moderately dry episodes.

When we extend this analysis to only focus on extremely dry time periods (SPEI ≤ −2 for a minimum of 3 months), 
we see that the strength of the relationship between 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 and these climactic variables weakens (Figures 3d–3f). The 
results for GPP are no longer statistically significant at a p-value < 0.05, and the relationships between 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 and Tair, 
as well as 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 and transpiration have lower R 2 values than for during moderately dry periods. This indicates that an 
ESM underestimation of 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 during extreme droughts leads to more variable responses across the ESMs. On one 
hand, an underestimation of 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 during a prolonged extreme drought could lead to the depletion of soil moisture 
supplies resulting in a greater risk of hydraulic failure for vegetation, potentially resulting in reduced GPP, lower 
transpiration rates, and higher temperatures. However, only several of the ESMs incorporate processes related to 
plant hydraulics (e.g., CESM2 and NorESM2 ESMs which incorporate CLM5 as their land surface model) (Kennedy 
et al., 2019). On the other hand, if soil moisture supplies do not become limiting and hydraulic conductance remains 
unaffected, then this would result in vegetation with lower 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 continuing to have greater GPP, greater transpiration 
rates, and lower  temperatures than those ESMs with greater 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 which has also been observed (Roman et al., 2015). 
In conclusion, this mixed response across ESMs is likely due to the variation in complexity of each ESM's land 
surface component (the resistance of different vegetation plant functional types to xylem embolism and whether i.e., 
represented), and how they represent the depletion of soil moisture. Additionally, less regions and time periods meet 
the extreme drought criteria (SPEI ≤ −2 for 3-month) across the ESMs, leading to a smaller sample size per ESM 
to average over, and a smaller range of values for 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 , which also likely contributes to lower R 2-values and higher 
p-values.

Figure 3. Relationships between unconstrained Earth System Model (ESM) 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 and environmental variables averaged over 
dry periods. The relationship between the mean unconstrained 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 per ESM and the difference between wet and moderately 
dry periods for GPP (a), Tair (b), and transpiration (c), as well as wet and extremely dry periods for GPP (d), Tair (e), and 
transpiration (f). Wet periods are defined as months when SPEI ≥ 1, while moderately dry periods are defined as months 
when SPEI ≤ −1, and extremely dry periods are defined by months when SPEI ≤ −2 for a minimum of 3-months. The 
linear relationships depicted in (a–c, e, and f) are significant at a p-value < 0.01. Each point represents the mean values for a 
particular ESM over the regions where ESMs are significantly (p-value < 0.05) underestimating 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 (see Figure 1). Data are 
confined to the growing season which is defined by the local monthly climatology of net radiation and Tair (see Materials 
and Methods). The diagonal red line in the scatter plots represents the best fit linear relationship based on ordinary least 
squares regression, while the gray diagonal lines represent the 95% confidence intervals. The thick red vertical line is the 
unconstrained ESM median and mean values for 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 , while the thick blue vertical line is the median and the thin blue line is 
the mean of 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 for the constrained ESMs (see Figure 1).
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The misrepresentation of 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 across ESMs also leads to inaccurate biosphere-atmosphere feedbacks, reducing 
the ability of ESMs to represent extreme events accurately. Biosphere-atmosphere interactions contribute to the 
persistence of droughts and heatwaves (Yin et  al.,  2014), because transpiration can be a moisture source for 
future rainfall events. In fact, it has been shown that in water-limited ecosystems sustained transpiration assists 
in supplying water for precipitation during dry periods (Miralles et al., 2016). Therefore, on one hand, if transpi-
ration is not reduced in ESMs as strongly as it should be during a moderate drought, the projected droughts and 
heatwaves may be shorter than would be expected in regions of strong biosphere-atmosphere feedbacks, due to 
the unrealistically sustained moisture source available for future rainfall events. On the other hand, if transpira-
tion is unrealistically sustained in ESMs during a strong drought, the projected droughts and heatwaves may be 
prolonged due to the impact of sustained transpiration on reducing surface soil moisture, ultimately leading to a 
reduction in latent heat flux. Thus, ESMs may not fully capture the extent of droughts and heatwaves due to this 
misrepresentation of the response of canopy conductance to moisture availability.

4. Conclusions
There are various reasons for why ESMs might underestimate both the local 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 as well as its spatial variability. 
First, it is well documented that LAI in ESMs is highly variable with ESM-to-ESM biases (Collier et al., 2018) 
and does not agree well with observation-based data sets, leading to higher or lower gc accordingly (e.g., an 
overestimation of LAI would likely lead to an overestimation of gc). Second, it has been shown that certain ESMs 
over-estimate the impact of LAI on vegetation conductance leading to the underestimation of the mean value of 
gc (Zhang et al., 2022). Meanwhile, ∼30% of the ESMs show no significant change in LAI during drought events 
compared to wetter than average periods using a paired sample t-test (p-value < 0.05), although loss of leaves 
and wilting are commonly observed for particular plant functional types in response to drought (Munné-Bosch & 
Alegre, 2004). This reduction in LAI observed in nature would lead to reduced gc during drought simply due to 
less leaves being present, and the absence of this response in ESMs would likely lead to gc being overestimated 
during drought. Third, the majority of ESMs do not account for xylem transport limitations or hydraulic transport 
processes (Y.-S. Lin et al., 2015), and these traits directly impact anisohydricity (Sperry & Love, 2015). Fourth, 
transpiration is underestimated for most ESMs, which translates to the effects of vegetation regulation on the 
surface energy balance being underestimated (Lian et al., 2018). Fifth, stomatal conductance is often represented 
empirically or semi-empirically in ESMs based on leaf level equations (e.g., the Ball-Berry-Leuning model, Ball 
et al., 1987; Dewar, 2002), with set parameterizations that are not able to account for the various water stress 
coping mechanisms that different types of vegetation employ. And while representations based on stomatal opti-
mization principles (the idea that plants optimize their carbon gain per a set amount of water lost) were developed 
several decades ago (Farquhar & Cowan, 1977), difficulties arose when defining the optimization criteria (Sperry 
et al., 2017). More recently, it has become increasingly commonplace to incorporate improved optimization based 
gc implementations in ESMs (e.g., the Medlyn model, Medlyn et al., 2011), but these approaches typically do not 
include mechanistic descriptions of soil moisture dependencies, and instead rely on poorly constrained empirical 
modifiers (Franks et al., 2017). While this variability between ESMs contributes to the overall ESM spread, these 
differences allow for the use of an emergent constraint for this application (Williamson et al., 2021).

It should also be noted that changes in factors other than gc, in response to water availability changes, could 
influence the results presented here. In particular, changes in aerodynamic conductance (ga) in response to water 
availability changes could affect the derived relationship between 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 and 𝐴𝐴 𝐴𝐴𝑚𝑚

𝐿𝐿𝐿𝐿𝐿𝐿−𝐿𝐿 𝑇𝑇𝑇𝑇𝑇𝑇
 . The formulation we used to 

calculate gc for this analysis is based on Fick's law (see Materials and Methods), and thus includes the effects 
of ga in its calculation. However, changes in gc during drought periods are dominated by the effects of stomatal 
closure in ESMs (Figures S6 and S7 in Supporting Information S1). This was verified using an inversion of the 
Penman-Monteith equation (Monteith, 1965; Penman, 1948) (see Materials and Methods), which allowed us to 
separately calculate gc and ga and then determine their sensitivities to moisture availability. The 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 calculated 
via the Penman-Monteith equation showed a strong relationship between it and 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 calculated via Fick's Law 
(an average RMSE across four ESMs of 3.78), and a much weaker relationship between 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 calculated via the 
Penman-Monteith equation and 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 calculated by Fick's Law (an average RMSE across four ESMs of 13.36).

Another potential cause of discrepancy between modeled and constrained 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 could stem from differences 
between ESM and observational LST measurements. Observational LST data is reflective of clear-sky condi-
tions, while ESM LST data is reflective of all-sky conditions. However, we confirmed that this difference in LST 
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measurements is largely not responsible for the underestimation of 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 (see Materials and Methods; Figure S10 in 
Supporting Information S1).

It should be noted that the constrained 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 presented here is also likely a conservative low-end estimate. The 
relationship between gc and water availability varies, and there tends to be a faster rate of change in gc when 
water supply or demand becomes limiting (Feldman et al., 2018; Green et al., 2019). Therefore, by using a linear 
simplification of 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 , the most extreme canopy conductance responses are likely underestimated.

In conclusion, our results provide the first observationally based estimate of global canopy conductance sensitiv-
ity to changes in moisture availability, establishing a new benchmark standard for CMIP6 ESMs. By developing 
a novel emergent constraint, we avoid the need for regional and global gc observations to evaluate ESM perfor-
mance for 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 . Our results underscore that CMIP6 ESMs underestimate 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 due to incorrect relative changes in gc 
that occur in response to drought. Our results emphasize the need to improve plant hydraulics, plant traits, and 
vegetation dynamics in ESMs for more precise projections of stomatal behavior and to improve the gc response 
to drought (Anderegg & Venturas, 2020; Harper et al., 2021; Kennedy et al., 2019). Because gc regulates carbon, 
water and energy fluxes, improving the representation of 𝐴𝐴 𝐴𝐴𝑚𝑚𝑔𝑔𝑔𝑔 in ESMs should advance their ability to repre-
sent climate extremes and carbon uptake accurately, which is increasingly important as both the intensity and 
frequency of climate extremes are expected to change in the coming decades.
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Data Availability Statement
The remote sensing, reanalysis, and ESM data used in this study are freely available from the following locations:

•  AIRS land surface temperature (AIRS Project,  2019): https://disc.gsfc.nasa.gov/datasets/AIRS3STM_7.0/
summary?keywords=airs%20version%207

•  CERES net radiation (Wielicki et al., 1996): https://ceres-tool.larc.nasa.gov/ord-tool/jsp/EBAF42Selection. jsp
•  CMIP6 historical simulations: https://esgf-node.llnl.gov/search/cmip6/
•  CRU precipitation, near surface air temperature, and potential evaporation (Harris et al., 2020): https://cata-

logue.ceda.ac.uk/uuid/c26a65020a5e4b80b20018f148556681
•  ERA5 near surface air temperature (Hersbach et  al.,  2023): https://cds.climate.copernicus.eu/cdsapp#!/

dataset/reanalysis-era5-single-levels-monthly-means?tab=overview
•  ETOPO5 elevation (Sloss,  1995): https://iridl.ldeo.columbia.edu/SOURCES/.NOAA/.NGDC/.ETOPO5/

datasetdatafiles.html?Set-Language=en
•  GHCN CAMS near surface air temperature (Fan & Van Den Dool, 2008): https://psl.noaa.gov/data/gridded/

data.ghcncams.html
•  Global mean leaf area index climatology, 1981–2015 (Mao & Yan,  2019): https://daac.ornl.gov/cgi-bin/

dsviewer.pl?ds_id=1653 JULY 8 2022
•  GPCC precipitation (Schneider et  al.,  2011): https://opendata.dwd.de/climate_environment/GPCC/

full_data_monthly_v2020/25/
•  GPCP precipitation (Pendergrass & NCAR,  2016): https://www.ncei.noaa.gov/data/

global-precipitation-climatology-project-gpcp-monthly/access/
•  MODIS 11 land surface temperature (Wan, 2019): https://lpdaac.usgs.gov/products/mod11c3v061/
•  MODIS 21 land surface temperature (Hulley, 2021): https://lpdaac.usgs.gov/products/myd21v061/
•  MODIS land cover type (Friedl & Sulla-Menashe, 2018): https://lpdaac.usgs.gov/products/mcd12c1v006/
•  Rooting depth (Stocker et al., 2021, 2023): https://doi.org/10.5281/zenodo.5515246
•  Temperature Standardized maximum carboxylation rate (Luo et al., 2021): https://zenodo.org/record/5090497#.

Y3fX4cfMKF4
•  WorldClim bioclimatic variables (Fick & Hijmans, 2017): https://www.worldclim.org/data/worldclim21.html

“CMIP6 model data produced by the Modeling Centers listed in Table S1 in Supporting Information  S1 is 
licensed under a Creative Commons Attribution-ShareAlike 4.0 International License (https://creativecommons.
org/licenses/). Consult https://pcmdi.llnl.gov/CMIP6/TermsOfUse for terms of use governing CMIP6 output, 
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including citation requirements and proper acknowledgment. Further information about this data, including some 
limitations, can be found via the further_info_url (recorded as a global attribute in this file). The data produc-
ers and data providers make no warranty, either express or implied, including, but not limited to, warranties of 
merchantability and fitness for a particular purpose. All liabilities arising from the supply of the information 
(including any liability arising in negligence) are excluded to the fullest extent permitted by law.”

The code and processed data to generate the main paper figures are provided here:
 https://doi.org/10.6084/m9.figshare.23849073 (Green, 2023a)
 https://doi.org/10.6084/m9.figshare.23849076 (Green, 2023b)
 https://doi.org/10.6084/m9.figshare.23849079 (Green, 2023c)
 https://doi.org/10.6084/m9.figshare.23849064.v2 (Green, 2023d)
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