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SUMMARY: The growing demand for water presents a significant sustainability challenge.
Understanding vegetation changes is crucial, as plants significantly influence water exchange
through transpiration. However, global climate models show considerable uncertainty in predicting
future vegetation trends ranging from —0.007 to 0.083 m? m decade™, impacting water management.
Here, we apply an emergent constraint method to reduce uncertainty in global vegetation projections
for the period 2015-2100 from CMIP6, focusing on the Leaf Area Index (LAI). Our approach
reduces uncertainty in global LAI projections by 37.7-53.1%. We find that this uncertainty is
primarily due to incomplete representations of the CO; fertilization effect. Our results also show that
models underestimate future LAI increases by 28.2-32.1%, leading to underestimated water loss
from increased transpiration. These findings improve predictions of future vegetation and
transpiration, providing valuable insights for policymakers to adjust water management strategies

and better prepare for water-related challenges.

KEYWORDS: Emergent constraint; Vegetation dynamics; Transpiration; Uncertainty reduction;

CO:;, fertilization effect;

INTRODUCTION

Vegetation plays a central role in regulating key Earth system processes, including carbon dynamics,
water cycling, and energy exchanges between the biosphere and atmosphere!. Recent increases in
global vegetation cover, often referred to as “greening”, have significant implications for terrestrial
water availability. As plants absorb water from the soil and release it through transpiration, they

influence regional and global water cycles. About 60—-65% of terrestrial precipitation is converted
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into evapotranspiration’, with transpiration accounting for 65% of this flux®. Given the vital role of
vegetation in these processes, the Leaf Area Index (LAI)—which measures the one-sided green leaf
area per unit ground area—becomes a key parameter in understanding water and energy dynamics’'°.

Accurate estimation of LAI is therefore critical for predicting changes in water availability and

informing water management strategies in a changing climate.

Current Earth System Models (ESMs) face considerable challenges in reliably predicting future LAI
changes!!. Such uncertainty is due to simplified formulations or incorrect parameterizations of
underlying biogeochemical processes and, arguably, the coarse spatial resolution of simulated LAI2,
It has already been reported that most of the earlier CMIP5 models overestimated background
global-averaged LAI 3. Although the CMIP6 simulations have improved global area-averaged LAI
time series in comparison to contemporary measurements and when compared with CMIP5
projections 3, they still display significant uncertainties. Critically, such uncertainties exist not only
in model projections of mean values but also in estimated trends in LAI. The dynamics of LAI have
a critical influence on vegetation growth 1415, the terrestrial carbon cycle %18, and land-atmosphere
feedbacks %2, Therefore, the large discrepancies in global LAI projections may severely limit our

understanding of future global water, carbon, and energy cycles.

The emergent constraint method is a relatively new technique to reduce the spread among ESM
projections (see background and method descriptions in Note S1) and has recently gained much
attention. The method exploits heuristic, and ideally physically explainable, inter-ESM empirical

relationships 222° between some feature of current climate ‘X’ and an aspect of future climate Y.
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The emergent constraint approach has reduced the uncertainty of model spread in the projections of a

broad range of climate attributes 2628,

Here we introduce an emergent relationship to constrain the predicted future global LAI trends for
the CMIP6 ensemble under four main future emission scenarios: SSP126, SSP245, SSP370 and
SSP585 (Table S1). To verify the emergent constraint, the emergent relationship is tested
out-of-sample by using models from the earlier CMIP5 ensemble (for the RCP45 and RCP85
emission scenarios, Table S2) and also using offline land surface models from the TRENDY-v9
ensemble (ensembles S1, S2 and S3, Table S3) 2, in this instance, comparing estimates for two
different historical periods. Given the strong connection between LAI and transpiration, we then
utilize the global LAI trends to adjust the predictions of transpiration. Our findings indicate that
incorporating this emergent relationship greatly reduces uncertainty in future LAI projections,
enhancing the accuracy of related transpiration estimates. These results have important implications
for understanding water availability and ecosystem responses to climate change, providing valuable

insights for policymakers in developing effective climate adaptation strategies.

RESULTS

Emergent constraint on future vegetation greening trend

The CMIP6 ensemble has a substantial inter-model spread in the projected long-term trend in
magnitude of LAI ranging from —0.007 to 0.083 m? m™ decade (Note S2): SSP126 (0.0068 +
0.0083 m? m™? decade™!), SSP245 (0.0153 + 0.0148 m? m™? decade™), SSP370 (0.0207 + 0.0215 m?

m™ decade™) and SSP585 (0.0296 + 0.0268 m?> m™ decade). To reduce the uncertainty, we fit a
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linear regression to the set of points that are inter-model variations in the estimates of historical
(1982-2014) and future (2015-2100) global greening trends (Figure 1A) and found a statistically
significant empirical relationship between them (Figure 1A). This relationship, which provides an
emergent constraint (See Methods), holds under all four emission scenarios of SSP126, SSP245,
SSP370 and SSP585 (Figure 1A and Figure S3, 0.85<r<0.96 across the four SSPs, p value<0.001).
This type of emergent constraint (i.e., based on projecting a variable onto itself) is particularly robust,
as it relies on the same physical mechanisms for both the predictor and the predictand, leading to a
very high correlation coefficient for the emergent relationships (Note S3). Given this statistically
significant relationship across the CMIP6 models, we can impose a constraint on future global
greening by using the CMIP6-based relationship and an observational estimate of global greening
trends for the recent historical period (from three observational datasets: Global Mapping LAI
(GLOBMAP v3)3°, Global Land Surface Satellite LAI (GLASS)?>! and Global Inventory Modeling
and Mapping Studies LAI4g (GIMMS LAI4g) *%). The hierarchical emergent constraint procedure
proposed by Bowman et al.**, which provides a robust approach for constraining future Earth system
projections (See Method), is applied to narrow the inter-model spread in expected future LAI trends.

This method enables us to account for the observational uncertainty across the three LAI datasets.

After applying the constraint, we found that the raw CMIP6 ensemble mean underestimates the
expected future global greening trends by 32.1%, 29.8%, 30.9% and 28.2% for the emission
scenarios SSP126 to SSP585, respectively (Figure 1B and Figure S3). Hence, we estimate that the
future global mean LAI trends are likely to reach higher values of 0.010 + 0.005 m? m™ decade’!

(SSP126, mean = one standard deviation), 0.022 = 0.007 m?> m decade™ (SSP245), 0.030 + 0.010 m?
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m decade™ (SSP370) and 0.041 = 0.013 m? m™ decade™ (SSP585). In addition to constraining mean
trends, these values also indicate that the emergent constraint narrows the span of the PDFs of the
constrained LAI. Such refinement lowers the uncertainty ranges of the future global greening trends
by 37.7-53.1% (Figure 1B and Figure S3). The aforementioned emergent constraints are minimally

affected by land cover changes (LCCs, Note S4).

Winkler et al.3* demonstrated that analysing different future time periods or different durations may
affect any emergent relationship. To assess emergent relationship sensitivity and to test the effects of
future time period length, we rebuilt emergent relationships between the historical LAI trend during
19822014 and the future LAI trend during periods of different duration. Specifically, we considered
future periods ranging from 30 years (2015-2044) to 86 years (2015-2100). We found that the
constrained LAI trends consistently reveal an underestimation of future global greening trends by the
CMIP6 models, irrespective of the duration of the future period considered (Figure S6). The
emergent relationships are significant for each time period length (#>0.89, Figure S7). In addition,
we employed a 30-year moving window analysis. Under the emission scenarios of SSP245, SSP370,
and SSP585, the correlation coefficients of the emergent relationships remain significant across
different moving time windows (p value < 0.01, Figure S8). The CMIP6 models consistently
underestimated the future global mean LAI trend across all moving time windows, and the
application of the emergent constraints substantially reduced uncertainty in each case. In contrast,
under the SSP126 scenario, the correlation coefficients of the emergent relationships became
non-significant after 2050 (Figure S8). This change occurs because, under the sustainable “green”

pathway of SSP126, atmospheric CO: trends peak after 2050 and subsequently decline. CO: acts as a
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key driver for LAI growth, and the shift in CO- dynamics after 2050 greatly alters this fertilization
effect, disrupting the physical mechanisms behind the emergent relationships. Comparing the results
over the full period of 2015-2100 with those from the shorter period of 2015-2050, we were pleased
to find that there is an improvement in the emergent relationships when using the shorter period of
2015-2050, with correlation coefficients increasing from 0.85 to 0.95 (Figure S9). Applying the
emergent constraint once again confirms that future LAI trends are indeed underestimated by the

CMIP6 models.

Confirming the robustness of the emergent constraints

Hall et al.>* and Williamson et al.*® suggest using out-of-sample testing to assess the robustness of
mechanisms underpinning an emergent constraint. We thus tested the same emergent constraint but
now for the earlier CMIP5 model ensemble. For the CMIP5-based calculations, we again found a
significant emergent relationship between the historical (1982—-2005) and the future (2015-2100
under RCP45 and RCP85) global LAI trends (Figure 1C and Figure S10, 0.69<r<0.83, p
value<0.001). Importantly, as in the case of the CMIP6 models, these emergent constraints illustrate
that the CMIP5 models also underestimated the future increasing rates of global LAI (by 14.8-17.2%,
depending on the RCPs, Figure 1D and Figure S10). The uncertainties of the future LAI trends are
also reduced by 14.4-21.6% in comparison with the original CMIP5 predictions. The constrained
results, therefore, remain broadly invariant between the CMIP5 (Figure 1D) and CMIP6 (Figure 1B)

ensembles, providing further support for the robustness of these results.

Most CMIP6 models have been developed based, to some extent, on their previous version in the
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CMIP5 ensemble, suggesting the two generations of ESMs are not entirely independent. Thus, we
further tested the emergent constraints by using an arguably more independent model ensemble,
TRENDY-v9. Such independence is due to this ensemble consisting of 15 terrestrial carbon cycle
models, two thirds of which are not used as the land component of CMIP6 ESMs. We found a nearly
linear emergent relationship between the “historical” (1982—2000) and the “pseudo future” (2001-
2019) global greening trends across the TRENDY-v9 models under all three numerical experiments
(0.97<r<0.98, Figure S11 and Note S5), again supporting the robustness of the emergent constraints.
After constraining by using observations during 1982-2000, the newly estimated global greening
trends under all three controlled experiments are much closer to the real rate of increase from the
observations during 2001-2019 (Figure S11), with the discrepancy between the simulations and the

observations reduced by 32.8-77.2%.

Applications of emergent constraints at regional scale

We explored our LAI-based emergent constraints for six continents and three main tropical regions,
henceforth referred to as the American rainforest, African rainforest and Asian-Australian rainforest.
Statistically significant emergent relationships between the past and the future greening trends under
the four emission scenarios from SSP126 to SSP585 were successfully established for all nine
sub-regions (0.55<r<0.98 across the nine sub-regions under four SSPs, p value<0.05, Figure 2 and
Figures S17-19). When combined with observational data, the constrained results indicate that the
raw CMIP6 predictions underestimate future land greening trends across all six continents and in the
three rainforest regions (Figure 2 and Figures S17-19). This highlights the need for more accurate

assessments of regional greening trends. This finding underscores the importance of refining climate



177

178

179

180

181

182

183

184

185

186

187

188

189

190

191

192

193

194

195

196

197

198

projections to better inform regional ecosystem management and adaptation strategies. The new
regional constrained estimates of future LAI trends for the SSP585 scenario are 0.036 + 0.021 m? m™
decade™ (mean + one standard deviation) for North America, 0.042 £+ 0.021 m? m* decade™ for
Europe, 0.041 + 0.013 m? m? decade™ for Asia, 0.032 + 0.025 m? m*2 decade™ for Africa, 0.031 +
0.020 m? m2 decade™ for South America, 0.022 + 0.017 m? m decade™ for Australia, 0.035 + 0.028
m? m2 decade™ for the American rainforest, 0.063 £ 0.047 m? m* decade™ for the African rainforest
and 0.057 + 0.030 m? m decade™ for the Asian-Australian rainforest (Table S4). As with the global
calculations, for all regional locations these emergent relationships also markedly reduce the
inter-model spread in greening trends by 7.4-65.8% (i.e., lower standard deviations), depending on

the SSPs and sub-regions.

Hydrological implications of global greening trends

The relationship between LAI and transpiration is closely intertwined. A higher LAI typically
indicates that plants can capture more light energy, enhancing photosynthetic efficiency, promoting
growth, and increasing transpiration capacity *’°. As LAI increases, there is often a corresponding
rise in the number of stomata and stomatal conductance, facilitating the evaporation of water from
the leaf interior into the atmosphere ***!. Additionally, a higher LAI demands more water from plants,
which can lead to water stress during drought conditions, impacting their physiological functions **.
Furthermore, LAI influences the surrounding microclimate by enhancing shading effects, which can

lower soil temperatures and transpiration rates %

. Consequently, uncertainties in LAI can
propagate to uncertainties in transpiration by affecting stomatal conductance, water demand,

photosynthetic efficiency, microclimate conditions, and ecosystem responses “°. The interactions
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among these factors may result in notable discrepancies in transpiration projections across different
ESMs. Hence, we sought to determine the implications of the underestimated global greening trends
for future global transpiration. If there is sufficient water availability in soils to meet the evaporative
demand of vegetation, transpiration can be expected to be controlled by the extent of vegetation leaf
area, thereby depending directly on LAIL We find substantial evidence of this suggestion when
studying the relationships between the historical global mean LAI trend and the future global mean
transpiration trend, as projected by CMIP6 models. However, this finding, as derived at the global
scale across the CMIP6 models, is only valid under the low and middle emission scenarios of

SSP126 (r=0.77, p value<0.01, Figure 3A) and SSP245 (r=0.76, p value<0.01, Figure 3B) ',

The significant emergent relationships under the SSP126 and SSP245 scenarios (Figure 3) explain
more than half of the variance of the global mean transpiration trends projections across the CMIP6
models. The remaining variance might be explained by stomatal behavior, canopy light use,
interception loss, and root water uptake processes that are not considered in the regression. By
combining the regression relationship with the observations, we estimate that the future trend of
global monthly transpiration increase during 2015-2100 is 0.0138 + 0.0077 mm month™! year!
(SSP126, Figure 3A) or 0.0136 £+ 0.0099 mm month™! year (SSP245, Figure 3B). Similar to LAI
trends, these trends in transpiration are higher than when considering the ESM simulations without
applying any constraint. Specifically, we estimate that future transpiration increases have been
underestimated by 24.6% and 31.1%, respectively, relative to the original CMIP6 predictions of
0.0104 + 0.0111 mm month™ year® (SSP126) and 0.0094 *+ 0.0141 mm month™ year? (SSP245).

This underestimation suggests that future increases in terrestrial water availability may be
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overestimated by 29.9% to 48.2%, highlighting the urgent need for a comprehensive assessment of
future climate change impacts on water resource management to prevent unsustainable water use.
Furthermore, the significant underestimation of the transpiration processes by the ESMs also implies
largely underestimated values of the future transpiration to evapotranspiration ratio, which have also
been identified in the CMIP5 models for the period of 1980-2005 by Lian et al.*®. Besides
constraining the mean future transpiration trend, the emergent constraint approach also lowers the
standard deviations by 29.6-30.8% (Figure S20) compared to the original CMIP6 outputs. The
substantially higher future rates of LAI-driven transpiration may indicate a raised risk of water

shortage in the future, due to related lower soil moisture content.

DISCUSSION

Verifying mechanisms underpinning emergent constraints

Accurate prediction of LAI is essential for understanding transpiration processes, which are a vital
component of the water cycle. Transpiration affects the availability of regional water resources by
transferring water moisture from the soil to the atmosphere. An elevated LAI can lead to excessive
extraction of soil moisture by plants to meet their transpiration needs, potentially threatening the
sustainability of regional water resources. Therefore, improving the accuracy of LAI predictions is
crucial, as it allows for more precise assessment and management of water resources, facilitating
effective utilization in agriculture, forestry, and urban planning. However, existing ESMs exhibit
significant uncertainty in forecasting changes in LAI. A major challenge stems from the unclear
mechanisms contributing to the uncertainties in future LAI trends predicted by the models, resulting

in a substantial knowledge gap. Understanding the mechanistic links that explain the emergent
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relationship between model diagnostics predicting historical quantity X and their future estimates of
quantity Y helps identify the underlying causes of uncertainty in LAI predictions. %. Here we start by
individually regressing the global mean LAI trend against the trend in (or the mean value of) global
water availability, nitrogen in soils, air temperature and length of the growing season across the
CMIP6 models. However, we find relatively weak linear correlations between these variables across
models and under all SSPs, for both past and future periods (—0.4<r<0.50, p value>0.01, Figure S21).
This suggests that these driving factors have relatively little influence on the LAI trend spread at the

global scale.

Increasing atmospheric CO> concentration enhances plant photosynthetic carbon fixation rates (this
is the CFE)“®, and this has been found to explain approximately 70% of the observed global greening
phenomenon, followed by nitrogen deposition (9%), climate change (8%) and land cover change
(4%) 3%, Thus, it can be assumed that models with different CFE may predict different future LAI
trends. To test this assumption, we estimated the sensitivity of LAI to climate variations by
performing a multi-linear regression of annual mean LAI anomalies with CO», air temperature and
precipitation (Note S6). We used the regression coefficients to estimate the effects of the physically
relevant driving factors on vegetation dynamics, which is an approach similar to previous studies >!*?
(Note S6). We found that the sensitivity of LAI to CO: has a nearly linear relationship with global
mean LAI trends across the CMIP6 models during both the past (1982-2014, »=0.88, Figure S21)
and future periods (2015-2100, 0.82<7<0.91 under the four SSPs). This indicates the dominant role

of CFE in driving the large inter-model spread in LAI trends across ESMs. As an additional test, we

also investigated model projections from the Coupled Climate Carbon Cycle Model Intercomparison
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Project (C4MIP) (Figure S22). The CAMIP runs provide separate radiatively and biogeochemically
coupled experiments, which enable us to separate and quantify the sensitivity of vegetation dynamics
to changes in atmospheric CO» concentration . We found a series of significant relationships
between future CFE and future global mean LAI trends across the CAMIP models (=0.84, Figure
S22). This indicates that the models with high CFE tend to predict a high future global mean LAI
trend, while the models with low CFE tend to have a low global mean LAI trend. Therefore, our

findings support the key role of CFE in driving LAI uncertainties, with a contributing of 71%.

Drivers of uncertainty in transpiration projections

In contrast to the strong correlations shown in Figure 3 under low emission scenarios, the
correlations of the emergent relationships between historical global mean LAI trends and future
global mean transpiration trends are weak for the higher emission scenarios of SSP370 and SSP585
(<0.28, Figure S23). A possible reason for these last two relationships being statistically
insignificant is that, although the vegetation leaf area is enhanced under the high emission scenarios
of SSP370 (0.030 m?> m™ decade™!) and SSP585 (0.041 m? m™ decade™), compared to SSP126 (0.010
m? m2decade!) and SSP245 (0.022 m? m™ decade™), the spatial extent of terrestrial drying (reduced
soil water content) is also enhanced by 30.2%. These high future soil water limitations occur over
more than half of the Earth’s land surface under the SSP370 and SSP585 scenarios **. Therefore,
although high increases in LAI are projected under SSP370 and SSP585, the lower soil water
availability offsets this increase and becomes a limitation to future transpiration. As such, LAI
changes may therefore contribute less to the inter-model spread of future transpiration changes under

the high emission scenarios (Figure S23). The uncertainty sensitivity analysis further demonstrates
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that uncertainty in future LAI trends significantly contributes to uncertainty in future transpiration
trends under the low and middle emission scenarios (Note S7). Conversely, under the high-emission
scenarios (SSP370 and SSP585), as soil moisture declines, its influence on transpiration becomes
more pronounced, with uncertainties in future surface soil moisture trends exerting a greater impact

on future transpiration uncertainties (Note S7).

Implications of underestimated vegetation on warming

In addition to transpiration, the overall land surface water and energy balance is also highly sensitive
to predicted LAI trends”>°¢, Recent studies have indicated that the global greening phenomenon has
slowed down the increase of the global mean land surface air temperature by 0.09 £ 0.02 °C since
1982 (i.e., 12% of global warming) *'. This slowdown is due to the cooling effects from the
increased evapotranspiration *°. Therefore, our discovered underestimate of future global vegetation
suggests that greening may play a stronger role in cooling the land surface air temperature than
hitherto expected. As a consequence, our work implies that future global warming trends might be
overestimated by the ESMs when aggregated globally. Indeed, a recent study indicates that the
CMIP6 models overestimate the future global mean air temperature increases in 2090 by 14-16%,
relative to 1995-2014 22, and we offer the possibility that this may be partially due to inaccuracies in
simulating LAI. A counterargument to this is that stomata closure in response to higher CO: levels
could limit transpiration and thus may offset some of the cooling due to higher LAI values 8. This
closure effect might be especially strong in temperate, boreal and tropical forests but less evident in

grasslands (see discussion in Note S8).
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In summary, our constraint provides a powerful benchmark to those responsible for enhancing
process representation in the land part of ESMs and in particular including components that influence
simulated LAI response to rising CO. levels. Such improvements may enable better simulations of
carbon allocation between different land carbon pools as the climate changes, as well as improved
depiction of terrestrial geochemical cycles that interact with the full global carbon cycle. Our second
constraint reveals that the underestimation of the greening trends implies that there may also be an
underestimation by the ESMs of increases in future water losses from the land to the atmosphere.
Higher water losses may exacerbate any future shortages of water resources. Lastly, we noted that
the predictive capability by any emergent constraint may diminish if key certain processes are not
accounted for in any ESM. This concern becomes particularly significant if such processes become
more important as climate change increases. One example is that very few land components of ESMs
describe drought impacts on vegetation mortality, which may become more important as global
warming increases. It is noteworthy that the emergent constraint method has inherent limitations.
While this approach seeks to enhance estimates of future Earth system dynamics, several factors can
influence the reliability of emergent constraint (Note S5). Observational uncertainties, incomplete
integration of land cover changes into ESMs, and significant fluctuations in global land surface
temperatures may impact the accuracy of the constrained results. Additionally, reliance on single
historical variables and the use of linear relationships may not adequately capture the complexities of
nonlinear interactions among multiple climate variables. Acknowledging these limitations can refine

the applicability and effectiveness of the emergent constraint approach.

Methods
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Selection of models and observational data sets

To build emergent relationships, we collected monthly LAI data from 18 models of the Coupled
Model Intercomparison Project Phase 6 (CMIP6) during the historical period (1982-2014) and the
future period (2015-2100) under the four Shared Socio-economic Pathways scenarios (SSP126,
SSP245, SSP370 and SSP585, and where additional to scenarios of future atmospheric
concentrations of greenhouse gas, they also provide pathways in atmospheric aerosols and notably
land-use changes). The Norwegian Earth System Models (NorESM2-LM and NorESM2-MM) and
the Community Earth System Models (CESM2 and CESM2-WACCM) are excluded from these 18
models because they predict unrealistic future tropical LAI increases >’ (Note S9). These models
share much of the same code and components, resulting in nearly identical land dynamics (Note S9).
To assess the robustness of our proposed emergent constraints, we also collected for analysis
historical and future outputs from 17 CMIP5 models under the emission scenarios of RCP45 and
RCP85. The monthly data from 15 terrestrial carbon cycle models of TRENDY -v9 during the period
1982-2019 was also used to test the emergent relationships. After identifying a series of emergent
relationships between past and future global mean LAI trends, we used the observed estimates of
global LAI trends from the remote sensing datasets to obtain the constrained future LAI trends
(GLOBMAP, GLASS and GIMMS LAI4g). Based on extensive validations for all biome types
against field measurements and other satellite products, it has been demonstrated that these datasets

provide a reliable estimate of global LAI trends with high quality and accuracy”>6%-¢!,

Hierarchical emergent constraint framework

Traditional emergent constraints proposed by Cox et al.?’ provide a quantitative, probabilistic
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framework for estimating equilibrium climate sensitivity based on observations and the current
climate. However, their formulation lacks an explicit consideration of observational uncertainty 2’.
The hierarchical emergent constraint framework provides a robust approach for constraining future
projections of Earth system features because it considers the correlation between present and future
Earth system features, the bias between observations and the model ensemble mean, and the
observation uncertainty **. This method inherently possesses recursive characteristics through the use

of conditional distributions, which encompass data assimilation techniques, such as Kalman filtering

33 62

These techniques are utilized in various forms within numerical weather prediction
Additionally, this approach has been applied in the realm of climate analysis, covering areas like
regional climate forecasting and the detection and attribution of climate change %% The
method requires data for a projected future Earth system variable (y), a simulated historical Earth
system variable (x) and an observed current Earth system variable (x,) *’. Least-squares linear
regression is applied to develop the emergent constraint relationship between x and y (equation (1))
23.

y=a(x-x)+y (M
where a is the regression coefficient, which can be calculated by using equation (2); ¥ and x are

the multi-model ensemble mean values of y and x, respectively.

a=p— @

X

Here, p is the correlation coefficient between y and x; g, and o, are the standard deviations of y and x,
respectively, across an ESM ensemble. The observed current Earth system variable x, is used to
constrain y, and thus we need to consider the uncertainty in the observations. Assuming that the

observation is related to the current Earth system variable through the additive-noise model under
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Gaussian assumptions, we use the signal-noise ratio (SNR) in the observed current Earth system

variable to correct the scaling factor a (equation (3)) 333,

. 1
a =————a 3
1+SNR™ )
The SNR defines the relative strength of the signal variability to the noise variability *, estimated by

using equation (4), where o2 and o2 are the variances across the models and across the different

observational datasets, respectively.

< N

o

SNR = (4)

oq,\, |

If the noise dominates the signal, the forecast anomaly will be close to 0. Conversely, if the signal
dominates the noise (i.e., SNR > 1), the correction in equation (3) has a slight influence, and thus the
constrained future Earth system variable y. with its variance can be estimated by equations (5) and

(6), respectively.

Sy (% -X) 5
yc_y 1+SNR_1 0 ()
2 ,02 2

-(1-—F
oy == m e (6)
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Data and Code availability

The observed LAI was obtained from three datasets: GLASS LAI
(http://www.geodata.cn/data/index.html?word=GLASS), GLOBMAP LAI
(https://zenodo.org/record/4700264+#.YeSxwStzy70) and GIMMS LAl4g
(https://zenodo.org/records/8035760). The observed air temperature and precipitation were provided
by the HadCRUT4 dataset (http://www.cru.uea.ac.uk/). Simulations from the CMIP6 models were

collected from https://esgf-node.lInl.gov/projects/cmip6/. Some models lack the rlilplfl output but
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https://tntcat.iiasa.ac.at/SspDb/dsd?Action=htmlpage&page=about. Simulations from the CMIP5
models were corrected from https://esgf-node.lInl.gov/projects/cmip5/. The TRENDY-v9 model
simulations under the three controlled experiments of S1, S2 and S3 can be obtained by contacting
Stephen Sitch (s.a.sitch@exeter.ac.uk) and Pierre Friedlingstein (p.friedlingstein@exeter.ac.uk). The
code for this study § available at
https://github.com/Yuanchail/Climate-projections-underestimate-future-global-land-greening-and-ter

restrial-water-losses.git.
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Figure 1. Emergent constraints on future global mean LAI trends. A and C, The emergent
relationships between the historical and future global mean LAI trends in the CMIP6 model
ensemble (1982-2014 and 2015-2100 under scenario SSP585) and in the CMIP5 ensemble (1982—
2005 and 2015-2100 under RCP45), respectively. The vertical green shadings in A and C are the
observed estimates of global LAI trends (mean + one standard deviation) based on the three
observational datasets. The horizontal orange shading indicates the new constrained estimates of
future global LAI trends (mean + one standard deviation) after application of the emergent constraint.
The light blue shadings are the error of the regression lines. B and D, The probability density
functions (PDFs) of the original ESM global greening trend projections (dashed light-blue line), and
of the updated global greening trend projections obtained by applying the observational constraint
(dashed orange line) to the CMIP6 and CMIP5 model ensembles, respectively. The horizontal
boxplots show the future global LAI trends (mean + one standard deviation).
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655
656  Figure 2. Emergent constraints on the future LAI trends in nine sub-regions of the global land surface for the CMIP6 models under the

657 SSP585 emission scenario. Presented are the emergent relationships between historical LAI trends (1982-2014, m?> m™ decade™) and future
658  LAI trends (2015-2100, m* m? decade™) in the nine sub-regions of North America (A), Europe (B), Asia (C), the Asian-Australian rainforest
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(D), the American rainforest (E), Australia (F), South America (G), Africa (H) and the African rainforest (I). The term “rainforest” is used to
refer to tropical regions with rainforest (rainforest regions overlap with the continent regions). Black and blue curves are the PDFs of the future
LAI trends before and after using the hierarchical emergent constraint procedure (HEC), respectively. Vertical green shadings are the observed
estimates of LAI trends (mean + one standard deviation) based on the three datasets. Horizontal orange shadings are the constrained future LAI
trend (mean + one standard deviation). Square markers are individual CMIP6 models. The central panel presents the geographical distributions
of the nine sub-regions.
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667  Figure 3. Implications of underestimated global land greening trends for future global mean
668  transpiration trends under the low and middle emission pathways associated with the SSP126
669 and SSP245 scenarios. The fitted line illustrates the emergent relationship between the historical
670  trends in global mean LAI (1982—-2014) and the future projected trends in global mean transpiration
671  (2015-2100) across the CMIP6 models. A and B, The relationships under the SSP126 and SSP245
672  emission scenarios, respectively. Each square represents a CMIP6 model. Vertical green shadings are
673  the observed global mean LAI trends (mean + one standard deviation). Box plots in each panel
674  indicate the mean value + one standard error of the original model predictions of future transpiration
675  trends (light-blue box plots) and of the constrained future transpiration trend (orange box plots).



