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Abstract
The rising atmospheric CO2 concentration leads to a CO2 fertilization effect on plants—
that is, increased photosynthetic uptake of CO2 by leaves and enhanced water-use
efficiency (WUE). Yet, the resulting net impact of CO2 fertilization on plant growth
and soil moisture (SM) savings at large scale is poorly understood. Drylands provide
a natural experimental setting to detect the CO2 fertilization effect on plant growth
since foliage amount, plant water-use and photosynthesis are all tightly coupled in
water-limited ecosystems. A long-term change in the response of leaf area index
(LAI, a measure of foliage amount) to changes in SM is likely to stem from changing
water demand of primary productivity in water-limited ecosystems and is a proxy for
changes in WUE. Using 34-year satellite observations of LAI and SM over tropical and
subtropical drylands, we identify that a 1% increment in SM leads to 0.15% (±0.008,
95% confidence interval) and 0.51% (±0.01, 95% confidence interval) increments in
LAI during 1982‒1998 and 1999‒2015, respectively. The increasing response of LAI
to SM has contributed 7.2% (±3.0%, 95% confidence interval) to total dryland greening during 1999‒2015 compared to 1982‒1998. The increasing response of LAI to SM
is consistent with the CO2 fertilization effect on WUE in water-limited ecosystems, indicating that a given amount of SM has sustained greater amounts of photosynthetic
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foliage over time. The LAI responses to changes in SM from seven dynamic global
vegetation models are not always consistent with observations, highlighting the need
for improved process knowledge of terrestrial ecosystem responses to rising atmospheric CO2 concentration.
KEYWORDS

CO2 fertilization effect, dryland greening, dynamic global vegetation model, leaf area index,
satellite soil moisture, water-use efficiency

1

|

I NTRO D U C TI O N

and WUE concurrently with rising CO2 concentration, and a lower
confidence in our ability to directly attribute the relative changes in

Primary productivity in terrestrial ecosystems is highly dependent

carbon uptake, WUE and biomass production to rising CO2 concen-

on the atmospheric concentration of CO2. As the CO2 concentration

tration (Chen et al., 2019; Cheng et al., 2017; Donohue et al., 2013;

rises, leaf-scale photosynthesis increases, which, in turn, can lead

Los, 2013; Smith et al., 2016, 2020; Zhu et al., 2016).

to additional growth and storage of organic matter in leaves, stems,

Satellite greenness records capture both structural (i.e., leaf

roots and detritus (Prentice et al., 2001; Walker et al., 2021). In tan-

area index, LAI) and biochemical (e.g., foliage chlorophyll content)

dem, the amount of water needed to fix CO2 during photosynthe-

attributes that can be used as indicators of plant cover and growth.

sis is reduced under rising atmospheric CO2 concentration due to

Since vegetation density and soil water content are relatively low

the partial closure of the stomata limiting plant transpiration (Field

in drylands, satellite observations of both SM and vegetation activ-

et al., 1995; Keenan et al., 2013). This means the effect of CO2 fer-

ity have high retrieval accuracy (Gonsamo et al., 2019). The satellite

tilization on soil moisture (SM) savings is enhanced in areas where

observations show persistent greening of drylands since the 1980s

water availability limits photosynthesis because elevated CO2 leads

(Figure 1). Higher LAI under elevated CO2 implies an increase in pri-

to enhanced plant water-use efficiency (WUE). Consequently, the

mary productivity (McCarthy et al., 2006; Norby & Zak, 2011). An

soil water savings under elevated CO2 in water-limited ecosystems

open-top chamber field experiment with elevated CO2 combined

can support more plant growth. Nonetheless, quantifying large-

with warming and drying, analogous to dryland ecosystems, re-

scale ecosystem responses to increasing atmospheric CO2 based

vealed a tight coupling between LAI and SM (Dermody et al., 2007).

on sparse observations remains challenging due to complex non-

In parallel, plant transpiration in dryland ecosystems is strictly

linear interactions with climatic forcing and co-occurring nutrient

water limited and therefore controlled by SM (Dermody et al., 2007;

limitations.

Seneviratne et al., 2010). From these considerations and due to the

CO2 fertilization effects have been studied in field experiments,

influence of CO2 fertilization effect on WUE, an increase in magni-

dating back as early as the 1960s. These experiments provided

tude of LAI response to changes in SM may be expected in drylands

strong physiological evidence that CO2 enrichment increases plant

under elevated CO2. In other words, an equivalent increment in SM

growth on crop and horticultural plants under stable environmen-

may lead to a larger LAI increase under higher WUE due to decreas-

tal conditions (Wittwer & Robb, 1964). The advent of free-air CO2

ing transpiration per unit LAI with increasing CO2 concentration.

enrichment facilities significantly expanded the application of ma-

Drylands are dominated by responsive systems to CO2 fertilization

nipulative experiments with elevated CO2 to the ecosystem level,

(Wullschleger et al., 2002) such as herbaceous plants, shrubs and

including treed ecosystems (Hendrey et al., 1999; Norby & Zak,

small trees that largely rely on shallow zone SM and nutrients due to

2011). However, the effect of elevated CO2 on plant growth in treed

low rainfall intensity (Breman et al., 2001). Satellite observations of

ecosystems remains equivocal due to complex interactions with

surface SM in drylands capture both instantaneous and antecedent

forest age, climate, nutrient limitation and respiratory processes.

precipitation inputs because large fraction of precipitation remains

Efforts to study the magnitude of CO2 fertilization using carbon

in the surface SM for many days (McColl et al., 2017).

cycle models remain challenging due to a lack of understanding

To explore the effect of CO2 fertilization on WUE, we quantify

of co-occurring nutrient limitations (Piao et al., 2013; Smith et al.,

the response of LAI to interannual changes in SM (hereafter, δLAI/

2016), among other uncertainties. An earlier global study attributed

δSM) for 1982–2015 using growing-season satellite-based LAI (Zhu

40% of the satellite-observed greening trend for 1982–2006 to

et al., 2013) and microwave multi-satellite surface SM (~2–5 cm

CO2 fertilization (Los, 2013). A comparable study (Zhu et al., 2016)

depth) records (Dorigo et al., 2017). We also explore whether state-

that incorporated factorial simulations of multiple global ecosystem

of-the art dynamic global vegetation models (DGVMs; Le Quéré

models for 1982–2009 attributed 70% of the satellite-observed

et al., 2018) can capture the satellite observed changes in δLAI/δSM.

greening to CO2 fertilization. Recent findings (Chen et al., 2019) sug-

Two types of DGVM simulations are used to isolate the impact of

gest human land-use management as a dominant driver of Earth's

CO2 fertilization on δLAI/δSM from that of climate change, (1) simu-

greening. Previous satellite-based CO2 fertilization assessments re-

lation with varying atmospheric CO2 and fixed climate forcing and (2)

port a higher confidence in enhanced photosynthetic CO2 uptake

simulations with varying CO2 and climate forcing. The study is limited

|
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F I G U R E 1 Trends in growing-season satellite leaf area index (LAI), vegetation optical depth (VOD), precipitation, ecosystem water
demand (EWD) and soil moisture (SM) averaged at annual time scale for tropical and subtropical (35°S–35°N) drylands, that is, arid, semiarid
and dry subhumid. Trend slope line and p value are presented in each panel while (+) and (−) indicating statistically significant (p < 0.05)
increase and decrease, respectively, in the plotted variable. LAI time series from three data sources are plotted, namely, GIMMS LAI3g (Zhu
et al., 2013) for 1982–2016, LAIglass (Xiao et al., 2014) for 1982–2015 and MODIS Terra Collection 6 LAI (LAImodis; Myneni et al., 2015)
for 2001–2019. VOD time series is plotted for 1988–2016. VOD (Moesinger et al., 2020) is an independent measure of density, biomass
and water content of vegetation derived from space-borne microwave radiometers that record radiation emitted by the Earth's surface at
Ku-band. Surface SM from European Space Agency's Climate Change Initiative and root-zone SM from Global Land Evaporation Amsterdam
Model (GLEAM) are derived from satellite observations. GLEAM root-zone SM is obtained by combining satellite surface SM with climate
data and an empirical drainage model
to tropical and subtropical drylands (35°S–35°N) with the ratio of

effect (not through SM) of temperature or EWD on LAI. The aim of

precipitation (P) to potential evapotranspiration (P/PET) of 0.05–

our analysis is to determine temporal changes of δLAI/δSM during

0.65, excluding regions with more than 10% managed lands such as

1982–2015, and to relate observed changes to the CO2 fertilization

crop, urban and pasture lands derived from a 500 × 500 m resolution

effect on WUE through deductive analysis of growing-season LAI,

map. As declines in SM are often co-occurring with decreasing P,

SM, P, temperature and EWD. We also test other potential hypothe-

increasing air temperature, or increasing ecosystem water demand

ses, including changes in climate and vegetation structure to explain

(EWD = PET-P, i.e., the balance between water inputs and poten-

the temporal changes in δLAI/δSM during the study period.

tial evaporative demand) over time (Figure 1), direct climate impacts
on LAI make the interpretation of changes in δLAI/δSM challenging. Therefore, we calculated δLAI/δSM as the partial derivative of
LAI with respect to SM in a multiple regression of LAI against SM,
temperature and EWD for earliest and recent 17-year periods of the

2
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2.1 | Study area

satellite records, namely 1982–1998 and 1999–2015, and using different moving windows of 10, 15, and 20 years. The change in δLAI/

Our analysis focuses on tropical and subtropical (35°S–35°N) dry-

δSM therefore directly reflects a change in LAI response to inter-

lands where a ratio of precipitation (P) to PET ranges between

annual changes in SM, rather than a potentially confounding direct

0.05 and 0.65, which according to the UNEP definition include arid

4
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2.2.2 | Satellite SM data

(0.50–0.65 P/PET) lands (Figure 2). Areas with more than 10% managed lands such as crop, urban and pasture lands were excluded

Daily SM data were obtained from the European Space Agency's

based on the Moderate Resolution Imaging Spectroradiometer

Climate Change Initiative (ESA CCI) version 4.2 combined product,

(MODIS) 500 m 2016 land-cover data (MCD12Q1, V6).

which is a merged passive and active microwave estimate of daily
near-surface (~2–5 cm depth) SM content for 1982−2015 at 0.25°

2.2 | Data

spatial resolution (Gruber et al., 2019). The retrieval rate and accuracy of CCI SM are high in drylands (Dorigo et al., 2017) while
the data are either less reliable or not available in areas with high

2.2.1 | Satellite LAI data

vegetation density, frozen soil, snow cover and glaciers. Validation
of the earliest version CCI SM (version 0.1) against ground measure-

The global LAI data were obtained from the bi-weekly 8 km Global

ments resulted in root mean square error (RMSE) of <0.06 m3 m−3 in

Inventory Modeling and Mapping Studies third-generation product

semiarid areas in southeastern Australia (Albergel et al., 2013). To in-

(GIMMS LAI3 g) that are derived from surface reflectance obser-

crease the robustness of our findings, we also obtained the root-zone

vations from Advanced Very High-Resolution Radiometer (AVHRR;

SM data from Global Land Evaporation Amsterdam Model (GLEAM),

Zhu et al., 2013). LAI3g was generated using an artificial neural

version 3.3a at a spatial resolution of 0.25° for 1982−2018. The

network trained on the Collection 6 Terra MODIS LAI product and

GLEAM SM is calculated by combining multi-source precipitation

the latest version (third generation) GIMMS AVHRR normalized dif-

records, satellite-observed surface SM, VOD, snow-water equiva-

ference vegetation index (NDVI) data for overlapping period. The

lent and reanalysis air temperature and radiation with a simple em-

GIMMS NDVI was carefully corrected for sensor degradation, in-

pirical drainage algorithm to estimate surface and root-zone water

tersensor differences, cloud cover, solar zenith angle, viewing angle

content (Gonzalez Miralles et al., 2011; Martens et al., 2017). The

effects due to satellite drift and volcanic aerosols (Zhu et al., 2013).

GLEAM root-zone SM estimates were validated against 2325 global

LAI3g is proven to have an improved multi-sensor records harmoni-

SM measurements across a broad range of ecosystems, resulting in

zation scheme compared to other global LAI products (Forzieri et al.,

normalized RMSE of <0.06 m3 m−3 (Martens et al., 2017). Satellite

2017). Nevertheless, we compare the LAI3g results with the 8-day

observations of SM in drylands capture both instantaneous and an-

5 km Global LAnd Surface Satellite (GLASS) LAI (LAIglass) product,

tecedent precipitation inputs because a large fraction of precipita-

the latter compiled independently from AVHRR and MODIS satellite

tion remains in the surface SM for many days (McColl et al., 2017).

sensors (Xiao et al., 2014). Both satellite LAI products have been val-

Since vegetation density and soil water contents are low in drylands,

idated against field measurements over different biomes represent-

both satellite-based SM and LAI estimates have high retrieval accu-

ative of global vegetated land covers (Xiao et al., 2014; Zhu et al.,

racy (Gonsamo et al., 2019).

2013). We restrict our analysis to 1982‒2015 to coincide with the
availability of reliable satellite LAI data. We compared trends in dryland LAI from LAI3 g and LAIglass with LAI derived from collection

2.2.3 | Gridded monthly land climate data

6 MODIS Terra satellite (Myneni et al., 2015) and vegetation optical
depth (VOD; Moesinger et al., 2020) derived from multiple satellite

The monthly global minimum and maximum temperature, pre-

microwave radiometers (Figure 1). VOD (Moesinger et al., 2020) is

cipitation and PET data were obtained from the monthly grid-

an independent measure of density, biomass and water content of

ded high-resolution TerraClimate archive (Abatzoglou et al., 2018)

vegetation derived from space-borne microwave radiometers that

at 4 km × 4 km spatial resolution for 1982–2016. Monthly mean

record radiation emitted by the Earth's surface in Ku-band. Figure 1

temperature is calculated by averaging the monthly minimum and

shows the multiple lines of evidences for greening drylands.

maximum temperature. The high-resolution TerraClimate data are

F I G U R E 2 Spatial distribution of tropical and subtropical (35°S–35°N) drylands at 0.25° × 0.25° grid size excluding areas with more
than 10% managed land. The dryland is separated into three zones following a ratio of precipitation (P) to potential evapotranspiration
(PET) gradient to arid (0.05–0.20 P/PET), semiarid (0.20–0.50 P/PET) and dry subhumid (0.50–0.65 P/PET)

|
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used along with the satellite observations of LAI and SM. To analyze

first established an equilibrium state of carbon balance using a spin-

the DGVM outputs, we obtained the monthly global temperature,

up run, which is forced with the CO2 concentration of the year 1700,

precipitation and PET from the monthly gridded Climatic Research

recycling climate mean and variability from the early decades of the

Unit (CRU TS 4.01; Harris et al., 2014) archive at 0.5° × 0.5° spatial

twentieth century (i.e., 1901–1920) and holding land-use constant.

resolution for 1901–2016. EWD, defining water relations between
plants and climate as a balance between water input (precipitation)
and potential output (energy, temperature), was calculated as PET

2.3 | Methods

minus precipitation. Large, positive EWD values indicate extremely
dry while large negative values indicate extremely wet conditions.

The bi-weekly LAI and daily SM data were averaged to monthly data
using the values within each month. The LAI data are re-gridded
to 0.25° × 0.25° equal area grids by taking the average of all LAI

2.2.4 | DGVM data

values within each grid to match with the spatial resolution of the
SM data. All climate, SM and LAI data were aggregated to annual

We obtained modeled fractional vegetation cover, SM and LAI from

growing-season values using the mean values of the growing-season

the DGVM outputs that participated in TRENDY v7 (trends in net

months to remove the impacts of seasonal changes on the LAI and

land–atmosphere carbon exchanges) project (Le Quéré et al., 2018;

SM relationship. The growing season for each grid cell was defined

Sitch et al., 2015). Data from the TRENDY project are a result of

as months where monthly LAI values from the 34-year average cli-

global modeling and synthesis efforts by a consortium of DGVM

matology were greater than 0.2, meaning that the growing season

groups as a part of the Global Carbon Project. We excluded TRENDY

varies spatially but is fixed across the years. Grid cells with less than

models that do not provide monthly fractional vegetation cover, LAI

25 years of either SM or LAI data were removed from the analysis.

and SM, the latter for each soil layer separately for 1901–2016. The

A recent study suggested that woody vegetation foliage biomass

selected seven TRENDY models include, CLM5.0 (Oleson et al.,

increase in part of the Sahel is related to increased rains in early

2013), ISAM (Meiyappan et al., 2015), JSBACH (Mauritsen et al.,

and late growing season (Brandt et al., 2019). To complement our

2019), JULES (Clark et al., 2011), LPJ-GUESS (Smith et al., 2014),

analysis, we also extracted annually averaged early and late growing-

ORCHIDEE (Krinner et al., 2005) and ORCHIDEE-CNP (Goll et al.,

season precipitation (ELP) from months with LAI values above 0.2

2017). For models that simulate the total LAI of each plant functional

and below 50% of maximum monthly LAI. Therefore, ELP corre-

type (PFT), we sum LAI that belongs to natural vegetation in each

sponds to the total precipitation that occurs before and after the

grid cell. For models that provide fractional LAI per PFT, we extract

core growing season.

a weighted LAI only from natural vegetation using the fractional vegetation cover provided with the model simulations. For LPJ-GUESS

The response of LAI to interannual changes in SM (δLAI/δSM,
2

[m m−2]/[m3 m−3]) is calculated using annually averaged growing-

simulations, LAI of each year is obtained from the following year

season satellite-based LAI and microwave multi-satellite surface SM

because of 1-year lag between the photosynthetically fixed carbon

(~2–5 cm depth) records for 1982–2015 at annual time scale. δLAI/

and the carbon allocated to the yearly photosynthetic leaf biomass

δSM is calculated as the partial derivative of LAI with respect to inter-

in LPJ-GUESS simulations. The SM is extracted from the top layers

annual changes in SM using a multiple regression of LAI against SM,

that encompass the root-zone region ranging from 21.6 cm in ISAM

temperature and EWD for earliest and recent 17-year periods, namely

to 50 cm in LPJ-GUESS (Table S1). JSBACH has a spatially explicit

1982–1998 and 1999–2015, and different moving windows of 10, 15

mean root-zone depth for each grid cell and simulates the SM for

and 20 years for 1982–2015. Precipitation is excluded from the explan-

this root zone (Hagemann & Stacke, 2015) and therefore we use the

atory variables list after conducting variance inflation factor (VIF) anal-

simulated root-zone SM for JSBACH. All DGVMs that participated in

ysis. Using the full 34-year data, we obtained mean VIF < 1.5 for SM,

TRENDY v7 project provide SM estimates in kg m−2. We converted

temperature and EWD indicating that there is no covariation among

the DGVM root-zone SM estimate from kg m−2 to m3 m−3 to make it

the selected three predictors at annual time scale. To complement our

consistent with the satellite observations of SM using the assumed

analysis, we also calculated δLAI/δSM and δLAI/δPre, where Pre stands

rooting depth of each model, that is, the sum of the selected top soil

for precipitation, using a simple linear regression of LAI against SM and

layers depth or root-zone depth for JSBACH (Table S1) and assuming

LAI against precipitation, respectively. All datasets are detrended in

the density of water as 1 g cm−3. The DGVMs have different spatial

each calculation window. The calculation of δLAI/δSM using a partial

resolution, PFT definitions and C:N coupling mechanisms (Table S1).

derivative in a multiple regression is well justified to capture possible

All DGVMs in the TRENDY project were driven with common forc-

emerging first-order temporal changes in long-term satellite observa-

ing data including the CRU and Japanese Reanalysis climate data for

tions (Forzieri et al., 2017, 2020). This approach factors out the direct

simulations over the historical period (Le Quéré et al., 2018). We use

effects of temperature and EWD on LAI that are not mediated by SM,

two types of DGVM simulations: S1 that use varying atmospheric

and does not account for the possible covariation among predictors. To

CO2, fixed climate from 1901−1920, and fixed land use and land

complement the analysis, we also calculated δLAI/δSM using two dif-

cover from 1860; and S2 that use varying CO2 and climate with fixed

ferent satellite LAI data sources (i.e., LAI3g and LAIglass), and surface

land use and land cover from 1860. For each simulation, the DGVMs

SM from ESA CCI and root-zone SM from GLEAM. To compare the

6
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relative response of LAI to interannual changes in SM across different

the period 1982–2015, we test three mutually nonexclusive alter-

types of dryland zones, we calculated the percent response of LAI to

native hypotheses that may explain the changes in δLAI/δSM: (H1)

SM (δLAI/δSM, %/%) by normalizing the 34-year record of LAI and SM

long-term changes in climate; (H2) changes in rainfall seasonality

values between 0% and 100% for each pixels:

(Brandt et al., 2019) and (H3) changes in vegetation demographics
and structure. To test the three hypotheses, we analyze the dif-

Xi − Xmin
Yi ( % ) =
× 100,
Xmax − Xmin

(1)

ference of δLAI/δSM between 1999‒2015 and 1982‒1998 along
climatic gradients for H2, along the ratio of ELP to total growing-
season precipitation gradient for H3, and along tree cover change

where Yi is the annual LAI or SM in %, Xi is the annual LAI or SM in

for H3. Tree cover change data are derived from daily AVHRR ob-

native units, and Xmax and Xmin are the 34-year minimum and maximum

servations at 0.05° × 0.05° spatial resolution for 1982–2016 (Song

LAI or SM in native units for each pixel, respectively.

et al., 2018).

We calculate the p value of SM slope in multiple regression con-

We also calculate comparable δLAI/δSM response measure from

ducted to obtain the partial derivative of LAI with respect to interan-

DGVM outputs that participated in TRENDY v7 to assess whether or

nual changes in SM to test the null hypothesis that the SM slope is equal

not changes in WUE of dryland greening from satellite observations

to zero (no effect) at pixel level. The pixel level p values are integrated

are captured in model simulations. The seven DGVMs representing

into a single annual value for all study area or dryland zones following

the TRENDY data have different grid sizes ranging from 0.5° × 0.5°

Fisher's method of combining independent tests. Since the spatial LAI

to 2.0° × 2.0° (Table S1). Since all TRENDY DGVMs are forced by

and SM data are spatially autocorrelated, we select 500 random pixels

CRU and Japanese Reanalysis climate data, we use the CRU data to

to calculate Fisher's combined p value to keep the testing samples in-

define the tropical dryland study area at each model grid size. First,

dependent. We use the same procedure to calculate the combined p

we derive the ratio of precipitation to PET at original CRU grid size

value for δLAI/δSM obtained from a simple linear regression.

(i.e., 0.5° × 0.5°) using mean values obtained by averaging the entire

In our analysis, the changes in δLAI/δSM directly reflect the

1901–2016 series. Then we re-grid the ratio to each TRENDY model

changes in LAI response to interannual changes in SM, rather than

grid size. Finally, the ratio of precipitation to PET ranging between

a potentially confounding direct effect (not through SM) of climate

0.05 and 0.65 is used to define tropical and subtropical (35°S–35°N)

on LAI. δLAI/δSM is an effective proxy of WUE in water-limited eco-

drylands, the study area at each model grid size. We apply the same

systems of drylands for the following reasons: (1) Higher LAI under

approach as the satellite observational data on TRENDY outputs to

elevated CO2 implies an increase in primary productivity (McCarthy

derive δLAI/δSM as a partial derivative of LAI with respect to in-

et al., 2006; Norby & Zak, 2011). (2) An open-top chamber field ex-

terannual changes in SM in a multiple regression of LAI against SM,

periment with elevated CO2 combined with warming and drying,

temperature and EWD for earliest and recent 58-year periods at the

analogous to dryland ecosystems, indicated a tight coupling among

native grid resolutions of each model. δLAI/δSM is calculated for

LAI, plant water use and photosynthesis (Dermody et al., 2007). (3)

both S1 and S2 DGVM simulations to detangle the contributions of

Plant transpiration in dryland ecosystems is strictly water limited

CO2 fertilization and climate to changing δLAI/δSM. The growing-

and therefore controlled by SM (Dermody et al., 2007; Seneviratne

season P, temperature and EWD are obtained from the CRU data

et al., 2010). The enhanced WUE as expressed in increasing δLAI/

rather than the model outputs.

δSM is the result of reduced stomatal conductance and decreased
transpiration per unit leaf area. In water-limited ecosystems, the
increasing δLAI/δSM leads to soil water savings and consequent
increase in plant-available soil water that can support more plant
growth and greening. The contributions of changing LAI response to
SM (δLAISM ) to the long-term trend of LAI (δLAI) for recent (1999–

3
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3.1 | Satellite detection of changes in LAI response
to SM during 1982–2015

2015) and earliest (1982–1998) 17-year periods are calculated based
on the previously described approach (Forzieri et al., 2017, 2020) as

δLAI/δSM significantly (p < 0.05) increased from 0.36 ± 0.02

to 1.33 ± 0.03 m2 m−2/m3 m−3 in arid lands, from 0.59 ± 0.03 to

follows:

2.46 ± 0.05 m2 m−2/m3 m−3 in semiarid lands and from 0.47 ± 0.05
δLAISM ( % ) =

δSM(δLAI∕δSM)
× 100,
δLAI

(2)

to 2.40 ± 0.09 m2 m−2/m3 m−3 in dry subhumid lands from 1982‒
1998 to 1999‒2015 (Figure 3b; Table S2). This translates to, for 1%
increase in SM, LAI increased from 0.23 ± 0.01% to 0.58 ± 001%

where δSM and δLAI are the 17-year period trends of SM and LAI, re-

in arid lands, from 0.10 ± 0.01% to 0.47 ± 001% in semiarid lands

spectively. In Equation (2), δLAI/δSM is quantified as partial derivative

and from 0.06 ± 0.02% to 0.41±01% in dry subhumid lands from

by factoring out potentially confounding direct effects of temperature

1982‒1998 to 1999‒2015 (Figure 3c). The least proportional in-

and EWD. All variables are detrended for each period.

crease in δLAI/δSM occurred in dry subhumid lands, that is, LAI

Since there can be multiple causes that can contribute to

increased by 0.34 more percent points for 1% increase in SM

change in δLAI/δSM other than the CO2 fertilization effect over

during 1999‒2015 compared to 1982‒1998. Averaged for all

|
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F I G U R E 3 Changes in response of
leaf area index (LAI) to soil moisture
(SM) from satellite observations for arid,
semiarid and dry subhumid drylands.
δLAI/δSM is the partial derivative of
LAI with respect to SM in a multiple
regression of LAI against SM and climate
variables, and is calculated at the pixel
level. (a) Spatial difference calculated as
δLAI/δSM of 1999–2015 minus δLAI/
δSM of 1982–1998 in LAI and SM units,
(m2 m−2)/(m3 m−3). δLAI/δSM calculated
for the earliest (1982–1998) and recent
(1999–2015) 17-year period in LAI and
SM units (i.e., [m2 m−2]/[m3 m−3]; b), and
in relative LAI and SM units (i.e., [%/%]) in
(c). The bars in (b) and (c) show the mean
values of the entire spatial data and error
bars are 95% confidence intervals of the
mean

drylands, δLAI/δSM increased from 0.47 ± 0.04 (0.15 ± 0.01%/%)

regression model with low degree of freedom, we estimated δLAI/

compared to 1982‒1998.

ear regression and find consistently increasing δLAI/δSM (Figure S3)

to 1.93 ± 0.04 m2 m−2/m3 m−3 (0.51 ± 0.01%/%) during 1999‒2015

δSM and δLAI/δPre, where Pre is precipitation, using a simple lin-

The choice of the time period could affect the estimates of δLAI/

and δLAI/δPre (Figure S4) since the 1980s. The slope of δLAI/δSM

δSM changes; however, we found consistently increasing δLAI/δSM

(Figure S3) and δLAI/δPre (Figure S4) also remained significantly

since the 1980s from all three moving windows analyses (Figure 4).

positive (p < 0.05) in simple linear regression.

We also find a consistent increase in δLAI/δSM since the 1980s from

The increasing δLAI/δSM means a given amount of SM is progres-

alternative satellite LAI (Figure S1), and from alternative satellite

sively sustaining more foliage biomass over time, consistent with the

root-zone SM data (Figure S2), the latter obtained by combining the

CO2 fertilization effect on plant growth, leading to the question of

same satellite surface SM used in this study and climate data with a

what role, if any, does the increasing δLAI/δSM play in the long-term

simple empirical drainage model to estimate root-zone water con-

greening trends of drylands. We calculated the effects in greening

tent (Martens et al., 2017). We find negative or close to zero δLAI/

that are strictly attributable to enhanced WUE by combining δLAI/

δSM with low statistical significance in earlier periods of the satellite

δSM estimate with the long-term trends of LAI and SM for the two

data records (Figure 4; Figure S1) with 10-year moving window anal-

17-year periods independently. We found that the contribution of

ysis. To test whether or not this stems from artifacts in the multiple

increasing δLAI/δSM to the long-term greening increased from 6.5%

8
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F I G U R E 4 Changes in response of leaf
area index (LAI) to soil moisture (SM) from
satellite observations for arid (a), semiarid
(b) and dry subhumid (c) drylands. The
response of LAI to interannual changes
in SM (i.e., δLAI/δSM) is calculated with
10-, 15-and 20-year moving windows.
Years on the horizontal axis indicate the
central year of the moving window. δLAI/
δSM is the partial derivative of LAI with
respect to SM in a multiple regression
of LAI against SM and climate variables,
and is calculated at the pixel level. The
lines and shades in top panel show the
mean values of the entire spatial data and
95% confidence intervals of the mean,
respectively. Fisher's combined p values
for the δLAI/δSM slope estimate are
presented in bottom panels where a red
horizontal line indicates p = 0.05

3.2 | Potential alternative causes of changes in LAI
response to SM during 1982–2015
To test the proposed three potential hypotheses that may explain
the increasing δLAI/δSM, we analyze the difference of δLAI/δSM
between 1999‒2015 and 1982‒1998. First, climate warming may
contribute to δLAI/δSM changes as growing-season temperature
is increasing throughout the drylands (Figure S5). As severe decline
in SM over time is often occurring with decreasing water input or
increasing climatic water output, the long-term hydraulic deterioration and mass die-off of plants can also change the dynamics of
δLAI/δSM, although the role of interannual changes in temperature
and EWD are already accounted for in the δLAI/δSM calculation.
F I G U R E 5 The contribution of enhanced water-use efficiency
(WUE) to the long-term greening of drylands. The contribution
of enhanced WUE to greening is calculated by multiplying the
long-term trends of soil moisture (SM) with the response of leaf
area index (LAI) to interannual changes in SM (δLAI/δSM) for
recent (1999–2015) and earliest (1982–1998) 17-year periods. The
resulting values are then divided by total LAI trends in each 17-year
period to obtain the percent contributions. δLAI/δSM is quantified
as partial derivative by factoring out potentially confounding direct
effects of temperature and EWD. All datasets are detrended in
each calculation window. All calculations are conducted at the pixel
level. The bars show the mean values of the entire spatial data and
the error bars are 95% confidence intervals of the mean

We analyze the δLAI/δSM changes between the recent and earliest
17-year period across the 34-year climate trends, and find that the
increase in δLAI/δSM occurred across all temperature, precipitation,
EWD and SM trends (Figure 6). These results indicate that changes
in long-term trends in precipitation and evapotranspiration have not
contributed to the observed increases in δLAI/δSM.
Regarding the contribution of changes in rainfall seasonality to
the increasing δLAI/δSM, the second hypothesis, recent findings
(Brandt et al., 2019) suggested that on parts of the Sahel, areas with
an increase in LAI of woody plants coincided with areas with increasing early and late growing-season precipitation (ELP). The argument
is that annual herbaceous plants are vulnerable to dry spells, given
their shallow rooting depth while woody plants are able to make use
of sporadic ELP. In order to assess the contribution of increasing ELP

(±2.4%), 0.7% (±1.7%) and 0.6% (±1.9%) during 1982‒1998 to 8.8%

to δLAI/δSM change, we extracted precipitation from months with

(±3.0%), 12.2% (±4.9%) and 11.2% (±4.9%) during 1999‒2015 for

LAI values between 0.2% and 50% of maximum LAI, corresponding

arid, semiarid and dry subhumid drylands, respectively (Figure 5).

to precipitation before and after the core growing season, or ELP.
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(a) 36.1%

(b ) 31.4%

36.9%

9

20.3% Δ(δLAI /δSM)

δEWD*10

δLAI*1000

Δ(δLAI /δSM)

13.9%

9.1%

δSM*10,000

13.9%

51.4% Δ(δLAI /δSM)

18.5%

(d ) 5.3%

δSM*10,000

29.8%
33.9%

δELP*10

δPrecipitation*10

(c)

1.4%

δTemperature*100 38.0%

Δ(δLAI /δSM)

5.1%

δTemperature*100

55.7%

F I G U R E 6 Changes in response of leaf area index (LAI) to soil moisture (SM) along long-term climate trends for drylands. Differences
in response of LAI to interannual changes in SM (i.e., Δ[δLAI/δSM]), calculated as δLAI/δSM of 1999–2015 minus δLAI/δSM of 1982–1998,
plotted along the corresponding 34-year binned annual trend of SM (δSM, m3 m−3) and LAI (δLAI, m2 m−2; a), δSM (m3 m−3) and ecosystem
water demand (δEWD, mm month−1; b), temperature (δTemperature, °C) and precipitation (δPrecipitation, mm month−1; c), and temperature
(δTemperature, °C) and early and late season precipitation (δELP, mm year−1; d). The count indicates the total number of dryland pixels in
each binned category, and red labels indicate the percent fractions of the total dryland pixels that fall within each quadrant
We found a spatially sporadic increase in the ratio of ELP to total

increases in δLAI/δSM observed throughout the tropical and sub-

growing-season precipitation (Figure S6) consistent with the previous

tropical drylands (Figure 3a).

findings (Brandt et al., 2019) and inconsistent with the spatially widespread increase in δLAI/δSM observed in drylands (Figure 3a). We
also found no relationship between δLAI/δSM difference between
the two periods and the trend of the ratio of ELP to total growing-

3.3 | Changes in LAI response to SM during 1901–
2016 in DGVMs

season precipitation (Figure S7). More than 50% of δLAI/δSM increase in the recent period compared to the earliest 17-year period

We used the output from seven DGVMs to test whether the observed

occurred where the ratio of ELP to total growing-season precipitation

CO2 fertilization effect on WUE from satellite observations is cap-

is decreasing (Figure 7d). Nonetheless, the increasing contribution of

tured in simulated LAI and root-zone SM in drylands. We only consider

early and late season precipitation to the long-term increase in woody

LAI of natural vegetation excluding crops and pastures from all seven

plant LAI does not necessarily preclude δLAI/δSM increase.

DGVMs that simulate LAI and SM. Four models, namely ORCHIDEE,

Finally, the third attentive hypothesis for the possible causes

JSBACH, CLM5.0 and LPJ-GUESS show that CO2 fertilization increases

of the increasing δLAI/δSM in drylands are changes in vegetation

LAI response to interannual changes in SM both in earliest (1901–

demographics and structure, meaning changes in fraction of her-

1958) and recent (1969–2016) CO2 worlds (Figure 7), and for all three

baceous and woody plants. These could be caused by woody plant

dry land types (Figure S9). Only LPJ-GUESS show statistically signifi-

encroachment, or changes in grazing, browsing and disturbances.

cant (p < 0.05) increase in δLAI/δSM both from varying CO2 alone, and

Increased woody plant encroachment has been reported over semi-

varying CO2 and climate simulations from 1901‒1958 to 1959‒2016

arid areas during the satellite era (Brandt et al., 2019; Poulter et al.,

(Figure 8) consistent with the satellite observations. However, this in-

2014). Using a high spatial resolution long-term percent tree cover

crease from LPJ-GUESS is only observed in arid and semiarid drylands

change product (Song et al., 2018) in drylands, we found that the

not in dry subhumid zones (Figures S10 and S11). CLM5.0 also shows

increase in δLAI/δSM occurred both for increasing and decreasing

statistically significant (p < 0.05) increase in δLAI/δSM from varying CO2

tree cover areas (Figure S8). Changes in vegetation demographics

alone simulation from 1901‒1958 to 1959‒2016 (Figure 8; Table S3).

and structure can also be caused by local-scale grazing, browsing

All seven models show greening drylands with increasing LAI

and disturbances which are spatially inconsistent with widespread

(Figure S12) both from varying CO2 alone, and varying CO2 and
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F I G U R E 7 Changes in response of
leaf area index (LAI) to soil moisture (SM)
from seven dynamic global vegetation
models for drylands. The response of
LAI to interannual changes in root-zone
SM (i.e., δLAI/δSM [m2 m−2]/[m3 m−3])
is plotted for S2 simulations that are
forced with changing CO2 and climate
(S2 CO2+Climate), and S1 simulations
that are forced with changing CO2 alone
(S1 CO2 alone) during earliest (1901–
1958) in (a), and recent (1959–2016)
in (b) 58-year periods. δLAI/δSM from
models is estimated using root-zone SM
with varying soil depth (Table S1). δLAI/
δSM is the partial derivative of LAI with
respect to SM in a multiple regression of
LAI against SM and climate variables, and
is calculated at the pixel level. The bars
show the mean values of the entire spatial
data and error bars are 95% confidence
intervals of the mean

F I G U R E 8 Changes in response of leaf area index (LAI) to soil moisture (SM) from seven dynamic global vegetation models for drylands.
The response of LAI to interannual changes in root-zone SM (i.e., δLAI/δSM [m2 m−2]/[m3 m−3]) for earliest (1901–1958) and recent (1959–
2016) 58-year periods are plotted for S2 simulations that are forced with changing CO2 and climate in (a), and S1 simulations that are forced
with changing CO2 alone in (b). δLAI/δSM from models is estimated using root-zone SM with varying soil depth (Table S1). δLAI/δSM is the
partial derivative of LAI with respect to SM in a multiple regression of LAI against SM and climate variables, and is calculated at the pixel
level. The bars show the mean values of the entire spatial data and error bars are 95% confidence intervals of the mean
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climate simulations consistent with the satellite observations. Five out

deductive analysis of the growing-season LAI, SM, P, temperature

of the seven models, namely CLM5.0, ISAM, LPJ-GUESS, ORCHIDEE

and EWD. Our results support the hypothesis that a given amount of

and ORCHIDEE-CNP show no change in long-term trend of SM

SM sustains greater amounts of photosynthetic foliage over time in

(Figure S12) both from varying CO2 alone, and varying CO2 and cli-

water-limited ecosystems in response to increasing atmospheric CO2

mate simulations consistent with the satellite surface and root-zone

centration, consistent with the theoretical expectations and field

SM observations. All models, except ISAM show strong positive cor-

experiments. Greening associated with the CO2 fertilization effect

relation between simulated SM and LAI for both varying CO2 alone,

on photosynthetic uptake of CO2 increases the amount of transpir-

and varying CO2 and climate simulations (Figure S13). The discrep-

ing leaf area, and in principle total plant water consumption (Cheng

ancy of δLAI/δSM changes between the satellite observations and

et al., 2017; Ukkola et al., 2016); as a result, δLAI/δSM may decline or

DGVMs can be related to how well do DGVMs simulate SM and LAI.

become negative over time. However, if accompanied by an increase

We found a strong significant interannual correlation (p < 0.05) be-

in WUE, the CO2 fertilization effect may result in reduced stomatal

tween satellite-observed root-zone SM and simulated root-zone SM

conductance (Norby & Zak, 2011; Wullschleger et al., 2002) and de-

from varying CO2 and climate simulations, comparable simulation to

creased transpiration per unit leaf area; as a result, δLAI/δSM may

satellite observations, from all DGVMs (Figure S14a). However, LAI

progressively increase in water-limited ecosystems. Therefore, our

from DGVMs shows on average positive but statistically weak inter-

findings suggest that the dominant CO2 fertilization effect in dry-

annual relationship with satellite observations (Figure S14b).

lands is the enhanced WUE, consistent with experimental findings.
Plot and field experiments with elevated CO2 in dry environments in-

4
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DISCUSSION

dicated that the CO2 fertilization effect on WUE is mediated through
changes in LAI and SM (Dermody et al., 2007; Wullschleger et al.,
2002). These studies showed increasing LAI under elevated CO2 for

Multiple independent satellite data records and DGVM outputs all

stands with lower LAI (<3.5 m2 m−2; Norby & Zak, 2011), grasslands

show greening drylands in the absence of changes in SM or significant

(Wullschleger et al., 2002), and warmer and drier fields (Dermody

shifts in precipitation and ecosystem water input and output regimes

et al., 2007), all typical of dryland ecosystems and consistent with

(Figure 1; Figure S12). Satellite data records indicated an overall in-

our results that show increasing LAI over drylands from multiple

crease in photosynthetic foliage biomass that can be sustained per

satellite sensors (Figure 1). The elevated CO2 experiments in water-

unit volume of soil water content over time. As analyzed through δLAI/

limited ecosystems (Wullschleger et al., 2002), satellite data records

δSM, the proportional response of LAI to unit changes in SM gener-

(Figure 1) and DGVM model outputs (Figure S12) all show negligible

ally increases with increasing aridity both in earlier and recent 17-year

changes in SM despite increasing LAI, implying that the soil water

periods. This is expected as drier ecosystems are more sensitive to

savings from the enhanced WUE in water-limited ecosystems are

changes in SM than wetter ecosystems. This result suggest that δLAI/

spent to support more greening. This is supported by recent findings

δSM is a valid metric for water–plant relationship assessment in water-

from field experiment in xeric and mesic habitat species in Australia

limited ecosystems under different CO2 world. Although no difference

where elevated atmospheric CO2 is shown to benefit plants during

is detected in proportional change of δLAI/δSM from 1982–2015 to

drought by reducing stomatal conductance but the water savings are

1982–2015 between arid and semiarid ecosystems, the proportional

compensated by concurrent increase in leaf area (Jiang et al., 2021).

increase in δLAI/δSM was larger in both ecosystems than in dry sub-

Our analysis provides observational evidence for increasing re-

humid ecosystems (Figure 3). This is in line with the enhanced effect

sponse of foliage biomass to interannual changes in SM in drylands

of CO2 fertilization expected in areas where water availability limits

since the 1980s. Although the observed increase in LAI response to

photosynthesis because elevated CO2 leads to enhanced WUE and

SM is in expected direction of the CO2 fertilization effect on WUE,

soil water saving that can support more plant growth. EWD is at least

the change in magnitude between the earliest and recent period

twice the precipitation input during the growing season for both arid

is larger than expected. Several factors may contribute to the ob-

and semiarid drylands (Figure 1). Therefore, these ecosystems are al-

served large increase besides the short time period of the satellite

ways water limited and the proportional change in δLAI/δSM between

data record. The LAI time series are based upon multiple sensor

the recent and earlier period should be similar in both ecosystems.

systems as such the sensor shifts potentially can introduce uncer-

Since there can be multiple causes that can contribute to δLAI/

tainties and artifacts in the analysis. The moving window analysis

δSM change other than the CO2 fertilization effect over the period

and detrending the dataset in each successive window can partially

1982–2015, we tested three alternative hypotheses, namely, (H1)

compensate errors related to sensor shifts. However, errors related

long-term changes in climate; (H2) changes in rainfall seasonality and

to sensor shifts can still contribute to the observed large increase in

(H3) changes in vegetation demographics and structure, and found

LAI response to SM if sensors used for recent years are detecting

that none of them explain the observed increase in δLAI/δSM. To

LAI in areas with low vegetation cover better than older sensors due

attribute the increasing δLAI/δSM to the CO2 fertilization effect, we

to the progressively improving radiometric performances of newer

use δLAI/δSM calculated using a simple and multiple regressions with

sensors. It is likely that the progressively improving spectral config-

various sources of LAI and ecosystem water status, and relate the

urations and radiometric performance of the LAI and SM sensors

observed changes to the CO2 fertilization effect on WUE through

may strengthen the covariation between the two variables that can
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amplify the observed changes in LAI response to SM. Nonetheless,

fixed carbon to foliage biomass, varies among DGVMs may contrib-

the observed increases in LAI responses to root-zone SM and pre-

ute to the observed discrepancy of LAI response to SM. While we

cipitation are relatively smaller than the increase in LAI response to

are confident of the conclusion of our findings in water-limited eco-

surface SM (Figure S4; Table S2).

systems since satellite-based LAI and SM observations are of high

The observed increase in LAI response to SM is not directly at-

quality in drylands, future improvements in simulations of LAI and

tributable to trends in specific climate variables or vegetation struc-

SM will allow disentangling the distinct effect of CO2 fertilization on

tural changes, and is consistent with the CO2 fertilization effect on

photosynthetic uptake of CO2 by plant leaves and WUE.

WUE. The increase in WUE with rising atmospheric CO2 has long
been postulated to lead to increased leaf area in global drylands
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