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A B S T R A C T   

Changes in soil moisture strongly affect vegetation growth, which may in turn feed back on soil moisture by 
directly affecting evapotranspiration and indirectly regulating precipitation. Previous studies often focused on 
the unidirectional effects of soil moisture on temporal vegetation dynamics, yet bidirectional dependencies have 
rarely been studied. Here we analyzed the bidirectional dependency between soil moisture and vegetation 
productivity during 2001–2020 at a global scale using the Granger causality, and revealed strong concurrent and 
lagged correlations between both variables in large areas globally. Bidirectional causality between soil moisture 
and vegetation productivity was identified over 66% of the vegetated land areas, while considering lagged effects 
and controlling for temperature and solar radiation. Unidirectional effects of vegetation productivity on soil 
moisture, and soil moisture on vegetation productivity, were observed for 22% and 12% of vegetated land areas, 
respectively. For areas characterized by uni- and bidirectional dependencies, 74% of the vegetation productivity 
and 48% of soil moisture could be explained by optimum lag models. Finally, we observed increases in both 
vegetation productivity and soil moisture in 44% of the vegetated land areas, yet 36% showed an increase in 
vegetation productivity but a decrease in soil moisture, indicating divergent responses between greening and 
water availability. Identification of areas showing Granger causality between soil moisture and vegetation 
productivity is important for our understanding of carbon-water interactions for terrestrial ecosystems under 
climate change and for improving sustainable management of ecosystem services linked to the carbon-water 
cycle.   

1. Introduction 

Soil moisture plays an important role in the exchange of water, en-
ergy, and carbon along the soil-vegetation-atmosphere continuum 
(Berdugo et al., 2020; Liu et al., 2020; Wang et al., 2017; Zhou et al., 
2021; Jung et al., 2010). Soil moisture is an indispensable indicator of 
ecological droughts that may cause widespread tree morality (Goulden 
and Bales, 2019; Allen et al., 2010) and threaten agricultural production 
(Madadgar et al., 2017; Rigden et al., 2020). Feedbacks between soil 
moisture and atmosphere are suggested to dominate the land carbon 
sink (Humphrey et al., 2021; Green et al., 2019). Biophyscial feedbacks 
on soil moisture and climate (temperature and precipitation) can also be 
caused by vegetation growth at different spatial scales, as for example 
the global “greening” and large afforestation projects (Zhu et al., 2016; 

Bastin et al., 2019; Zeng et al., 2017; Li et al., 2018b; Lian et al., 2020, 
2020). In particular, forestation in water-limited areas potentially de-
pletes soil moisture due to the increased demand of evapotranspiration 
(ET) (Jung et al., 2010; Aragão, 2012; Jasechko et al., 2013; Seneviratne 
et al., 2010; Li et al., 2018b). Interactions between vegetation produc-
tivity and soil moisture thus regulate hydrological processes and the 
structure and functioning of terrestrial ecosystems (Seneviratne et al., 
2010; D’Odorico et al., 2007; Bonan, 2008). Aiming at a sustainable 
balance between vegetation growth and water resources, such in-
teractions need to be considered when making changes to either vege-
tation (via e.g., greening, afforestation, ecological restoration) or soil 
moisture (use of the water resource) of an area. However, previous 
studies mostly focused on either the responses or the feedbacks (i.e., 
unidirectional effects) of vegetation growth to hydrological processes, 
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overlooking the bidirectional effects (Lian et al., 2020; Li et al., 2018b; 
Zhao, 2021). 

Satellite observations have revealed a globally increasing vegetation 
productivity over past decades, a phenomenon also termed ‘greening 
Earth’, which has been attributed to several factors such as land man-
agement, climate change, as well as elevated atmospheric CO2 concen-
tration, nitrogen deposition, and water availability (Zhu et al., 2016; 
Forkel et al., 2015; Wang et al., 2017). The greening Earth benefits a 
variety of ecosystem services, such as water purification, soil retention, 
and carbon sequestration, which contribute to both climate change 
mitigation and human wellbeing (Zeng et al., 2017). However, vegeta-
tion growth goes hand in hand with an increased demand for water 
resources, thus causing a potential tradeoff between carbon sequestra-
tion and water yield, particularly for water-limited ecosystems. For 
example, increased vegetation growth depletes soil moisture in arid and 
semi-arid areas (Deng et al., 2020), and the large-scale afforestation in 
the Loess Plateau and karst area of China has shown to challenge the 
sustainable use of water resources in these regions (Feng et al., 2016; 
Tong et al., 2018; Zhao et al., 2021). This is important, because fores-
tation programs often have a unique focus on carbon sequestration in 
attempting to mitigate climate change without much focus on the po-
tential adverse consequences related to water consumption. Moreover, 
the potential lagged effects of vegetation growth responding to soil 
moisture or vegetation impacting on soil moisture should be considered 
when accurate assessing the interactions between soil moisture and 
vegetation productivity (Kong et al., 2020; Lian et al., 2020). Conse-
quently, an in-depth understanding of bidirectional dependencies be-
tween soil moisture and vegetation productivity is pivotal for our 
understanding of how to optimally design and manage ecological en-
gineering projects, securing a balance between carbon sequestration and 
pressure on water resources. 

This study aims to understand the bidirectional dependency of soil 
moisture-vegetation interactions at global scale, taking into account 
concurrent and lagged effects. Here, we use a series of statistical tech-
niques to analyze the interaction between soil moisture and vegetation 
productivity using long-term (2001–2020) satellite observations of 
solar-induced chlorophyll fluorescence (SIF), a proxy for photosynthetic 
activity highly related to GPP (Li and Xiao, 2019; Li et al., 2018a), and 
satellite- and reanalysis-data based soil moisture (GLEAM v3.2a) ob-
servations. The main research steps involve: (1) determining the 
strength of the relationship between soil moisture and SIF by identifying 
and including short-term legacy effects, (2) modeling bidirectional de-
pendency of soil moisture and SIF using Granger causality method, 
controlling for the coevolving variables of temperature and solar radi-
ation, (3) assessing the strengths of soil moisture or SIF being explained 
in areas with directional dependency, and (4) assessing long-term 
changes in both soil moisture and SIF for 2001–2020. 

2. Materials and methods 

2.1. Data collection 

2.1.1. SIF 
We used monthly SIF data generated by a data-driven model using 

multiple data sources including discrete SIF observations from NASA’s 
Orbiting Carbon Observatory-2 (OCO-2), albedo and MODIS based land 
cover as well as the climatic reanalysis data from Modern-Era Retro-
spective analysis for Research and Applications (MERRA) (Li and Xiao, 
2019; Gelaro et al., 2017; Schaaf and Wang, 2015). It should be noted 
that the discrete OCO-2 SIF observations are available for the period of 
2015–2017 and are used to train models with inputs of EVI, PAR, vapor 
pressure deficit and temperature to develop a new global OCO-2 SIF 
dataset (GOSIF). The GOSIF are provided in a spatial resolution of 0.05◦

from 2000 to 2020. The applied SIF data are highly correlated with gross 
primary productivity (GPP) from eddy covariance flux towers across 
different biomes (R2 = 0.73, P<0.001), showing a high potential for 

monitoring terrestrial photosynthesis and ecosystem functions (Li and 
Xiao, 2019; Li et al., 2018a). The SIF data were spatially averaged to 
0.25◦and used in this study. ESA CCI land cover data (2015) were used 
to mask out areas with sparse or no vegetation cover, water body and 
built-area. 

2.1.2. Soil moisture 
We used monthly root-zone soil moisture data from the Global Land 

Evaporation Amsterdam Model version 3 (GLEAM-v3) dataset produced 
with a spatial resolution of 0.25◦ and temporal coverage of 1980–2020 
(Martens et al., 2017). The GLEAM-v3 fully assimilates reanalysis-based 
temperature and radiation and microwave observed top-layer soil 
moisture from European Space Agency-Climate Change Initiative 
(ESA-CCI) data, L-band vegetation optical depth (VOD), and snow water 
equivalents from different satellite sensors and also uses multisource 
precipitation forcing (Martens et al., 2017). The soil moisture data are 
largely consistent with in situ measurements from 64 eddy covariance 
towers and 2338 soil moisture sensors across a broad range of ecosys-
tems (Martens et al., 2017). 

2.1.3. Temperature and solar radiation 
Monthly temperature data at a spatial resolution of 0.5◦ are collected 

from the Climate Research Unit CRU TS 4.03, University of East Anglia 
(Harris et al., 2020). The data are generated by upscaling rain gage 
observations. We resampled the data to 0.25◦ resolution using bilinear 
interpolation approach, and used monthly data from 2001 to 2020 for 
this study. The data of net solar radiation are download from European 
centre for Medium-Range Weather Forecasts (ECMWF) Reanalysis 
(ERA5) (Hersbach et al., 2019), which is the fifth generation ECMWF 
reanalysis data for the global climate and weather replacing the 
ERA-Interim reanalysis. 

2.2. Data analyses 

2.2.1. Correlation analysis to assess soil moisture-SIF relationships 
The concurrent interactions between soil moisture and SIF were 

analyzed based on the monthly SIF and soil moisture data during 
2001–2020 with the long-term mean seasonal cycle removed, using 
Spearman partial correlation analysis controlling for temperature and 
solar radiation. The significance of the correlations was estimated using 
a two-tailed t test at the 95% significance level. The legacy effects be-
tween deseasonalized soil moisture and SIF were examined using 
Spearman partial correlation analysis at monthly time steps, with air 
temperature and solar radiation controlled for. For consistency, the 
long-term mean seasonal cycle was removed from the air temperature 
and solar radiation. The time lag between SIF and soil moisture was 
implemented by shifting the SIF time series to precede the soil moisture 
time series (and vice versa) for the time lag to obtain the effects that 
vegetation exerts on subsequent soil moisture (and vice versa). Here, 
zero to six-month lags were considered accounting for short to medium- 
term lag effects (Chen et al., 2014). We aggregated the times of signif-
icant correlations between soil moisture and SIF lagged in time (and vice 
versa) to infer the duration of legacy effects. 

2.2.2. Granger causality analysis 
A Granger causality statistical technique was applied to analyze the 

bidirectional dependency between the monthly dynamics in soil mois-
ture and SIF using a Vector AutoRegressive model (VAR) (Sugihara 
et al., 2012). Granger causality has been widely used to detect empirical 
causal relationships between the biosphere and the atmosphere (Green 
et al., 2017; Papagiannopoulou et al., 2017), and within analysis of 
complex ecosystems (Sugihara et al., 2012). The Granger causality 
analysis does not only explore the interrelationship between variables 
but also considers changes in the variable itself, thereby avoiding a 
pseudo-correlation existing between variables. Granger causality is 
defined as follows: for two time series x and y, if the prediction effect of 

W. Zhang et al.                                                                                                                                                                                                                                  



Agricultural and Forest Meteorology 313 (2022) 108735

3

variable y improves upon including the past information of variable x (as 
opposed to only using the past information of y), then the variable x is 
considered to be the Granger cause of the variable y, (i.e., the variable x 
contributes to predicting the conditional distribution of the variable y) 
(Sugihara et al., 2012). Therefore, two linear regression models were 
fitted; one by including only the past information from y and the other 
regression model by additionally including past information from x. A 
sample of the VAR model to explain the variability of SIF is shown as 
follows: 

SIFt =
∑k

i =1
(βiSIFt− i + γiTt− 1 + δiSRt− 1 ) + ε1 (1)  

SIFt|SM =
∑k

i =1
(αiSIFt− i + βiSMt− i + γiTt− 1 + δiSRt− 1 ) + ε1 (2) 

Where k is the maximum lag order of 6 months, αi, βi, γi and δi are the 
regression coefficients and ε1 is the error term. T and SR denote tem-
perature and solar radiation, respectively. SM denotes soil moisture. 

An F-test was used to determine whether the estimates of Eq. (2) 
were statistically different from the estimates of Eq. (1). If significant (P 
<0.05) information is gained, the null-hypothesis (no Granger causality) 
can be rejected, and soil moisture is declared the Grange cause of SIF. 
Furthermore, if the prediction of SIF is improved by including past in-
formation of soil moisture, but the prediction of soil moisture did not 
improve by including past information of SIF, then soil moisture is 
considered to be the unidirectional Granger cause for the SIF. The opposite 
condition indicates that the SIF is the unidirectional Granger cause of 
soil moisture. If predictions improve in both directions, it is said that 
there is a bidirectional causality between SIF and soil moisture. However, 
this regression-based method cannot identify the underlying mechanism 
for the interactions between soil moisture and SIF, which are likely a 
complex process involving e.g., photosynthesis, evapotranspiration, 
precipitation, runoff and other ecohydrological variables. Moreover, 
temperature (T) and solar radiation (SR) were included in the VAR 
model in order to account for climate controls. Per-pixel averaged sea-
sonality was removed from all time series variables (i.e., SIF, soil 
moisture, temperature and solar radiation) to ensure stationary over 
time when implementing the VAR model (Box et al., 2015). 

The Akaike information criterion (AIC) was used to determine the 
best VAR model order at pixel level, with a maximum constraint of 6 
(months). It is hypothesized that the selected best model order will 
inform on the memory of soil moisture - vegetation interactions. For 
instance, a model order of 1 corresponds to a short memory (1 month) in 
the interactions and 6 corresponds to a long memory (6 months). 

2.2.3. Multiple regression analysis 
To further understand the dependencies of antecedent SIF on soil 

moisture, we established multiple regression models between the 
response variable (soil moisture) and explanatory lagged variables (i.e., 
SIF, temperature and solar radiation including their optimal lag orders 
included) to derive the model’s total explanatory power, which is rep-
resented by the coefficient of determination (R2). SIF was used as the 
response variable when assessing the explanation of antecedent soil 
moisture on SIF. 

2.2.4. Trend analysis 
The Theil-Sen slope and Mann-Kendall test were used to quantify 

trends and their significance (P<0.05) in annual growing season soil 
moisture and SIF time series for 2001–2020 at biome and pixel levels (no 
significant tests were implemented at a pixel level). The monthly soil 
moisture and SIF values with monthly mean temperatures higher than 
0 ◦C were used to calculate the growing season soil moisture and SIF 
(Jiang et al., 2017). We used CRU TS 4.03 temperature data to calculate 
multiyear (2001–2020) averaged monthly mean temperatures to ensure 
that the land mask used throughout the entire period has the same 

growing season. 

3. Results 

3.1. Coupling between soil moisture and SIF 

We observed a strong coupling between soil moisture and SIF glob-
ally, with significant positive concurrent correlations dominating all 
biomes except for the polar biome (Fig. 1a; see Fig. S1 for the map of 
delineation of global biomes, i.e., tropical, arid, temperate, boreal and 
polar biomes using the Köppen climate classification). Specifically, sig-
nificant (P<0.05) positive correlations between soil moisture and SIF 
account for 88% of vegetated land areas, while significant negative 
correlations account for 12%. The biomes of arid, temperate, tropical 
lands show high proportions of positive correlations (99%, 97%, 91%), 
followed by the boreal biome (71%), whereas negative correlations are 
found to dominate in the polar biome (55%). 

Furthermore, correlations between soil moisture and SIF were 
detected at time-lagged steps from 1 to 6 months. We tested the corre-
lations with soil moisture lagged in time (Fig. 1b), and also with SIF 
being lagged in time (Fig. 1c) to infer the potential duration of lagged 
effects on each other. For both analyses, we found that more than 80% of 
global vegetated land areas are characterized by significantly lagged 
correlations (P<0.05) between soil moisture and SIF for at least 2 out of 
the 6 tested time lags (Fig. 1b, c). The significant correlations with 1 
month time lag account for a relatively high proportion of the polar 
biome, whereas a high proportion of the arid biome is found to have up 
to 6-month of legacy effects between SIF and soil moisture lagged in 
time. The areas with significant positive correlations decrease with a 
time lag increasing in either soil moisture or SIF (Fig. 2). In contrast, 
areas with significant negative correlations are found to increase with an 
increasing time lag in mostly biomes. Only for boreal and polar biomes, 
a decrease in areas with SIF lagged in time are observed. The spatial 
distribution of the cross-correlations between variables for each lag time 
(1–6 months) are shown in Figs. S2 and 3. Additionally, the maximum 
cross-correlations and their corresponding lag time (month) are shown 
in Fig. S4, from where it is obvious that the maximum correlations are 
identified at 1-month lags globally. 

3.2. Granger causality between soil moisture and SIF 

The Granger causality models were built to deepen our under-
standing of the interactions between soil moisture and SIF. Models up to 
a 3rd order were selected as best models for more than 85% of the 
vegetated land (Fig. S5), the remaining being characterized by higher 
order models (i.e., 4–6 lags). At global scale, a bidirectional dependency 
between soil moisture and SIF was found for 66% of all vegetated land 
areas (Fig. 3). This reflects that soil moisture impacts short-term vege-
tation growth while being impacted by antecedent vegetation condi-
tions. Unidirectional dependency of SIF to antecedent soil moisture 
conditions was observed over 12% of the vegetated land, whereas uni-
directional dependency of soil moisture to antecedent SIF condition 
characterized the remaining 22% of vegetated land areas. 

More specifically, bidirectional dependency between soil moisture 
and SIF was dominating in the tropical (61%), arid (74%), temperate 
(80%) and boreal (63%) biomes, whereas a unidirectional dependency 
between variables in the polar biome was found to account for 41% 
representing nearly the same share as the bidirectional dependency 
(44%). A unidirectional dependency between variables was found to 
account for small areas except for in the polar biome, however, the 
unidirectional impact of SIF on soil moisture is predominant at the 
global scale, and particularly widespread in boreal and polar biomes. At 
the same time, the soil moisture unidirectional impact on SIF dominates 
in the arid biome. 
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3.3. Impacts of antecedent soil moisture or SIF 

We used a multiple linear regression model to quantify the degree to 
which antecedent SIF explains variations in soil moisture and vice versa 
across the regions where a Granger causality between soil moisture and 
SIF (both bidirectional and unidirectional dependencies) was found. For 
global vegetated land areas, the models that consider the effects of soil 
moisture (i.e., SM←→SIF and SM→SIF) with the optimal lags explain 
more than 74% of the total variations in SIF on average, with specific 
explanatory power ranging between 62% and 81% among biomes 
(Fig. 4a). Similarly, the models where SIF has a Granger causality on soil 
moisture (SM←→SIF and SIF→SM) explain 48% of the soil moisture 
variance at the global scale, with a highest explanatory power of 70% 
observed in the tropical biome and a lowest explanatory power of 34% 

observed in the boreal biome (Fig. 4b). 

3.4. Annual trends of soil moisture and SIF 

We further examined the interactions between SIF and soil moisture 
in different biomes. The bidirectional Granger causality between SIF and 
soil moisture prevailed in tropical, arid, temperate and boreal biomes, 
whereas a unidirectional Granger causality of SIF on soil moisture pre-
vailed in polar biomes (Fig. 3). We observed a distinct increase in SIF 
between 2001 and 2020 globally and across all biomes. In contrast, most 
of the observed trends in soil moisture are not significant at global scale 
and at biome level, except in boreal ecosystems which show a signifi-
cantly increasing trend (Fig. 5). Globally, 44% of the vegetated land 
areas showed increasing trends in both SIF and soil moisture, and 12% of 

Fig. 1. Global coupling between soil moisture and SIF. (a) Spearman partial correlation between concurrent soil moisture and SIF. Stippling denotes regions where 
the correlations are significant at the 95% level. The inset (left) shows the areal coverage (%) corresponding to significantly positive and negative correlations (P <
0.05) globally and for different biomes. (b) Accumulation of significant (P < 0.05) correlations between SIF lagged in time (from t-1 up to t-6 months) and concurrent 
soil moisture. (c) Accumulation of significant correlations between concurrent SIF and soil moisture lagged in time (from t-1 up to t-6 months). The insets (left) in (b) 
and (c) show the percentage (%) of significant correlations (P < 0.05) for different time lags at global scale and for different biomes and areas with insignificant 
correlations are masked out. The abbreviations in the insets denote: G., global, Tr., tropical, A., arid, Te., temperate, B., boreal, P., polar. 
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vegetated land areas showed decreasing trends in both SIF and soil 
moisture. Interestingly, 44% of the vegetated land areas showed oppo-
site trends in SIF and soil moisture: 36% of vegetated land areas with 
increasing SIF and decreasing soil moisture, and 8% of vegetated land 
areas with decreasing SIF and increasing soil moisture) (Fig. 6). Areas of 
diverging trends in SIF and soil moisture (positive trend in SIF and 
negative trend in soil moisture) denotes areas of potentially character-
ized by depletion of water resources as a consequence of increased 
vegetation productivity. The relationships between annual soil moisture 
and SIF reflected by the correlations are shown in Fig. S6, and are highly 
consistent in space as compared to the correlations derived at a monthly 
scale. 

4. Discussion 

Soil moisture is a key driver of vegetation growth, the process of 
which in turn feeds back on the soil moisture availability via the water 
consumption regulated by evapotranspiration. To our knowledge, no 
studies have investigated the bidirectional interactions between soil 
moisture and vegetation productivity at a global scale. When accounting 
for concurrent and lagged correlations, we observed a strong coupling 
between soil moisture and vegetation productivity worldwide, with 
positive concurrent correlations dominating globally and negative 
concurrent correlations mainly appearing in humid boreal and polar 
biomes (Fig. 1a). These findings are mostly in line with previous studies 
at regional or continental scales (Wang et al., 2017, 2018; Wei et al., 

Fig. 2. The number of pixels of significant correlations between soil moisture and SIF. Positive (a) and negative (b) correlations between SIF and soil moisture lagged 
in time (1–6 month). Positive (c) and negative (d) correlations between soil moisture and SIF lagged in time (1–6 month). 

Fig. 3. Granger causality between soil moisture and SIF interactions. Yellow areas indicate a bidirectional dependency between soil moisture (SM) and SIF; blue 
areas indicate that soil moisture is unidirectionally impacting on SIF, and green areas show that SIF is unidirectionally impacting on soil moisture. Non-significant 
pixels (P < 0.05) are masked out. The inset (left) shows the number of pixels with the areal coverage (%) for different dependency types across biomes (For 
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.). 
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2019). Particularly, in the arid biome and most of the temperate biome 
soil moisture is a dominant driver promoting vegetation growth (Huber 
et al., 2011) with a direct positive response of vegetation productivity to 
increased soil moisture. In tropical biomes, while a higher proportion of 
significant positive correlation between soil and SIF is observed, large 
areas show insignificant negative correlations, particularly in the 
Amazon and Congo forests. This is because high soil moisture may 
restrain vegetation growth due to a lack of oxygen (Knapp et al., 2008), 
thus potentially resulting in a negative correlation between vegetation 
productivity and concurrent soil moisture conditions. It could also be 
because abundant precipitation reduces the access of vegetation to ra-
diation in these radiation-limited regions accounting for the positive 
correlation between soil moisture and precipitation. Moreover, the 
dominant roles of radiation and temperature on vegetation productivity 
in these regions are likely to be the reason that no significant relation-
ships between soil moisture and vegetation productivity were observed. 
The limited soil water demand caused by low temperatures and lack of 
solar radiation could lead to negative correlations between soil moisture 
and vegetation productivity in cold regions (boreal and polar biomes), 
where in particular the early vegetation green-up is expected to lead to 
higher soil moisture losses in summer season (Lian et al., 2020). It 
should be noted that the divisions of biomes could contribute to the 
differences in proportion of the areas with significant/non-significant 
correlations observed in each biome. Moreover, we observed 
cross-correlations between soil moisture and vegetation productivity 
accounting for time lag in either soil moisture or vegetation productivity 
from 1 to 6 months in most areas (Fig. 1b, c), indicating the antecedent 
impacts of soil moisture on vegetation productivity and vice versa. 
However, areas with significant positive correlations decrease with an 
increase in time lag. Areas with significant negative correlations (P 
<0.05) increase mostly with an increase in time lag, except for cases 

where correlations between soil moisture and vegetation productivity 
lagged in time. This suggests that the strength of the coupling between 
soil moisture and vegetation productivity decreases with increasing lag 
time. Even if correlations are found to be reversed with the increasing 
time lag, different underlying mechanisms explain this change in 
relationship. 

We further demonstrated the bidirectional dependency between 
vegetation productivity and soil moisture interactions using a Granger 
causality analysis. Although it is a statistically based approach, it con-
siders important factors that impact the interactions between variables, 
such as legacy effects which are often neglected by process-based 
models. While correlations are commonly used to identify interactions 
between land and atmosphere (Fensholt et al., 2006, 2012) and also time 
lags have been considered (Ivits et al., 2016; Wu et al., 2015; Wen et al., 
2019), previous studies were limited to unidirectional effects. More 
importantly, it should be emphasized that a correlation is not the same 
as causation (Li et al., 2018c). Here the Granger causality is commonly 
used as an alternative to process-based models to identify the causal 
relationships between coevolution variables related to the land and at-
mosphere (Tuttle and Salvucci, 2016; Green et al., 2017; Piao et al., 
2020; Forkel et al., 2015). The method is a probabilistic account of 
causality and we acknowledge that our analysis does not identify spe-
cific mechanisms for interactions between vegetation productivity and 
soil moisture, accounting for the physical, chemical, and biological 
processes in relation to both the response and feedback (Bonan, 2008). 
Yet, our study shows Granger causality of vegetation productivity on soil 
moisture in mostly boreal and polar biome, which is mostly consistent 
with previous studies using process-based climate model simulations 
(Lian et al., 2020). This supports the rationale of a causal dependency 
between soil moisture and vegetation productivity can be identified by 
the Granger approach. With this study, we therefore provide statistical 

Fig. 4. The coefficient of determination (R2) between soil moisture and SIF. (a) R2 of the multiple linear regression model between SIF (as dependent variable) and 
antecedent soil moisture, temperature and solar radiation. (b) R2 of the multiple linear regression model between soil moisture (as dependent variable) and ante-
cedent SIF, temperature and solar radiation. 
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Fig. 5. Interannual variations in SIF and soil moisture for 2001–2020 in (a), global and (b-f), different biome. SL denotes the slope of annual SIF and soil moisture 
trends and * denotes statistically significance at 95% level (P <0.05). 

Fig. 6. Combined trends in SIF and soil moisture for 2001–2020. Green shows increasing trends for both SIF and soil moisture, orange shows an increase in SIF but a 
decrease in soil moisture, pink shows an increase in soil moisture but a decrease in SIF, blue shows decreasing trends in both SIF and soil moisture (For interpretation 
of the references to color in this figure legend, the reader is referred to the web version of this article.). 
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evidences on the bidirectional dependency between soil moisture and 
vegetation productivity in most regions of the terrestrial ecosystems. 

In addition to the established knowledge that water supply controls 
to vegetation greening (Fensholt et al., 2012; Zhu et al., 2016), the 
impact of vegetation growth on the water balance have received an 
increasing attention in recent years. Our study also confirms divergent 
trends in soil moisture and vegetation greening across large areas (Li 
et al., 2018b; Deng et al., 2020; Feng et al., 2016). As soil moisture 
conditions are controlled by precipitation, evapotranspiration and 
runoff, we would expect areas with increasing vegetation productivity 
and constant or decreasing precipitation to deplete soil water by 
increasing evapotranspiration. A decrease in soil moisture is thus inev-
itable without intensive land management, as documented by Deng 
et al. (2020) and Brandt et al. (2018). However, increasing monsoon 
precipitation could provide more water yield that increases soil moisture 
(Deng et al., 2020), which was observed in some dryland areas (e.g., 
Mali and Niger). Zeng et al. (2018) pointed out that the global greening 
did not result in a decrease of soil moisture in wet areas but in drylands 
via increases in evapotranspiration. However, Zeng et al. (2018) used 
modelled simulations without ground truth evidence. Indeed, vegeta-
tion greening could induce an increase in precipitation that may, to 
some extent, counterbalance decreasing soil moisture caused by 
enhanced evapotranspiration (Li et al., 2018b). In a future study, these 
complex processes will be studied using the observational and modeling 
evidence at a global scale. 

A limitation of this study is that long-term memory effects (i.e., lags 
> 6 months) were not accounted for. Vegetation might have legacy ef-
fects between different growing seasons exceeding the 6 month lag 
(Vicente-Serrano et al., 2013), but the maximum correlation between 
vegetation productivity and drought are mainly limited to 6 months 
(Chen et al., 2014; Vicente-Serrano et al., 2013). Furthermore, our study 
confirmed that more than 80% of the lags with the highest correlation 
between soil moisture and vegetation productivity occurred within 3 
months (Fig. S5). Uncertainties associated with the applied satellite and 
modeling data also exists, particularly in tropical areas where clouds 
cause a low accuracy in satellite products (e.g., SIF) (Li and Xiao, 2019). 
Also modelled soil moisture in irrigated areas is highly uncertain (Kim 
et al., 2020). 

In summary, our study reveals bidirectional dependencies between 
vegetation productivity and soil moisture for large part of the global 
vegetated land areas, thereby improving our understanding of the re-
sponses and feedbacks between these essential variables. Specifically, 
we provide new insights with potential societal implications for sus-
tainable management of resources in relation to e.g., afforestation (for 
carbon sequestration to mitigate climate change) and agricultural 
intensification (food security) on the one hand, and the sustainable use 
of water resources on the other hand. Yet, further research on the un-
derlying mechanisms of how vegetation and soil moisture mutually 
affect each other is still needed. For example, the feedback of vegetation 
growth on soil moisture directly via evapotranspiration and indirectly 
via e.g., precipitation or photosynthesis needs to be better understood. 
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