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Abstract: Ecosystem water-use efficiency (WUE) is defined as the ratio of carbon gain (i.e., gross
primary productivity; GPP) to water consumption (i.e., evapotranspiration; ET). WUE is markedly
influential on carbon and water cycles, both of which are fundamental for ecosystem state, climate
and the environment. Drought can affect WUE, subsequently disturbing the composition and
functionality of terrestrial ecosystems. In this study, the impacts of drought on WUE and its
components (i.e., GPP and ET) are assessed across the Contiguous US (CONUS) at fine spatial
and temporal resolutions. Soil moisture simulations from land surface modeling are utilized to detect
and characterize agricultural drought episodes and remotely sensed GPP and ET are retrieved from
the moderate resolution imaging spectroradiometer (MODIS). GPP, as the biome vitality indicator
against drought stress, is employed to investigate drought recovery and the ecosystems’ required
time to revert to pre-drought condition. Results show that drought recovery duration indicates a
positive correlation with drought severity and duration, meaning that a protracted drought recovery
is more likely to happen following severe droughts with prolonged duration. WUE is found to almost
always increase in response to severe (or worse) drought episodes. Additionally, ET anomalies are
negatively correlated with drought severity and ET is expected to decrease during severe (or worse)
drought episodes. Lastly, the changes of WUE are decomposed in relation to its components and the
cross-relation among the variables is revealed and a consistent changing pattern is detected.

Keywords: drought; Water Use Efficiency; gross primary productivity; evapotranspiration; drought
recovery; CONUS

1. Introduction

Drought, as a prolonged period of moisture deficiency in land surface, affects terrestrial
ecosystems from structural and functional perspectives (i.e., constraining vegetation growth, causing
plant mortality and triggering wildfire), which leads to profound imbalances in the terrestrial carbon
cycle [1–4]. In addition, climate change, which is a consequence of increased greenhouse gas emission
and global warming [5–7], will exacerbate drought frequency and severity in the 21st century [8–11].

Drought is generally categorized to four types: Meteorological Drought, Agricultural Drought,
Hydrological Drought and Socioeconomic Droughts. An agricultural drought indicates a deficit in
soil moisture and thus it can happen in any land cover. An agricultural drought onset is typically
perceived when the soil moisture level drops below a threshold causing crop water stress (affecting
crop yield). Consequently, soil moisture is regarded as an indicator of agricultural drought [12–14].
Spatially varying precipitation, land cover, soil and topography cause heterogeneity, which makes
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soil moisture estimation from field measurement complicated [15,16]. Therefore, land surface models
and/or remotely sensed observations are often adopted to estimate soil moisture. There are many
studies utilizing land surface models to estimate soil moisture and analyze historical agricultural
drought episodes [17–19]. Additionally, remote sensing advances have provided major soil moisture
data availability at global scale [20], which facilitates obtaining precise and frequent soil moisture
maps globally [21,22]. There are several studies, which compared agricultural drought analysis
obtained from in situ and remotely sensed soil moisture data [23–25]. Some studies combined land
surface models simulations with remotely sensed data to minimize the uncertainty of soil moisture
estimation [26,27]. Recent studies by Yan et al. [28,29] have assimilated remotely sensed soil moisture
observations to land surface models in order to improve the accuracy of soil moisture simulations and
drought monitoring.

Ecosystem Water Use Efficiency (WUE) is defined as the ratio of carbon gain (i.e., Gross Primary
Productivity; GPP) to water consumption (i.e., Evapotranspiration; ET), which links biological and
water cycles over the land surface (WUE = GPP/ET) [30,31]. GPP as a key component of the terrestrial
carbon cycle, represents the sum of gross carbon (CO2) uptake by plant photosynthesis [32,33].
Theoretically, the ecological transpiration is the true water consumption by plant photosynthesis.
However, due to the infeasibility of distinguishing soil and canopy evaporation and plant transpiration
from evapotranspiration (ET) [34], either precipitation [35] or ET [36] are used as indicators of water
loss (i.e., consumed by the ecosystem). Among various definitions of WUE, the GPP/ET is the most
common indicator and it is employed in this study too [1,3,37].

WUE is a key variable to understand the response of ecosystem productivity to any physical
changes (e.g., water availability, climate change, etc.). Droughts can be associated with heatwaves
and decreased water availability [38,39], which may result in either increase or reduction of
evapotranspiration, respectively, leading to significant disruptions in the global water balance and
may cause permanent changes to the ecosystems [40,41].

The WUE alteration and its effects on the ecosystem resilience to drought disturbances have been
investigated in recent studies [1,3,35,42]. Regional assessments have concluded that ecosystem biomes
are able to enhance their WUE in order to cope with water stress [36]. However, such a conclusion has
been challenged by several large-scale investigations implying that the response of WUE to drought
depends on the vegetation condition and climate [1,3,30]. Therefore, more investigation is still needed
to understand WUE-drought relations and reveal the spatiotemporal patterns and influential factors.

Drought recovery duration is often assumed to be rapid. In some studies, drought recovery is
assessed focusing on the required precipitation to recover from a drought episode [43,44], whereas
few studies elaborated on drought recovery considering restoring function of plants [45,46]. From a
hydrological perspective, a region is assumed to recover from drought when the hydrologic variable of
interest (e.g., streamflow) reverts to its pre-drought level [47]. Schwalm et al. [48] stated that recovery
time is the duration that “an ecosystem requires to revert to its pre-drought condition.” Understanding
drought recovery duration is critical for ecosystem, since if a region experiences a new drought episode
before full recovery from an antecedent drought event, the ecosystem may experience substantial
permanent ecological impacts [49,50].

In this study, the relationships between agricultural droughts and ecosystem WUE is examined
using land surface soil moisture simulations as well as remotely sensed GPP and ET products.
The root-zone soil moisture percentile is utilized to characterize drought episodes across the contiguous
United States. We investigate the response of WUE and its components to drought across different
regions. Additionally, terrestrial drought recovery duration is also assessed for various drought events
with diverse intensities.
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2. Materials and Method

2.1. Remotely Sensed Data

The 8-day GPP [51,52] and ET [53,54] data with 1-km spatial resolution are acquired from the
MODIS instrument onboard Terra satellite during 2000 to 2014, from the Numerical Terradynamic
Simulation Group (http://www.ntsg.umt.edu). The MODIS GPP product (MOD17A2) was developed
based on a light-use efficiency model [55]. GPP is the largest contributor of carbon flux and the largest
carbon uptake by terrestrial ecosystems.

Many studies have confirmed the accuracy and validity of MODIS GPP [56–61] and it is compared
with station observations in many regions and biomes [52,56,62]. The MODIS GPP product has
been widely used in studies with various spatial scales and domains (regional to global) in different
ecosystems [63,64].

The Penman-Monteith model was adopted to estimate the global MODIS ET product (MOD16A2),
which uses meteorological reanalysis data and vegetation property dynamics (e.g., land cover, leaf area
index and albedo). The forcing data for the model are retrieved from the MODIS data [54,65].
The validation of MODIS ET product using station flux tower data showed reasonable accuracy
over the Contiguous United States (CONUS) [65,66].

In addition to GPP and ET, the biome types over the CONUS are determined according the
MODIS global land cover product (MCD12Q1) acquired from the global land cover facility of the
University of Maryland (http://glcf.umd.edu/data/lc/). In this study, the biomes are classified into
10 types as follows: Evergreen Needleleaf Forest (ENF), Evergreen Broadleaf Forest (EBF), Deciduous
Needleleaf Forest (DNF), Deciduous Broadleaf Forest (DBF), Mixed forest, Shrublands, Savannas,
Grasslands, Croplands/natural vegetation and Wetlands. The original spatial resolution of biomes are
500 m, which are aggregated to 1-km in order to be consistent with the GPP and ET datasets.

2.2. Simulated Data

In this study, soil moisture simulations from the Phase 2 of the North American Land Data
Assimilation System (NLDAS-2) are utilized over the CONUS from 1983 to 2014 with an 8-day
temporal resolution and spatial resolution of 1/8◦ (about 12km). The data is available over the north
America from 1979 to present [67]. Soil moisture states are simulated using the semi-distributed
grid-based model Variable Infiltration Capacity (VIC) [68,69] which is a macroscale hydrologic
model that ingests meteorological forcing data and solves for full water and energy balances.
A Soil-Vegetation-Atmosphere Transfer (SVAT) scheme controls the moisture and energy fluxes within
VIC and in comparison with most SVATs, it reproduces the runoff characteristics more accurately [70].
In the NLDAS-2 dataset, VIC model was run at a spatial resolution of 1/8◦ with full energy balance
mode at hourly time step. It also represents sub-grid variability of vegetation and runoff generation [71].
The version of the VIC model used for the NLDAS-2 is VIC-4.0.3. The vadose (unsaturated) zone
in each grid cell is partitioned into three layers with a depth of 10 cm for the top layer and varying
depths for other layers. Table 1 represents a summary of all the data products used in this study and
their characteristics.

Table 1. Summary of the data used in this study and their characteristics.

Data Original Spatial
Resolution

Temporal
Resolution Unit Type

Gross Primary
Productivity (GPP)

(MOD17A2)
1 km 8 days kgC/m2 Remotely sensed

by MODIS

Evapotranspiration (ET)
(MOD16A2) 1 km 8 days mm Remotely sensed

by MODIS

Land Cover (MCD12Q1) 500 m monthly ——– Remotely sensed
by MODIS

Soil Moisture (NLDAS-2) 1/8◦ (~12 km) 8 days cm/cm Simulated by VIC

http://www.ntsg.umt.edu
http://glcf.umd.edu/data/lc/
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2.3. Drought Detection

The root-zone soil moisture percentile is utilized to detect and characterize drought [28,29,72].
The root zone soil moisture percentiles are calculated for each grid in each time step with reference
to the period of 1 January 1984 to 31 December 2014. Drought intensity classifications are adopted
from the National Drought Mitigation Center (NDMC) of the United States Drought Monitor (USDM),
which defines five drought categories as in Table 2.

Table 2. United States Drought Monitor (USDM) drought categories employed in this study to
categorize drought intensity.

Category Description Percentiles (%)

N Normal/wet condition 31 to 100
D0 Abnormally dry 21 to 30
D1 Moderate drought 11 to 20
D2 Severe drought 6 to 10
D3 Extreme drought 3 to 5
D4 Exceptional drought 0 to 2

2.4. Drought Recovery Duration

The sensitivity of GPP to drought is well documented and its spatiotemporal patterns can be
estimated in several ways [73,74]. GPP, a metric of photosynthetic activity, is used in this study to
detect the recovery duration of terrestrial ecosystem after drought episodes. First, the normal GPP
threshold, which is the mean GPP over the study period, is calculated for each grid at 8-day time
step [75]. Then, the ecosystem recovery from a drought episode is defined when the post-drought GPP
reverts and stays above the normal condition (GPP normal threshold) within one-month (4 consecutive
8-day periods) [48,75]. Figure 1 provides a schematic overview of the methodology and analysis of
this study.
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3. Results

The carbon and water cycles have very strong relation and it implies that a disturbance in each
component of WUE (i.e., GPP or ET), which can be caused by a hydrological extreme event, may impact
the carbon cycle as well. In other words, drought is an intermittent disturbance in the water cycle,
which can significantly impact the terrestrial carbon cycle [73,75].

During 2000 to 2014, the average WUE over the Contiguous US (CONUS) is 1.95 gC/kg·H2O
and shows great spatial variations (Figure 2). The dry ecosystems of California, Nevada, Arizona,
New Mexico, Utah and west Texas indicate high values of WUE ranging from 2.4 gC/kg·H2O to
4 gC/kg·H2O. Whereas, WUE is generally less than 1.6 gC/kg·H2O in the Midwestern US. At the
biome level (shown in Figure 3), EBF and Shrublands show the largest WUE and Cropland and DNF
indicate the lowest WUE. According to Figures 2 and 3, arid ecosystems indicate the highest WUE
(3.2 gC/kg·H2O), followed by the coastal regions that show comparable WUE values (2.2 gC/kg·H2O).
The observed differences in WUE among biomes and ecosystems have been well documented by
previous studies [3,31,76]. Caused by heterogeneities in both environmental conditions and plant
physiological characteristics, the drivers controlling the spatial pattern of WUE are determined by
elevation, latitude, plant morphology and climate conditions [61,77].
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Figure 4 shows the drought severity and drought recovery duration over the CONUS for 2002,
2008, 2011 and 2012 drought episodes. In 2002, the western US faced more severe drought and some
regions in Utah, Colorado, Arizona and southern California and Nevada experienced extreme drought.
Accordingly, drought recovery for these regions took longer time and for the regions that experienced
extreme drought condition, the minimum drought recovery is found 3 months. On the other hand,
eastern US regions (e.g., North and South Carolina and Virginia) experienced severe drought and the
drought recovery duration for these regions was relatively shorter. In 2008, the severe and extreme
drought extent was less than 2002. California, Wisconsin and Washington were among the states that
experienced severe drought in 2008. In California and Washington, the areas that were not covered
with cropland biome indicate longer drought recovery. Meanwhile, Wisconsin is covered with more
cropland biome and drought recovery was relatively shorter for it in 2008. In North Dakota, Nevada,
Utah and Montana, most of which are covered with grasslands, the regions affected by severe drought
show longer drought recovery duration.

Additionally, Figure 4 shows that Texas, Oklahoma, Kansas, New Mexico and Arizona faced an
extreme drought episode in 2011 [76,77] and the drought recovery duration is found to be over
3–4 months in the region. The 2012 drought was one of the worst drought episodes in recent
years which had catastrophic impacts and caused $40 billion damage, mostly due to agricultural
losses [78–80]. Almost two-thirds of the nation dealt with drought on September 2012, according to
the US Drought Monitor [81]. Figure 4 shows that the central and Midwest states were impacted with
severe and extreme drought in 2012. Drought recovery duration is found to be between 2–3 months
for most of the region, which is actually a markedly long period, since the drought initiated during
the growing season, lasted for several months and then recovered 2–3 months after termination,
which might have even affected the following year’s harvest and crop yield.
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Figure 4. Spatial distribution of drought severity (left) and drought recovery duration (right) for 2002,
2008, 2011 and 2012 drought episodes.



Remote Sens. 2019, 11, 731 8 of 17

4. Discussion

In order to better understand the terrestrial impacts of drought, the response of water use efficiency
(WUE) is investigated for different drought episodes. The range of WUE during drought is from 1
to 7 (g C/kg H2O), which in the south and southwest shows the maximum. Figure 5 shows WUE
anomaly during the four major drought episodes of 2002, 2008, 2011 and 2012 across the CONUS.
From the figure, it can be seen that WUE responds differently to various drought events for different
biomes and climates. In general, the arid areas which faced severe drought show significant increase in
WUE during the drought episodes. This is in agreement with previous studies [30,82] indicating that
plants in arid regions are highly adapted to the water scarcity associated with arid climate and have
more resiliency to water deficits owing to a series of conservative water-use strategies [77]. Such an
adaptation helps the vegetation in arid regions to reduce water loss and maintain vegetation growth.
In cold regions, vegetation growth is mainly constrained by air temperature and solar radiation.
The higher carbon uptake due to hotter weather that usually coincide with drought episodes [83,84]
may increase WUE in these regions [30]. Overall, comparing Figures 4 and 5, WUE is found to
substantially increase in response to extreme droughts in each drought episode, indicating that if a
region experiences severe drought (or worse), WUE is likely to increase during the drought episode.
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Figure 6 shows the relation between drought recovery time and drought duration and intensity
for 2002, 2008, 2011 and 2012 drought episodes. For each year, the areas affected by drought are
considered and the three characteristics are extracted and plotted against each other. For example,
in 2012 drought when a region experienced a severe drought for 10 months, the expected drought
recovery range was from 2.25 to 2.75 months. In general, a more severe drought episode is expected to
result in longer recovery time compared to moderate droughts, which is approved by the results of
Figure 6. Additionally, a longer drought episode increases the likelihood of protracted drought recovery.
Comparing these four drought episodes reveals that in 2008, the area that experienced prolonged
severe drought was relatively less than the other drought episodes and consequently, the affected
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regions needed rather shorter recovery time. In 2011, the area affected by a prolonged drought episode
shows a wider range of recovery time (compared to other years) and the recovery duration tends to
be longer for the regions that experienced more severe droughts. In general, Figure 6 implies that
drought duration, recovery and severity are positively correlated, meaning that a prolonged drought
will generally result in longer drought recovery time. Similarly, the regions experiencing more severe
drought episodes will require more time to recover from drought.
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To assess descriptive statistics of WUE changes and to better understand terrestrial response to
agricultural drought, the WUE changes are investigated with drought severity. Figure 7 shows the
WUE anomaly for each drought severity level for the 2002, 2008, 2011 and 2012 drought episodes over
the affected areas. From the figure, a similar pattern can be found for the WUE changes in response
to various drought episodes with different severities. In general, WUE shows sharper and higher
positive anomalies when a region is affected by a more severe drought. During the 2002 drought
episode, the areas affected by extreme or more intense drought showed an increase in WUE with
a maximum value of 1.25 gC/kg H2O. The regions affected by moderate drought in the same year
showed relatively lower changes of WUE with the minimum and maximum anomaly of −0.3 and
0.5, respectively. In the 2008 drought episode, more than 75% of the drought affected areas showed
a positive anomaly for WUE. Meanwhile, WUE anomaly is almost always (in 93% of areas) positive
for severe to extreme droughts. WUE changes in the 2011 drought episode showed wider range and
higher maxima compared to other drought episodes. The median of WUE anomaly for the regions
affected by severe to extreme drought was 0.5 gC/kg H2O in 2011. The 2012 drought event showed
similar results and more than 75% of the regions affected by drought indicate positive WUE anomaly
in 2012. In general, Figure 7 reveals that WUE deviation and drought severity are positively correlated
and a more severe drought increases the likelihood of positive WUE anomaly.



Remote Sens. 2019, 11, 731 10 of 17

Remote Sens. 2019, 11, x FOR PEER REVIEW 9 of 17 

 

similar results and more than 75% of the regions affected by drought indicate positive WUE anomaly 

in 2012. In general, Figure 7 reveals that WUE deviation and drought severity are positively 

correlated and a more severe drought increases the likelihood of positive WUE anomaly.  

 
Figure 7. The distribution of WUE anomaly in response to varied drought severities for the 2002, 2008, 

2011 and 2012 drought episodes. 

To better understand the changes of WUE in relation to its components (ET and GPP), the 

distribution of relative anomalies of GPP, ET and WUE are plotted in Figure 8 for the 2002, 2008, 2011 

and 2012 drought episodes. In the figure, the blue curves on the axes represent the distribution of the 

corresponding variable. The figure indicates that GPP and ET can have either positive or negative 

anomalies during drought. However, the distribution diagram reveals that negative anomaly occurs 

more often (i.e., the distributions are negatively skewed). Comparing the results of different years, 

WUE anomaly reaches higher values (darker colors) in 2002 and 2011, which can be attributed to 

higher severity of drought in these years. Previous studies found that drought causes substantial 

reduction in GPP (about 35% decrease) over most biome land covers, whereas it slightly enhances 

GPP (about 7% increase) in evergreen broadleaf forests and shrublands [75,85]. In North America, a 

large reduction of GPP (over 50%) was found resulting in 51% decrease of net carbon uptake during 

the 2000–2004 drought in western North America [86,88]. Similarly, studies found decreasing 

(ranging from 1% to 28%) and increasing (ranging from 7% to 15%) WUE under drought stress, for 

different drought severities and land covers [1,2,86]. Overall, decomposing WUE in relation to its 

components in Figure 8 reveals that if the relative anomaly of ET is larger than that of GPP, WUE 

anomaly will be positive (shown in green color), whereas if GPP is higher than ET (lower half of the 

plot, shown in brown color), WUE anomaly will be negative.  

Figure 7. The distribution of WUE anomaly in response to varied drought severities for the 2002, 2008,
2011 and 2012 drought episodes.

To better understand the changes of WUE in relation to its components (ET and GPP),
the distribution of relative anomalies of GPP, ET and WUE are plotted in Figure 8 for the 2002, 2008,
2011 and 2012 drought episodes. In the figure, the blue curves on the axes represent the distribution of
the corresponding variable. The figure indicates that GPP and ET can have either positive or negative
anomalies during drought. However, the distribution diagram reveals that negative anomaly occurs
more often (i.e., the distributions are negatively skewed). Comparing the results of different years,
WUE anomaly reaches higher values (darker colors) in 2002 and 2011, which can be attributed to
higher severity of drought in these years. Previous studies found that drought causes substantial
reduction in GPP (about 35% decrease) over most biome land covers, whereas it slightly enhances GPP
(about 7% increase) in evergreen broadleaf forests and shrublands [75,85]. In North America, a large
reduction of GPP (over 50%) was found resulting in 51% decrease of net carbon uptake during the
2000–2004 drought in western North America [86–88]. Similarly, studies found decreasing (ranging
from 1% to 28%) and increasing (ranging from 7% to 15%) WUE under drought stress, for different
drought severities and land covers [1,2,86]. Overall, decomposing WUE in relation to its components
in Figure 8 reveals that if the relative anomaly of ET is larger than that of GPP, WUE anomaly will be
positive (shown in green color), whereas if GPP is higher than ET (lower half of the plot, shown in
brown color), WUE anomaly will be negative.

Evapotranspiration (ET) is an essential component of energy and water cycles and it is influential
in multitude of earth processes, subsequently affecting meteorology and agriculture [88,89]. Several
studies have shown the role of evapotranspiration in developing and intensifying droughts [90,91].
In some studies, potential evapotranspiration anomaly has been merely utilized as a measure of
drought intensity and as a means for predicting drought [92]. To better understand the terrestrial
impacts of drought on evapotranspiration (ET), the changes of ET are investigated for different drought
episodes. Figure 9 shows the ET anomaly during the four major drought episodes of 2002, 2008, 2011
and 2012 across the CONUS. From the figure, it can be seen that ET tends to be below average in the
areas affected by severe (or more intense) drought. This negative anomaly is found to be common
in both dry and humid climates, which highlights that water availability is the dominant factor for
evapotranspiration deviation [1,93]. The highest changes of ET is found during the 2011 Texas drought,
reducing ET about 100–200 mm. Evapotranspiration consists of three components: interception,
soil surface evaporation and transpiration. Further study can shed light on different responses of
evaporation and transpiration over different land covers during drought.
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Drought episodes usually start with rainfall deficiency, which leads to reduced soil moisture and
it is often assumed that ET decreases when soil moisture decreases. On the other hand, it has been
discussed that ET is restricted to low values of available soil moisture [94,95]. Therefore, for different
soil moisture content, ET will change based on the variability in atmospheric conditions rather than
the variability of soil moisture. In humid climates which are generally energy limited, during drought,
atmospheric conditions intensify ET and lead to increased ET [95]. Similarly, in water limited dry
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climates, positive ET anomalies have been observed during warm conditions that often coincide with
drought [40,93,94,96]. The deep and extensive root systems of plants can obtain water from lower
levels of soil column near the water table rather than the smaller top layers of soil zone, which may
increase the transpiration and consequently increase ET during drought [40,93].

Drought can cause a wide range of impacts on terrestrial ecosystems, including influence the
vegetation physiology, phenology, growth, pest outbreak and fire occurrence [1,97]. In this study, we
evaluated drought impacts focusing on the changes of soil moisture and ecosystem water use efficiency
during the 15 years of 2002–2014 over the CONUS. Using fine spatial and temporal resolution remotely
sensed data and model simulations, we were able to quantify the impacts with high resolution and
significant meaningful patterns were extracted. The results of this study confirmed certain previous
findings, such as increase in WUE and significant decrease in GPP and ET during severe drought.
This study showed that the increase rate of WUE is directly related to drought severity and for a
severe or extreme drought episode, there is a high likelihood of increasing WUE. Moreover, this study
investigated terrestrial drought recovery based on GPP variations and concluded that drought recovery
is positively correlated with drought severity and drought duration. These positive correlations shed
light on the understanding of the response of terrestrial ecosystems to drought and their importance for
forecasting ecosystem dynamics in future climate scenarios. The findings of this study highlighted the
substantial impacts that drought can have on the ecosystem, which implies the necessity of advancing
drought forecasting methods and incorporating proactive drought risk management strategies in order
to mitigate such environmental risks. This study investigated the recovery duration over the CONUS
after agricultural drought using GPP, which has never been investigated. Additionally, results showed
that WUE increases in the regions that experienced severe or worse drought condition.

5. Summary and Conclusions

This study investigated the agricultural drought impacts on water use efficiency (WUE) and its
components; gross primary productivity (GPP) and evapotranspiration (ET), as well as the recovery
duration that terrestrial ecosystems require to revert to pre-drought normal conditions. WUE was
analyzed for different land cover types and arid and coastal ecosystems indicated the highest WUE
and Midwest US was associated with the lowest WUE. Drought recovery was analyzed according
to the GPP rate and it revealed that the required time for each region to revert to its pre-drought
condition is positively correlated with drought severity. Therefore, a more severe drought will most
likely result in a longer drought recovery time. Additionally, a prolonged drought episode increases
the likelihood of protracted drought recovery. During drought, WUE showed a tendency to increase
in response to extreme drought condition. Decomposing WUE anomalies to its components during
drought illustrated that if the relative anomaly of ET is larger than that of GPP, WUE anomaly will be
positive and if the relative anomaly of ET is smaller than that of GPP, WUE anomaly will be negative.
Moreover, the spatial distribution of ET anomaly showed that ET has a tendency to be below average
in the regions affected by severe (or more intense) and prolonged drought in both dry and humid
climates, corroborating the dominance of water availability on evapotranspiration.
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