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Abstract: Understanding how plants adapt to shifting water availability is imperative for predicting
ecosystem vulnerability to drought. However, the spatial–temporal dynamics of the plant–water
relationship remain uncertain. In this study, we employed the latest Global Inventory Modeling
and Mapping Studies (GIMMS) Normalized Difference Vegetation Index (NDVI4g), an updated
version succeeding GIMMS NDVI3g spanning from 1982 to 2022. We integrated this dataset with
the multiple scale Standardized Precipitation Evapotranspiration Index (SPEI 1 to 24) to investigate
the spatial–temporal variability of sensitivity and lag in vegetation growth in response to water
variability across China. Our findings indicate that over 83% of China’s vegetation demonstrates
positive sensitivity to water availability, with approximately 66% exhibiting a shorter response lag
(lag < 1 month). This relationship varies across aridity gradients and diverges among plant functional
types. Over 66% of China’s vegetation displays increased sensitivity to water variability and 63%
manifests a short response lag to water changes over the past 41 years. These outcomes significantly
contribute to understanding vegetation dynamics in response to changing water conditions, implying
a heightened susceptibility of vegetation to drought in a future warming world.

Keywords: standardized precipitation evapotranspiration index; NDVI4g; aridity index; relation-
ships between vegetation and water variation

1. Introduction

Plant–water interactions are fundamental to terrestrial ecosystems. The response of
plants to water variability not only affects the growth of individual plants but also deter-
mines the carbon and water cycle between Earth’s surface and atmosphere. Investigating
how ecosystems respond to water variation helps us to evaluate their vulnerability to
drought and ability to adapt to future global climate change [1–3].

Over the past few decades, satellite remote sensing technology has become a valuable
tool for investigating the relationship between vegetation dynamics and water availability
across various spatial scales [4,5]. This technology has enabled researchers to explore the
sensitivity of vegetation to drought indices and to examine the cumulative and lag effects
of vegetation’s response to changes in water conditions, particularly in regions where in
situ observations are limited [2,6–8]. For example, studies have observed an intensified
sensitivity of vegetation growth, as represented by vegetation index NDVI, to soil moisture
in regions experiencing declining precipitation [8,9]. Ecosystem sensitivity to drought
in arid regions tends to exhibit higher responsiveness to water availability, with shorter
response lags [8,10]. In contrast, ecosystems in energy-limited regions generally show
lower sensitivity to water availability, with longer response lags [11].

To better understand the dynamics of ecosystem sensitivity to drought, various prod-
ucts have been employed to study vegetation responses to water availability. For example,
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solar-induced fluorescence (SIF), which directly reflects photosynthetic functioning [12],
has demonstrated varying responses to drought across different climate gradients and plant
functional types [4,13]. Furthermore, Vegetation Optical Depth (VOD) has emerged as a
prominent tool for studying ecosystem responses to drought. VOD is closely associated
with total biomass, as it quantifies the amount of vegetation water in both woody and
leafy components of aboveground biomass [14,15]. The GIMMS NDVI3g dataset provides
a valuable long-term global satellite-derived record of vegetation activity; despite its ad-
vances, it is important to note that it may suffer from issues such as sensor drift, uncertainty
in data fusion, and challenges in sensor calibration [16,17]. Additionally, while SIF and
VOD data offer valuable insights, they are limited in providing long-term perspectives on
how vegetation responds to droughts over time. Fortunately, the PKU GIMMS NDVI4g
dataset extends the observation record to 2022, providing a longer timeframe for studying
vegetation dynamics [18]. Notably, PKU GIMMS NDVI4g effectively mitigates orbital drift
and sensor degradation effects, offering reliable products for estimating temporal changes
in plant–water relationships.

China, which is located in East Asia, plays a crucial role in global carbon sequestration
through its terrestrial ecosystem. The country contributes more than 0.20 Pg C per year
of carbon sink, accounting for 10–31% of the global terrestrial carbon sink [19,20], which
significantly contributes to climate mitigation efforts. However, China’s terrestrial ecosys-
tem has been affected by frequent droughts in recent years [21,22]. As global warming
intensifies, droughts in China are expected to occur more frequently, last for longer periods,
and affect larger areas [23–27], which has a negative impact on land carbon sinks. There-
fore, understanding vegetation responses to drought and how these responses evolve over
time is crucial for enhancing our understanding and informing effective mitigation and
adaptation strategies.

In China, rapid industrialization has worsened air quality, leading to high levels of
pollutants, especially in urban and industrial areas. Air quality can significantly affect
vegetation growth, with pollutants like ozone (O3) [28–30], nitrogen oxides (NOx) [31,32],
and particulate matter (PM) [33–35] disrupting photosynthesis, water regulation, and
nutrient uptake. Poor air quality can hinder plant growth, reduce biomass, and increase
drought sensitivity. As pollution levels rise, understanding its impact on vegetation is
crucial for managing ecosystems and addressing environmental challenges in the region.

In this study, we filled the current knowledge gap by employing the latest GIMMS
NDVI4g and global SPEI data. Our focus was on examining the sensitivity and lag of
vegetation growth in response to water variability across China from 1982 to 2022. To
further assess diverse climate zones and plant functional types, we utilized the aridity index
(Figure S1) derived from Climatic Research Unit (CRU) [36] for defining distinct climate
zones; plant functional types were delineated using Global Land Cover 2000 (GLC2000)
data (Figure S2) [37]. The objectives of this research are (1) to quantify the sensitivity
and lag of vegetation to water variation through correlation analysis and lag analysis
between NDVI and SPEI and (2) to explore the temporal trends in sensitivity and lag from
1982 to 2022, providing insights into the evolving dynamics of vegetation responses to
water variability.

2. Materials and Methods
2.1. Study Area

China, extending between 75◦ E and 135◦ E in longitude and 18◦ N to 54◦ N in latitude,
encompasses a vast land area of 9.6 × 106 km2. Marked by diverse climatic zones ranging
from arid to humid regions, exhibiting a distinct gradient from its northwest to southeast,
China demonstrates a wide range of mean annual temperatures (MAT) and precipitation
(MAP) across the country, from 4 ◦C to 20 ◦C in MAT and 20 mm to 2000 mm in MAP.
This diversity creates a spectrum of environmental conditions that support a variety of
ecosystems. Forests, grasslands, shrublands, and croplands in China are distributed across
diverse geographical and climatic zones. Deciduous and evergreen forests flourish in the
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northeastern and southwestern regions, contributing to China’s woodland cover (Figure 1).
In the northwest, arid areas are mainly dominated by grass and shrubs, which can adapt
to the conditions of limited water availability. Croplands in China are widely distributed
across various regions, including the North China Plain, the Northeast China Plain, and
the Yangtze River Delta. China has witnessed notable changes in its climate over the last
decades. The impacts of climate change are evident in various aspects, including increased
temperature, uneven precipitation, and extreme drought events, which have a significant
impact on ecosystems and water resources.
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Figure 1. Plant functional types derived from Global Land Cover 2000 (GLC2000).

In recent decades, China has experienced significant climatic changes, with impacts
that include rising temperatures, uneven precipitation patterns, and more frequent extreme
drought events [23–27]. These changes have profound effects on both ecosystems and
water resources. Given the critical role water plays in vegetation growth, understanding
the shifting responses of different ecosystems to water variability is essential, particularly
as air pollution and climate stressors interact. Monitoring these changes is key to predicting
future ecosystem stability, water resource management, and agricultural productivity in a
rapidly evolving environment.

2.2. Methods
2.2.1. Data and Preprocessing

The PKU GIMMS NDVI4g dataset utilized in this study as a proxy for vegetation
growth from 1982 to 2022 is derived using a combination of Advanced Very High-Resolution
Radiometer (AVHRR, which is a sensor used in the polar orbit platform series by the
National Oceanic and Atmospheric Administration of the United States) and Moderate
Resolution Imaging Spectroradiometer (MODIS, which is a large-scale space remote sensing
instrument developed by NASA) data integrated with a machine learning model. PKU
GIMMS NDVI4g incorporates 3.6 million Landsat images using a back propagation neural
network to enhance accuracy by gap filling and eliminating the impact of satellite orbit
drift and sensor degradation. With a spatial resolution of 1/12◦ and a temporal resolution
of half a month, this dataset can capture fine-scale vegetation dynamics. To match the
temporal and spatial resolution of other datasets, we initially aggregated the biweekly data
to monthly using the maximum value composition (MVC) [38] method and then resampled
it into 0.5◦ spatial resolution. NDVI was standardized and de-seasonalized by subtracting
the multi-year average of the corresponding month and then dividing by the standard
deviation, using the formula:



Water 2024, 16, 2677 4 of 16

Anomalyi,j =

(
NDVIi,j − NDVI j

σj

)
(1)

where Anomalyi,j denotes de-seasonalized NDVI anomaly of month j; σ is the standard
deviation of NDVI form month j.

The Standardized Precipitation Evapotranspiration Index (SPEI) was used as the water
variation index in this study. SPEI provides a robust and multi-scalar measure of drought
conditions, accounting for both precipitation and potential evapotranspiration (PET) [39,40].
Unlike simple water deficit calculations, SPEI incorporates PET, which varies based on
temperature, radiation, and wind speed, offering more relevance to ecosystem water stress.
To capture the immediate dynamics of vegetation responses to water variation, we used
multiple scale grided monthly SPEI data (range from 1 to 24), which was extracted from
the Global SPEI database, from the years 1982 to 2022.

The land cover data from Global Land Cover 2000 (GLC2000) were utilized in this
study (Figure S2), and are a comprehensive global dataset for the year 2000 covering natural
vegetation, croplands, urban areas, and water bodies [37]. They combine satellite imagery,
ground observations, and ancillary data sources. GLC2000 combines 22 land cover types
based on the LCCS (Land Cover Classification System) classification scheme. In this study,
we reclassified the original vegetation map by merging several fine-grained categories.
Evergreen broadleaf and needleleaf forests were combined into a single “evergreen forests”
class and deciduous needleleaf and broadleaf forests were grouped as “deciduous forests.”
Similarly, closed and open shrublands, woody savannas, and savannas were combined into
the “shrubs” class. Grasslands remained unchanged (“grass”). Finally, the reclassified map
was resampled to a 0.5◦ spatial resolution for consistency with other datasets.

This study employed the widely used Aridity Index (AI) to identify arid and humid
zones (Figure 1), which is based on the long-term imbalance between precipitation (P) and
potential evapotranspiration (PET) [41–43]. If precipitation consistently exceeds evapora-
tion, the area is considered humid; conversely, if evaporation dominates, it is classified as
arid. This can be calculated by the following formula:

AI = P/PET (2)

2.2.2. Analysis of the Relationships between Vegetation and Water Variation

To investigate the relationships between vegetation and water variation, we employ
sensitivity and lag analysis. For sensitivity assessment, we perform a Pearson correlation
analysis for the growing season (April to October) between NDVI anomaly and SPEI time
series. This analysis examined the strength and direction of the linear relationship between
anomalies in NDVI and SPEI at each pixel.

For lag assessment, we conducted a lag analysis to identify the time at which the
correlation relationship between NDVI and SPEI was strongest [44–46]. This involved
calculating correlation coefficients with different lags by postponing the NDVI anomaly
series relative to 1 to 5 months to SPEI. Lag analysis can be represented by this formula:

Lag = argmax(|corr(SPEI, NDVIn)|) n ∈ [1, 5] (3)

where corr(SPEI, NDVIn) denotes the correlation coefficient of SPEI and NDVI at lag
n months, n is an integer, and argmax means finding the lag value n with the largest
absolute value. The lag effect observed between vegetation and water variability serves as
an indicator for assessing the resistance and recovery of ecosystems during droughts. A
shorter lag indicates a faster response to water variation, and thus a lower resistance to or
higher recovery from droughts [10].
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Similar to the lag assessment, we calculated the cumulative timescale of water vari-
ation. This is determined by the number of antecedent months at which SPEI showed
the maximum correlation with vegetation activity [27]. The cumulative timescale can be
expressed as follows:

Tcum = argmax(|corr(SPEIi, NDVI)|) i ∈ [1, 12] (4)

where corr(SPEIi, NDVI) denotes the correlation coefficient of SPEI and NDVI, i is the
SPEI scale, which can be represented as cumulative time, and argmax means finding the
cumulative time i with the largest absolute value.

To assess the dynamics of the relationship between vegetation and water variations
spanning the period from 1982 to 2022, we utilized a 10-year moving window approach. In
each window, we calculated sensitivity (correlation coefficients), lag (optimal time delay),
and cumulative timescale. For sensitivity, this can be represented by the following formulas:

NDVIn = NDVIn:n+W n ∈ [1, N −W + 1] (5)

Rn = corr(NDVIn, SPEIn) n ∈ [1, N −W + 1] (6)

Rmoving_window =
{

R1, R2, . . . , R(N−W+1)

}
(7)

where NDVIn represent the time series in the nth window, N is the sample size of the time
series, and W is moving window size. Rn denotes the sensitivity in the nth window and
Rmoving_window is the new time series of moving window sensitivities. The methods of lag
and cumulative time are similar to sensitivity.

3. Results
3.1. Sensitivity and Lag Response between Vegetation and Water Variation

We first employ the correlation relationship between mean growing season (May to
October) NDVI and multi-scale SPEI (SPEI 1 to 24) to assess the sensitivity of vegetation
growth to water variability. Our findings indicate that there is a positive sensitivity between
vegetation growth and water variation across 83% of China, and the average correlation
coefficient is 0.32 (Figure 2a). Higher positive sensitivity can be found in Inner Mongolia;
across this region, the mean correlation coefficient is above 0.4; negative sensitivity is
found in the Northeast of China, with an average correlation coefficient of approximately
−0.2. We then examined time lags spanning from 0 to 5 months, and for each time lag, we
calculated correlation coefficients between NDVI and SPEI 1 to 24 (Figure 2e), the corre-
sponding percentage of significant (p < 0.01) correlations at each time lag is also determined
(Figure 2g). By comparing the sensitivity among multiple SPEI scales, we found that longer
SPEI scales have higher sensitivity (Figure 2d). We noted that as the lag increases, the
sensitivity (percentage of significance) decreases and the correlation coefficients (percentage
of significance) range from 0.12 to 0.06 (from 39% to 17%) (Figure 2f,h).

By identifying the time lag associated with the highest positive correlation, we then
determined the response lag between vegetation growth and water variation (see Methods).
Shorter response lags are widely observed across China, with over 66% of area exhibiting
lags of less than 1-month; higher sensitivity usually consistently corresponds to shorter
response lags (Figure 2b). The spatial patterns of the optimum cumulative time scale are
shown in Figure 2c; regions in Inner Mongolia and Southeast China exhibited shorter
cumulative time scales (less than 6 months), suggesting the ecosystem responds primarily
to recent water variations. Conversely, northeastern and southwestern China displayed
maximum correlations with longer SPEI timescales (greater than 9 months), indicating that
vegetation in these areas responds to longer cumulative water variations.
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(d) Shows average sensitivity across different SPEI scales. (f,h) Depict the average sensitivity and
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We further explored the sensitivity and response lag as aridity gradient and plant
functional types based on multiple SPEI scales. The sensitivity decreases from drier re-
gions to wetter regions, ranging from 0.23 to 0.02 (Figure 3a), which means that regions
with lower moisture levels exhibit greater sensitivity. For different plant functional types
(Figure 3b), higher sensitivity was found in grass and crops (correlation coefficients are
0.17 and 0.16, respectively); deciduous forests exhibit a weaker connection between vege-
tation and water supply (correlation coefficient is 0.06). The response lag increases from
drier regions to wetter regions, ranging from 1 to 3 months (Figure 3c). For different
plant functional types (Figure 3d), deciduous forests exhibited the longest response lag
(2.4 months), while grass and crops demonstrated relatively shorter response lags (1.2 and
1.1 months, respectively).

3.2. Increased Sensitivity and Accelerated Response of Vegetation to Water Availability

To identify the temporal evolution of vegetation sensitivity and response lag to water
variability, we performed a moving window correlation analysis using a 10-year window
size for NDVI vs multi-scale SPEI (see Section 2.2). We found an increasing trend in sensi-
tivity and a simultaneous decline in lag response across all SPEI scales and various plant
functional types. The sensitivity to temporal changes displayed a positive slope increase
of 0.06 per decade (p < 0.01) (Figure 4a), whereas the temporal evolution of lag response
indicated a decrease of 0.18 months per decade (p < 0.01) (Figure 4b). Among various
plant functional types, the slope of the temporal change in sensitivity ranged from 0.04 to
0.06 per decade (p < 0.01) (Figure 4a), and the slope of the temporal change in lag response
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spanned from 0.16 to 0.19 months per decade (p < 0.01) (Figure 4b). Evergreen forests
and shrubs exhibited the most pronounced increase in sensitivity, with slope increases of
0.07 and 0.06 (p < 0.01); grass and deciduous forests exhibited the most significant decrease
in lag response, with slope decreases of 0.17 and 0.18 months per decade (p < 0.01). For
the temporal change in the cumulative water variation effect, we did not find a significant
trend from 1982 to 2022, either from the whole region or each plant functional type.
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Figure 3. Sensitivity and Response Lags Across Aridity Gradient and Plant Functional Types.
(a,c) Show sensitivity and lags along the aridity index gradient based on SPEI 1 to 24; the top
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shaded area represents the probability distribution of the aridity index. (b,d) Show sensitivity and
response lags for different plant functional types; error bars indicate standard deviations.

To avoid pre-selecting a specific time lag for analyzing sensitivity trends, we examined
a range of lags from 1 to 5 months combined with multiple SPEI timescales (Figure 5a–e).
Additionally, we considered the optimal lag for each pixel, defined as the lag with the
highest correlation coefficient (Figure 5f). We found that only at a lag of 1 month did we
observe a significant increase in sensitivity, with a trend of 0.02 per decade. For longer
lags (2–5 months), no significant increase in sensitivity trends was detected. However,
using the optimal lag for each pixel, we observed a clear and significant increasing trend in
sensitivity, with a trend of 0.01 per decade.
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Figure 4. Temporal Trends in Sensitivity and Response Lag (1982–2022). Trends in (a) sensitivity
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10-year moving window analysis. Gray lines represent individual SPEI timescales (1 to 24 months).
Colored dashed lines represent the average values for different plant functional types. The thick red
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types. The black dashed line represents the linear fit line for the overall average values.

Furthermore, our analysis of spatial trends in sensitivity (Figure 6a) reveals that
over 66% of China’s area exhibits an increase in sensitivity to water availability. Notably,
southwestern China displays the strongest positive trends, with sensitivity increasing by
approximately 0.04 per decade. In contrast, the North China Plain shows a decline in
sensitivity, with a trend of 0.03 per decade. Interestingly, vegetation with higher baseline
sensitivity is more likely to experience a further increase in sensitivity over time (Figure 6b),
where more than 19% of the area with sensitivity exceeding 0.2 exhibits a significant positive
trend. When examining the spatial distribution of response lag trends (Figure 6c), we found
that over 63% of China exhibits a shortening lag, indicating faster vegetation responses
to water changes. Southwestern China again stands out, with a decline in response lag
of 0.14 months per decade, signifying a faster response. Conversely, the North China
Plain shows an increase in response lag, suggesting a slower response, with a trend of
0.15 months per decade. Vegetation with a shorter response lag (less than 1 month) is more
likely to experience a further decrease in lag over time (Figure 6d). Over 21% of these areas
exhibit a significant negative trend in lag response. This suggests that vegetation with
a faster initial response is becoming even more responsive to water changes. To further
validate the robustness of our trend analysis, we examined sensitivity and response lag
trends across a range of SPEI timescales (1 to 24 months) (Figure S1). The consistent patterns
across these timescales strengthen our confidence in the identified trends and suggest they
are not driven by specific choices in the timescale. Analysis of cumulative time scale trends
(Figure 6e,f) reveals a contrasting pattern across China: a shortening trend of approximately
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−0.4 months per decade is evident in the Yangtze River Basin and parts of Northeast China.
Conversely, a lengthening trend of around 0.4 months per decade was observed in southern
and southwestern regions. Notably, a substantial portion of China (over 48%) exhibited an
increasing cumulative time scale with a positive trend.
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Figure 5. Sensitivity Trends Across Different Response Lags (1982–2022). (a–e) Show trends in
sensitivity across China from 1982 to 2022, based on a 10-year moving window analysis, for different
response lags (1 to 5 months); each panel shows the sensitivity for a specific lag. (f) Shows trends
in sensitivity based on the optimal lag (the lag with the maximum average sensitivity). Gray lines
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sensitivity or response lag for all SPEI scales and plant functional types. The black dashed line
represents the linear fit line for the overall average values.
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Figure 6. Spatial and Temporal Trends in Sensitivity and Response Lag (1982–2022). Spatial distri-
bution of trends in (a) sensitivity, (c) response lag (in months), and (e) cumulative time scale across
China from 1982 to 2022. (Sensitivity and lag are the average of SPEI 1 to 24 months.) Bivariate color
maps display the relationship between long-term average values (1982–2022) and temporal trends
for (b) sensitivity, (d) response lag, and (f) cumulative time scale. The color legend’s horizontal axis
represents the long-term average sensitivity, lag, or cumulative time scale. The vertical axis reflects
the trends in sensitivity, lag, or cumulative time scale over time.

4. Discussion
4.1. Possible Reasons for Regional Variability in Sensitivity and Lag Response between Vegetation
and Water Variation

The sensitivity of vegetation growth to water variability is a key indicator of the
impact of drought on ecosystems [4,9,47–49]. Our finding confirmed that ecosystems in
drier regions have a higher sensitivity to water availability, indicating that they are more
vulnerable to droughts, which was consistent with previous studies [4,5,8,50]. Across China,
drier environments often experience higher temperatures and increased evaporation rates,
which can exacerbate evaporation and intensify water stress, leading to a faster depletion of
available moisture and negatively impacting the physiological processes of plants [51,52].
Consequently, vegetation is more sensitive to water availability [53]. Our finding further
showed that deciduous and evergreen forests are less sensitive to water variation as they
have deeper root systems and high water storage capacity. In contrast, grasses, shrubs, and
crops are more sensitive to water availability, as they have shallow root systems and lower
water storage capacity [54–56]. This is consistent with previous studies that have found
that the sensitivity is more pronounced in shallow-rooted vegetation than in deep-rooted
vegetation [5,57].
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Vegetation in arid regions typically demonstrates a faster response to drought condi-
tions; the reliance on immediate precipitation for water availability makes vegetation less
resistant to water stress. Conversely, when precipitation occurs following a drought, plants
in these regions exhibit a swift response, efficiently utilizing the available moisture. This
process results in a shorter time lag, reflecting the rapid recovery and increased vegetation
activity following water supply [58].

Different SPEI scales (e.g., 1-month, 3-month, 6-month) reflect water conditions over
varying periods, influencing vegetation responses [2,44,59,60]. We observed similar lags
across multiple SPEI scales (Figure 2e,f), suggesting a consistent response pattern of veg-
etation to changes in water availability. This consistency could be due to the intrinsic
vegetation response time, meaning vegetation may have inherent physiological response
times to changes in water availability, leading to a consistent lag regardless of the timescale
of water variation.

4.2. Possible Reasons for Intensified Vegetation Sensitivity and Shortened Response Lag to
Water Variation

Vegetation sensitivity to water variability has intensified over the past 40 years, cou-
pled with a corresponding reduction in response lag (Figure 4a,b). This indicates a height-
ened promptness in the vegetation growth response to water variability compared to
previous decades. Global warming has contributed to a widespread “greening” trend in
ecosystems across the Northern Hemisphere [61,62]. However, this apparent increase in
greenness is accompanied by elevated transpiration rates, leading to a higher demand for
water from the soil [24,63]. Consequently, intensified transpiration exacerbates vegetation
stress, resulting in an increased sensitivity to drought and a reduction in lag time. Besides
global warming, human activity such as greening reforestation programs, including the
Three-North Shelterbelt Development Program and Grain for Green Program, may deplete
soil water or groundwater and thus intensify water stress [64], which could intensify plant
sensitivity over time. Over time, there has been a decrease in sensitivity between crops and
SPEI among all plant functional types. This decoupling may be attributed to the increased
extraction of groundwater for irrigation [65,66]. Nevertheless, this heightened extraction
has led to irreversible declines in groundwater storage, subsequently diminishing ground-
water discharge to streams and rivers. Consequently, ecosystems reliant on groundwater
are poised to endure more severe impacts during droughts [67]. Furthermore, the increased
severity and frequency of drought events in arid regions, compounded by elevated temper-
atures that contribute to higher water evaporation rates, place vegetation under greater
pressure from water scarcity, which further amplifies its sensitivity to drought [68].

Land use change may also significantly affect vegetation sensitivity and lag response
over time by altering water availability, soil properties, and ecosystem dynamics [69,70].
Urbanization, deforestation, and agricultural expansion often reduce vegetation cover [71],
disrupt hydrological cycles, and lower soil moisture retention, making ecosystems more
sensitive to water variability. For example, deforestation decreases the water-holding
capacity of soils [72], leading to quicker depletion of moisture during droughts and reducing
the lag between precipitation and vegetation response. Similarly, the conversion of natural
landscapes to agricultural land increases water demand for irrigation, often exacerbating
water stress and further reducing response times. Over time, these changes intensify the
sensitivity of ecosystems to climate variability and water scarcity, making sustainable land
management essential to prevent degradation.

Although more than 66% of regions have shown increasing sensitivity and decreasing
lag response over time, it is interesting to note that Inner Mongolia, an arid region, exhibits
decreasing sensitivity and increasing response lag. Such decoupling could be partially
attributed to increased groundwater levels over the past decade, which have helped buffer
plant water stress in these regions [73]. Moreover, a decreasing drought sensitivity over
time in Inner Mongolia suggests that plants are adapting to droughts and adjusting their
water use strategies by tapping water from deeper soil water, rocks, and groundwater [74].
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In contrast, southern China, classified as a humid region, is also becoming more sensitive,
likely due to decreased groundwater and soil moisture [75], which intensifies plants’
vulnerability to droughts.

Although there seems to be no trend in the cumulative time scale from 1982 to 2022
(Figure 4c), the spatial pattern of cumulative drought effect trends varies across different
regions and aligns with the spatial patterns of lag and sensitivity trends (Figure 6a,c,e),
especially in northeastern China and the Yangtze River Basin. The shortened lag and
shortened cumulative timescale are interconnected. When vegetation responds more
quickly to water stress (shortened lag), it indicates that plants are experiencing immediate
water deficits rather than relying on stored soil moisture or longer-term water availability.
This rapid response reduces the period over which drought effects accumulate, leading to a
shortened cumulative timescale.

4.3. Implications for Future Ecosystem Management and Water Resource Planning

The increasing sensitivity of vegetation to water variability and the shortening lag
response highlight crucial challenges for future ecosystem management and water resource
planning. As ecosystems become more sensitive to drought, particularly in arid and
semi-arid regions, land managers will need to prioritize strategies that enhance ecosystem
resilience to water stress using drought-resistant species, improving soil moisture retention,
and regulating groundwater use to prevent over-extraction. As vegetation responds more
rapidly to water deficits, timely intervention in water resource management is important,
especially in regions facing frequent or prolonged droughts. Adaptive water management
frameworks that account for these changing dynamics will be crucial for maintaining
ecosystem activity and preventing irreversible degradation.

4.4. Limitations and Future Research Directions

There are several limitations in this research that need to be acknowledged. First, while
the GIMMS NDVI4g data provide a long-term record of vegetation dynamics, resampling
their spatial resolution to 0.5 degrees to match the SPEI data may lead to a loss of finer
spatial details, particularly in regions with heterogeneous landscapes. Second, the use of
SPEI, although effective in capturing water stress, might not account for other relevant
factors influencing vegetation responses, such as soil properties or local water management
practices, which could affect the accuracy of sensitivity and lag assessments. Additionally,
while the aridity index and GLC2000 data provide a useful framework for categorizing
climate zones and plant functional types, they may not fully reflect dynamic land cover
changes or more recent developments in vegetation classification since these datasets are
based on earlier periods. Lastly, the reliance on correlation and lag analysis may overlook
complex interactions between climate variables and vegetation responses, suggesting
the need for more comprehensive models that integrate multiple environmental drivers.
These limitations highlight areas for further refinement and the incorporation of additional
datasets to provide a more holistic understanding of vegetation–water interactions.

While our findings highlight the increasing sensitivity of vegetation to water variability,
the underlying mechanisms driving this trend remain unclear. The correlation between
NDVI and SPEI provides valuable insights but does not fully explain the physiological and
ecological processes involved. Understanding these mechanisms is critical for predicting
how ecosystems will respond to ongoing climate change. Therefore, further research is
needed to integrate data on plant physiology, soil moisture dynamics, and atmospheric
conditions to establish clearer causal links. Such studies would improve our predictive
understanding of ecosystem responses and help refine earth system models, which are
essential for accurate and effective ecosystem management. In addition, this mechanistic
understanding would enable the development of targeted mitigation strategies aimed at
reducing vegetation vulnerability to future climate stressors.
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5. Conclusions

In conclusion, our study sheds light on the critical importance of understanding how
plants adapt to evolving water availability, especially in the context of predicting ecosystem
vulnerability to drought and managing resources amidst climate change challenges. By
leveraging the latest GIMMS NDVI4g and SPEI, we explored the spatial–temporal dynamics
of sensitivity and lag in vegetation growth in response to water variability across China
from 1982 to 2022. Our findings reveal that a substantial portion of China’s vegetation,
exceeding 66%, exhibits heightened sensitivity to water availability, with 63% displaying a
shorter response lag. This sensitivity varies across aridity gradients and among different
plant functional types. Moreover, over the past decades, most of China’s vegetation has
demonstrated increased sensitivity to water variability, accompanied by a shorter response
lag. These outcomes significantly contribute to our understanding of vegetation dynamics
in the face of changing water conditions, pointing towards an increased susceptibility of
vegetation to drought in a future warming world. The insights gained from this study
underscore the urgency of adopting proactive measures to address the potential impacts
of shifting water availability on ecosystems, emphasizing the importance of sustainable
resource management practices in the context of a changing climate.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/w16182677/s1, Figure S1: Violin plots of the distribution of
trends in (a) sensitivity and (b) response lag for each SPEI timescale (1 to 24 months). The caps
represent the minimum and maximum values, the whiskers represent the 25th, 50th, and 75th
percentiles; Figure S2: Spatial distribution of aridity index.
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