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Abstract: Drylands are expected to be affected by greater global drought variability in the future;
consequently, how dryland ecosystems respond to drought events needs urgent attention. In this
study, the Normalized Vegetation Index (NDVI) and Standardized Precipitation and Evaporation
Index (SPEI) were employed to quantify the resistance of ecosystem productivity to drought events
in drylands of northern China between 1982 and 2015. The relationships and temporal trends of
resistance and drought characteristics, which included length, severity, and interval, were examined.
The temporal trends of resistance responded greatest to those of drought length, and drought length
was the most sensitive and had the strongest negative effect with respect to resistance. Resistance
decreased with increasing drought length and did not recover with decreasing drought length in
hyper-arid regions after 2004, but did recover in arid and semi-arid regions from 2004 and in dry
sub-humid regions from 1997. We reason that the regional differences in resistance may result
from the seed bank and compensatory effects of plant species under drought events. In particular,
this study implies that the ecosystem productivity of hyper-arid regions is the most vulnerable to
drought events, and the drought–resistance and drought–recovery interactions are likely to respond
abnormally or even shift under ongoing drought change.

Keywords: resistance; drought events; drought variability; seed bank; compensatory effect; drylands

1. Introduction

Increased drought events due to rising global temperatures has caused worldwide
concern, even though droughts can be mitigated by fluctuations of precipitation [1–3].
In fact, an alleviating trend of droughts has been recorded in some regions, including
some drylands, in the last decade [4–8]. Such fluctuations in droughts, that is, prolonged
increases in droughts followed by an alleviation, provides the basis for a natural study
in predicting the response of ecosystems to drought events [9]. Drylands were generally
characterized by “long-lasting drought”, with typically unpredictable precipitation and
high air temperatures [10,11]. Since greater drought variability is expected in the coming
century [12–14], understanding the resistance of dryland ecosystems to drought events
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in a long-term time series is crucial in predicting the response of dryland ecosystems to
droughts [15,16].

Drought resistance indicates the ability of an ecosystem to remain close to its undis-
turbed state under drought events, and is usually applied to quantify the impact of droughts
on ecosystem functions, such as productivity and plant biomass allocation [17–21]. In fact,
the temporal and spatial patterns of drought resistance also reflect indirectly the changes of
population dynamics and community structure with drought stress [22–26]. The increasing
drought events have resulted in considerable damage to the stability of ecosystems and,
thus, their resistance, and the resulting ecological consequences has varied considerably
across continental regions. For example, droughts occurring once every 5 to 10 years in
the Amazon since 2005 have resulted in permanent changes in vegetation cover, severe
drought has destroyed rainforest greenery permanently in the Congo, and a 17-month
drought caused a 40% decline in productivity within tropical rainforests [27–29]. Despite
recurring or severe drought events, ecosystems in most regions tended to remain rela-
tively stable [30–33]. However, drylands, comprising hyper-arid, arid, semi-arid, and dry
sub-humid ecosystems, may differ greatly in their resistance to drought events [34].

It remains unknown, however, whether resistance increases or decreases with alle-
viated droughts in drylands, as the response of ecosystem productivity to drought may
depend on drought stress from previous years [35–38]. If previous droughts have caused
xylem damage in plants, seed bank depletion, and massive loss of functionally similar plant
species, resistance will not recover and may continue to decrease, even under relatively
favorable conditions, due to impairments in the ecosystem water use efficiency [9,39,40].
Conversely, if previous droughts caused seed dormancy and loss of a small number of
species, but the loss was compensated by functionally similar species, resistance should
recover rapidly when conditions improve [31,41–43]. These two scenarios have distinct
effects on the stability of ecosystem productivity. The former can potentially drive abnor-
mal responses or even shifts within drought–resistance interactions, which can lead to the
impairment of ecosystem functions [24,44,45]. As a result, increased drought variability in
drylands may be a considerable threat in the future.

During the past several decades, there have been frequent drought events in the
drylands of northern China under global climate change. This study examined the resis-
tance of ecosystem productivity to these events between 1982 and 2015. The following
questions were addressed: (1) were the temporal trends in drought characteristics and in
drought resistance consistent across the drylands of northern China during the past 34
years, and did the trends differ among regions of different aridity levels? (2) which variable,
among drought length, severity, and interval, had the strongest impact on resistance in
different regions?

2. Materials and Methods
2.1. Study Area

Data for the study were collected in temperate continental drylands in northern
China (Figure 1). Grasslands and deserts were the major ecosystems in this region, and
the vegetation growing season was from May to September, with maximum biomass in
August [46,47]. The mean annual air temperature (MAT) ranged from −29.4 to 15.3 ◦C,
and mean annual precipitation (MAP) ranged from 9 to 795 mm. The aridity index (AI, the
ratio of mean annual precipitation to mean annual potential evapo-transpiration) ranged
from 0.0084 to 0.65, and included hyper-arid (AI < 0.03), arid (0.03 ≤ AI < 0.20), semi-arid
(0.20 ≤ AI < 0.50), and dry sub-humid (0.50 ≤ AI < 0.65) regions [48]. Plant species richness
and vegetation cover increased, and vegetation type shifted from desert to grassland with
increasing AI; hyper-arid and arid regions had mostly desert vegetation, and semi-arid and
dry sub-humid regions had mostly grassland vegetation [49].
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from the Global ESA CCI land cover classification map (http://www.esa-landcover-cci.org/ (ac-
cessed on 25 July 2021)). 

2.2. GIMMS NDVI3g Dataset  
The GIMMS NDVI3g dataset (https://ecocast.arc.nasa.gov (accessed on 25 July 2021)), 

published by the National Aeronautics and Space Administration (NASA), was officially 
corrected and error-processed to ensure quality [50,51]. The 1/12° × 1/12° spatial resolution 
dataset was applied continuously due to its long time series, which spanned from 1982 to 
2015, with 15-day intervals. The GIMMS NDVI was correlated significantly with the 
MODIS NDVI, which had a higher spatial resolution, but GIMMS NDVI was proven to 
be more accurate than MODIS NDVI in drylands [52–54]. In this study, an annual maxi-
mum NDVI (NDVImax) was used to indicate ecosystem productivity [18,33,47,55]. 

2.3. Identifying Drought Events 
The standardized precipitation evapo-transpiration index (SPEI), a site-specific 

monthly drought indicator based on deviations from the average water balance during a 

Figure 1. Graphical representation of the (a) aridity index (AI) and (b) land cover in the study area.
For (a), colors, except gray, indicate regions in the drylands, and gray indicates the non-drylands,
where AI is greater than 0.65. AI < 0.03, 0.03 ≤ AI < 0.2, 0.2 ≤ AI < 0.5, and 0.5 ≤ AI < 0.65 represent
hyper-arid, arid, semi-arid, and dry sub-humid regions, respectively. For (b), land cover data are from
the Global ESA CCI land cover classification map (http://www.esa-landcover-cci.org/ (accessed on
25 July 2021)).

2.2. GIMMS NDVI3g Dataset

The GIMMS NDVI3g dataset (https://ecocast.arc.nasa.gov (accessed on 25 July 2021)),
published by the National Aeronautics and Space Administration (NASA), was officially
corrected and error-processed to ensure quality [50,51]. The 1/12◦ × 1/12◦ spatial resolu-
tion dataset was applied continuously due to its long time series, which spanned from 1982
to 2015, with 15-day intervals. The GIMMS NDVI was correlated significantly with the
MODIS NDVI, which had a higher spatial resolution, but GIMMS NDVI was proven to be
more accurate than MODIS NDVI in drylands [52–54]. In this study, an annual maximum
NDVI (NDVImax) was used to indicate ecosystem productivity [18,33,47,55].

2.3. Identifying Drought Events

The standardized precipitation evapo-transpiration index (SPEI), a site-specific monthly
drought indicator based on deviations from the average water balance during a given
number of months, was used to identify drought events [43,56]. We extracted SPEI val-
ues from the SPEIbase raster files (available from http://sac.csic.es/spei (accessed on
25 July 2021)) from 1901 to 2015, with a temporal interval of one month and a spatial res-

http://www.esa-landcover-cci.org/
https://ecocast.arc.nasa.gov
http://sac.csic.es/spei
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olution of 0.5◦ × 0.5◦. First, the difference between monthly precipitation and potential
evapo-transpiration was calculated to represent the water surplus or deficit for a given
month. The calculated difference values were then added together based on a given inte-
gration timescale, such as a continuous 12-month period, which indicated the cumulative
water deficit or surplus during the preceding 12 months. Here, the integration timescale
did not measure drought length; rather, it quantified the aggregated hydrologic state [57].
The SPEI of 12 months or longer integration timescales were more suitable for analyzing
drought temporal trends and singling out drought events [43,58]. Finally, the aggregation
values were normalized using a three-parameter log–logistic distribution to represent the
SPEI, where values less than −1 indicated dryness [56].

SPEI, with a 12-month integration timescale (SPEI-12), was used because: (1) of the
possibility to single out drought events; (2) plant seed germination was controlled mainly by
the SPEI-12; and (3) primary productivity responded to annual water balances, especially
in drylands [32,43,56,58]. To match the time span and spatial resolution of NDVImax
and SPEI-12, SPEI-12 was extracted between 1982 and 2015, and NDVImax and SPEI-12
were resampled to a 0.1◦ × 0.1◦ resolution by bilinear interpolation using the function
“linint2_points” in NCAR Command Language (NCL) [59].

A drought event was identified by two processes: (1) an SPEI-12 of less than −1
for at least 3 months during the growing season (May–September) [57]. The consecutive
months were also set at 2, 4, 5, and 6 to determine the robustness of resistance to drought
characteristics. SPEI-12 in March–August was used because NDVI reached a maximum in
August, and the drought event in May could only be identified when the SPEI-12 included
March. SPEI-12 during the non-growing season was not considered because the highest
correlations between drought events and vegetation response occurred in the growing
season [32,43,60]. In addition, the non-growing season was the dormant period for plants,
which caused only a small impact on NDVImax, and taking it into account could result in
erroneous information; (2) multiple drought events of less than 3 intervening years were
integrated into a single drought event, considering the potential lag effects of drought and
ensuring a recovery time of at least 3 years after a drought event [34,61]. It was considered
a drought year if there was a drought event in that year.

Drought characteristics included drought length, severity, and interval. Drought
length was the cumulative number of months in a drought event, in which SPEI was less
than −1 for 3 consecutive months during the growing season [57]. Drought severity was
the mean SPEI-12 value during the cumulative number of months, in which a larger value
of SPEI corresponded to a smaller drought intensity by the calculation principle of SPEI [56].
Drought interval was the number of years between two consecutive drought events [57].
By definition, drought intensity increased with increasing drought length and decreased
with increasing drought severity and interval.

2.4. Quantifying Resistance

Resistance indicated the ability of an ecosystem to remain close to a reference state
under drought events and was used to assess the effects of drought on the ecosystem [62].
The reference state refers to the undisturbed state of the ecosystem, which included pre-
disturbance, post-disturbance, and normal states [30,34,63]. Given the frequent drought
events in the drylands of northern China, it was possible to confound pre-drought and
post-drought states. Thus, the reference state is represented by the mean NDVImax for
normal years in the present study. Resistance (Equation (1)) is calculated as follows [34]:

Ω =
Ye

Y
(1)

where Ω = resistance, Ye = the minimum NDVImax during a drought event, and Y = the
mean NDVImax for all eligible normal years. Normal years were all non-drought years,
except for some years in which the NDVImax was less than the mean NDVImax in drought
years. As resistance (Ω) increased, the ecosystem was more resistant to drought events.
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Resistance greater than or equal to 1, that is, an NDVImax during a drought event that was
greater than or equal to the NDVImax under normal years, indicated that the drought event
did not result in a decrease in NDVImax, and the ecosystem was completely resistant to
the drought event. Resistance of less than 1 indicated that the drought event resulted in
a decrease in NDVImax, and the ecosystem was not completely resistant to the drought
event [13].

2.5. Data Analysis

Pearson correlation was used to test the relationships between resistance and drought
characteristics. Linear ordinary least-squares (OLS) regressions and multinomial regres-
sions were used to identify changes in resistance with increasing drought intensity. A
one-way analysis of variance was used to test differences of drought intensity in complete
(resistance ≥ 1) or incomplete (resistance < 1) resistance. Wavelet analysis was employed to
check the quasi-periodicity in resistance and drought characteristics and to assess whether
the quasi-periodicity changed abruptly between 1982 and 2015. In contrast to the regular
recurring state of periodicity, quasi-periodicity displays a pattern of recurrence but is not
strictly regular, such as the interannual variation of precipitation [64,65].

Wavelet analysis can be used to break down a time series into time/frequency space
simultaneously and, thus, allow estimation of the spectral characteristics, revealing how
its different periodic components change during a time series [66,67]. Wavelet analysis
has been used widely to analyze the volatility and periodicity of climate and vegetation
variables during a time series, and also to identify irregular precipitation, warming air
temperature, and vegetation changes [68–71].

Wavelet analysis used the “wavelet” function in NCAR Command Language (NCL)
(https://www.ncl.ucar.edu/ (accessed on 25 July 2021)), in which the function calculated
the wavelet transform of a time series and significance levels. In this study, 11 parameters,
y, mother, param, dt, s0, dj, jtot, npad, noise, isigtest, and siglvl, were needed, where y indi-
cated resistance or drought characteristics for each year from 1982 to 2015; mother = 0 and
param = 0 meant to use the most popular “Morlet” wavelet. The default values were used
for all other parameters, that is, dt = 1 meant 1 year for the amount of time between each y
value; s0 = 2 meant 2 years for the smallest scale of the wavelet; dj = 0.01 meant 0.01 years
for space between discrete scales; jtot = floattointeger(((log10(n*dt/s0))/dj)/log10(2.0)) + 1
meant the number of scales; npad = 34 meant 34 years for the total number of years about
wavelet transform; noise = 0 meant use a white noise background for significance testing;
isigtest = 0 meant do a regular chi-square test; siglvl = 0.95 meant 0.05 significance level.

All analyses used NCL 6.5.0.

3. Results
3.1. Temporal Trends in Resistance and Drought Characteristics

In hyper-arid regions, resistance displayed an upward trend from 1982 to 1994, but a
downward trend from 1994 to 2015 (Figure 2a). The strongest quasi-periodicity of resistance
was for about 8 years between 1982 and 2006, but this declined abruptly to 2 years between
2006 and 2015 (Figure 3a). In arid, semi-arid, and dry sub-humid regions, resistance
exhibited rising, falling, and then rising trends between 1982 and 2015. A second period
of increasing resistance occurred between 2004 and 2015 in arid and semi-arid regions,
and between 1997 and 2015 in dry sub-humid regions (Figure 2b–d). The strongest quasi-
periodicity of resistance was about 7 years in arid regions, about 17, 11, or 5 years in
semi-arid regions, and about 11 or 2 years in dry sub-humid regions (Figure 3b–d).

https://www.ncl.ucar.edu/
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Drought intensity increased with increasing drought length and decreased with in-
creasing drought severity and interval, while resistance displayed an opposite trend with
drought intensity between 1982 and 2015 (Figure 2). For drought length, severity, and
interval, the temporal trends of resistance responded greatest to drought length, that is,
with a greater resistance corresponding to a shorter drought length. Temporal trends of
drought length matched those of resistance between 1982 and 2004 in hyper-arid regions,
and between 1982 and 2015 in arid, semi-arid, and dry sub-humid regions (Figure 2a–h).
Drought length and resistance exhibited different strongest quasi-periodicity in hyper-arid
regions, but the same strongest quasi-periodicity in arid, semi-arid, and dry sub-humid
regions between 1982 and 2015 (Figure 3a–h). Temporal trends in drought severity and
interval matched temporal trends in resistance in partial periods (Figure 2a–d,i–p), and
drought interval and severity with resistance showed different strongest quasi-periodicity
between 1982 and 2015 (Figure 3a–d,i–p).
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3.2. Effect of Drought Characteristics on Resistance

Of drought length, severity, and interval, drought length had the largest impact on
resistance (Table 1, Figures 4–6). This effect was not affected by time length, such as con-
secutive periods of 2, 3, 4, 5, and 6 months, in identifying the drought events and drought
years (Figure 4). In hyper-arid, arid, semi-arid, and dry sub-humid regions, drought length
and resistance were correlated significantly (Table 1, Figure 4), and the slopes of the linear
relationships between lg-transformed resistance and lg-transformed drought length were
−0.0395, −0.0591, −0.1039, and −0.0488 (Figure 5a–d). In addition, drought intensity,
corresponding to complete or incomplete resistance, indicated whether the ecosystem was
tolerable or non-tolerable to drought, with the former having significantly lower drought
length than the latter (Figure 6a–d). In hyper-arid, arid, semi-arid, and dry sub-humid
regions, average drought lengths were 4.10, 4.81, 3.91, and 4.52 months for complete resis-
tance (resistance ≥ 1); and 8.80, 10.10, 8.67, and 8.87 months, respectively, for incomplete
resistance (resistance < 1) (Figure 6a–d). Generally, drought severity or interval displayed
weaker correlations with resistance than drought length (Table 1, Figures 4–6).
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Table 1. Correlations between resistance and drought characteristics in hyper-arid, arid, semi-arid,
and dry sub-humid regions.

Study Area Drought Characteristics
Resistance

Correlation (r) Significance n

Hyper-arid

Drought length (months)

−0.300 *** 17,829
Arid −0.238 *** 47,431

Semi-arid −0.443 *** 37,838
Dry sub-humid −0.367 *** 11,420

Hyper-arid

Drought severity

0.080 *** 17,829
Arid −0.052 *** 47,431

Semi-arid 0.142 *** 37,838
Dry sub-humid 0.129 *** 11,420

Hyper-arid

Drought interval (years)

0.011 ns 17,829
Arid −0.068 *** 47,431

Semi-arid 0.059 *** 37,838
Dry sub-humid 0.266 *** 11,420

*** p < 0.001; ns, not significant. The spatial resolution of the study area is 0.1◦ × 0.1◦, and n is the number of
grid points.
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Figure 6. Differences in (a–d) drought length, (e–h) severity, and (i–l) interval corresponding to
complete (resistance ≥ 1) or incomplete (resistance < 1) resistance in (a,e,i) hyper-arid, (b,f,j) arid,
(c,g,k) semi-arid, and (d,h,l) dry sub-humid regions. Black dots indicate average values. Black boxes
indicate a non-significant difference, while the red and blue boxes indicate significant differences.
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4. Discussion
4.1. Temporal Trends of Drought Characteristics and Resistance, and Inter-Regional Differences

Most studies have focused on resistance under drought events, resistance differences
among different ecosystems, and driving factors in the relationship between resistance
and drought events [72–74]. However, temporal trends of resistance and driving factors
under increased drought variability have rarely been examined because the ‘extremeness’
of drought events are highly dependent on historic droughts and what the ecosystem and
its component species have experienced in the past [15,35,62]. We found that the temporal
trends and quasi-periodicity of resistance between 1982 and 2015 responded mainly to
drought length and, to a lesser extent, to drought severity and interval (Figures 2 and 3).
These findings can help predict the resistance of dryland ecosystems under increased
drought variability.

Temporal trends of drought characteristics and resistance revealed differences among
regions of different aridity levels across drylands in northern China. In hyper-arid regions,
resistance decreased with increasing drought length since 1994, but did not recover with
decreasing drought length after 2004 (Figure 2a,e), while, the strongest quasi-periodicity
of resistance changed from 8 to 2 years from 2006 (Figure 3a). Therefore, the present
study demonstrated the vulnerability of ecosystem productivity in hyper-arid regions,
which may be due to a number of reasons, including: (1) simple species composition and
weak compensatory effects; (2) depletion of the seed bank due to prolonged drought; and
(3) seedling germination after drought cessation, which, in turn, increases plant mortality at
the next drought event [9,47,75–79]. It was assumed that the drought–resistance interactions
in hyper-arid regions were likely to respond abnormally under ongoing drought change.

Despite prolonged increasing droughts in previous years, resistance recovered from
2004 in arid and semi-arid regions, and from 1997 in dry sub-humid regions with decreasing
drought length (Figure 2b–d,f–h). This may be due to: (1) drought events causing seed
dormancy in previous years; (2) productivity declining in a small number of species.
However, this reduction was compensated by functionally similar species [9,31,79–81].
Temporal trends of resistance were better predictors of future climate change than resistance
under drought events [9,34,62,82]. This implies that resistance in arid, semi-arid, and dry
sub-humid regions is expected to be relatively stable when climate variability is similar to
current values.

4.2. Effects of Drought Characteristics on Resistance and Inter-Regional Differences

Some studies reported that drought characteristics, such as length, severity, and
interval, were not important in explaining the variability of ecosystem resistance in response
to drought events due to the self-regulating functions of the ecosystem [41,73,83,84]. In
contrast, other studies reported that ecosystem productivity can be reduced substantially by
extreme drought, as it impaired a number of ecosystem processes, including photosynthesis
rate, stomatal conductance, soil respiration, and soil water content [28,34,84,85]. The
present study supported the latter studies, as there was a strong and robust negative effect
of drought length on resistance, followed by drought severity and interval in the drylands
of northern China (Table 1, Figures 4–6).

The relationships between resistance and drought characteristics were expected to
be more complex when resistance did not recover and the region continued to experience
severe drought events as shown in Figure 2 [27,29]. However, the relationship in Figure 2
does not illustrate that resistance increases with increasing drought intensity, but may
decrease as drought intensity increases or decreases. The power–law relationships between
resistance and drought characteristics (Figure 5), especially for drought length, with the
strongest negative effect on resistance, showed a higher coefficient of determination (R2)
than the linear, quadratic, and cubic relationships. Moreover, the lg-transformed datasets
should be subjected to the normal distribution and thus follow the requirement of regres-
sion analysis. We, therefore, concluded that power–law relationships provide relatively
appropriate estimates for the effects of drought characteristics on resistance. In addition,
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given the monotonic relationships between resistance and drought characteristics (Figure 5),
quantifying the tolerable or intolerable drought intensity of an ecosystem in the present
study (Figure 6) can help decision-makers to take measures in advance and thus alleviate
the decrease of productivity and biodiversity loss resulting from drought stress [8,86].

The negative effect of drought characteristics on resistance, and the sensitivity of
the negative effect to set different consecutive months in identifying drought events and
drought years varied across regions, having a greater negative effect and a higher sensitivity
in semi-arid and dry sub-humid regions than in hyper-arid and arid regions, which was
consistent with earlier findings [31,41,74,87]. These differences can be attributed to the
large-scale heterogeneity of environmental variables such as water conditions in semi-arid
and dry sub-humid regions relative to hyper-arid and arid regions, as the former display
more variation in plant species richness, and, ultimately, in productivity [24–26,72,88,89].
The low heterogeneity of water conditions in the hyper-arid and arid regions contributed
to the low variations in plant species richness and productivity, and even ecosystem
functions [24–26], and was another reason for the low likelihood of resistance recovery
when conditions improved.

We identified the drought length that the ecosystem can tolerate, that is, a drought
length that corresponded to a resistance greater than or equal to one. This situation may
occur because: (1) the time of the drought event was not a critical period for plant growth;
(2) during the critical period for plant growth, conditions such as precipitation may have
been better; and (3) drought impacts exhibit a lag effect. It should be noted that variables
such as vegetation, soil properties, and hydrothermal states were not examined in this study,
and they could also affect the response of resistance to drought events. Future research
should include more variables and longer-term observations at fixed sites to consolidate
the temporal trends and their drivers of ecosystem resistance.

5. Conclusions

Of drought length, severity, and interval, drought length had the strongest negative
impact on resistance in drylands of northern China between 1982 and 2015, and this
negative effect differed across regions. In hyper-arid regions, resistance declined with
increasing drought length from 1994, did not recover with decreasing drought length after
2004, and the quasi-periodicity of resistance changed abruptly from 8 years to 2 years in
2006. Despite increasing drought events in previous years, resistance recovered from 2004
in arid and semi-arid regions, and from 1997 in dry sub-humid regions with decreasing
drought length. These results demonstrate that ecosystem productivity in hyper-arid
regions is the most vulnerable to drought and the drought–resistance interactions are
likely to respond abnormally or even shift under on-going drought change. Resistances
in arid, semi-arid, and dry sub-humid regions are expected to be stable when drought
characteristics are similar to current ones.
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