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Abstract: Water-energy dynamics broadly regulate species richness gradients but are being altered
by climate change and anthropogenic activities; however, the current methods used to quantify this
phenomenon overlook the non-linear dynamics of climatic time-series data. To analyze the gradient of
species richness in China using water-energy dynamics, this study used linear regression to examine
how species richness is related to (1) the long-term mean of evapotranspiration (ET) and potential
evapotranspiration (PET) and (2) the temporal stability of ET and PET. ET and PET were used to
represent the water-energy dynamics of the terrestrial area. Changes in water-energy dynamics over
the 14-year period (2000 to 2013) were also analyzed. The long-term mean of ET was strong and
positively (R2 ∈ (0.40 ∼ 0.67), p < 0.05) correlated with the species richness gradients. Regions in
which changes in land cover have occurred over the 14-year period (2000 to 2013) were detected from
long-term trends. The high level of species richness in all groups (birds, mammals, and amphibians)
was associated with relatively high ET, determinism (i.e., predictability), and entropy (i.e., complexity).
ET, rather than PET or temporal stability measures, was an effective proxy of species richness in
regions of China that had moderate energy (PET > 1000 mm/year), especially for amphibians.
In addition, predictions of species richness were improved by incorporating information on the
temporal stability of ET with long-term means. Amphibians are more sensitive to the long-term ET
mean than other groups due to their unique physiological requirements and evolutionary processes.
Our results confirmed that ET and PET were strongly and significantly correlated with climatic and
anthropogenic induced changes, providing useful information for conservation planning. Therefore,
climate management based on changes to water-energy dynamics via land management practices,
including reforestation, should be considered when planning methods to conserve natural resources
to protect biodiversity.

Keywords: terrestrial biodiversity protection; recurrence quantification analysis (RQA);
evapotranspiration (ET)

1. Introduction

Climate change and human activities are the primary stressors driving the global loss of
biodiversity [1]. For instance, climate change (characterized by increasing temperatures and changing
patterns in precipitation) has already strongly influenced species richness across North America by
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impacting the physiology, geographical distribution, and phenology of organisms [2]. Habitat loss and
fragmentation caused by land cover conversion directly results in the decline of populations of affected
species, as well as increasing the risk of extinction [1,3]. Furthermore, the water-energy dynamics,
which govern the patterns of global biodiversity [4], have been altered due to climate change and
human-induced change [5].

The geographical gradients of biodiversity are based on climate gradients [4], with the interaction
between water and energy representing the foundation of these climate gradients [6]. Among the key
concepts presented in the published literature, the water-energy hypothesis is a climatically based
hypothesis that has become the subject of increased interest. This hypothesis states that the interaction
of water and energy generates and maintains the broad-scale gradients of species richness [4,7] by
directly or indirectly constraining the physiological and physicochemical processes of plants and
animals [8].

Many studies have shown the relationship between water-energy dynamics and species richness,
producing estimates of the richness of reptiles, amphibians, birds, mammals, and plants in North
America, Europe, and Southern Africa [7,9–11]. However, the climate system is highly non-linear,
consisting of different dynamic processes that operate at various spatial and temporal scales. To date,
quantitative methods have been primarily based on a long-term climate mean [12]; however, these
methods fail to consider how climate attributes with non-linear time series affect biodiversity [13].
Therefore, it is necessary to test the water-energy dynamics hypothesis for different regions of the
world before analyzing its influence on species richness. In addition, the effects of the temporal stability
of water-energy dynamics on species richness should also be considered because temporal stability is
influenced by non-linear climatic systems.

This study examined whether it is possible to predict species richness from water-energy dynamics
by using remote sensing data in China. The long-term mean and temporal stability of the water-energy
dynamics were measured and assessed using the indices of recurrence quantification analysis (RQA).
We also investigated the ability to detect changes in water-energy dynamics. This study is expected to
expand the water-energy hypothesis by incorporating information on dynamic changes and temporal
stability to provide more accurate information about species richness based on remote sensing data.

2. Materials and Methods

2.1. Water-Energy Dynamics and Remote Sensing Datasets

Potential evapotranspiration (PET) and evapotranspiration (ET) were used to represent the
water-energy dynamics of land, considering their vital roles in global climate dynamics and terrestrial
ecosystem productivity dynamics [12,14–16]. PET and ET represent good predictors of species richness
patterns [9] but are not consistent. Currie [17] and Rodriguez [10] found that PET was the best predictor
for vertebrate richness across North America and for amphibian richness in Europe. However, ET was
found to be a strong predictor for birds in Europe and mammals in South America [9,18]. Therefore,
further investigations are necessary to determine the ability of PET and ET to predict species richness.

This study used PET and ET time series datasets from the Moderate Resolution Imaging
Spectroradiometer (MODIS, MOD16-MODIS Global Evapotranspiration project, http://www.ntsg.
umt.edu/project/mod16). PET and ET datasets (monthly for temporal stability and annually for the
long-term mean, from 2000 to 2013) at a 1 × 1 km2 spatial resolution were provided as grids (level 4
production) in the Geographic Lat/Lon projection based on WGS-84 datum. MOD16 ET datasets
were estimated using an improved ET algorithm [19], which was based on the Penman-Monteith
equation. The data processing incorporated weather conditions, land cover, vegetation structure, and
other factors [19]. Data in China were validated via flux derived/measured data collected by Liu [20].
To preserve the 10 km spatial resolution of species richness, MOD16 datasets were resampled using
the nearest neighbor algorithm.

http://www.ntsg.umt.edu/project/mod16
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2.2. Species Richness and Remote Sensing Datasets

Census data on the species richness of mammals and amphibians were obtained from the
International Union for Conservation of Nature, while census data on birds were obtained from
BirdLife International and NatureServe [21,22]. The geographical distribution of mammals was similar
to that of birds (R2 = 0.7884, Figure 1d). These datasets (Figure 1), which were updated in 2013 at a
10 × 10 km2 spatial resolution, were used to test the relationship between the field survey datasets and
the water-energy-derived surrogate of species richness based on remote sensing.
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Figure 1. Geographical distribution of species richness based on field surveys (number of species/100 km2)
of (a) Mammals; (b) Birds; and (c) Amphibians [21–23]. Marine islands were not considered owing to a
lack of species richness. The frequency distributions of the three groups are presented in an (x,y)-format
of (d) (Mammals, Birds); (e) (Mammals, Amphibians); and (f) (Birds, Amphibians).

2.3. Indices of Temporal Stability

PET and ET reflect climatic dynamics and how variation therein interacts with the ecosystem.
However, climatic dynamics and the ecosystem are inherently non-linear in space and time [13,24].
Thus, it is important to consider how the temporal stability of time series datasets affects species. In this
study, determinism (DET), entropy of diagonal length (ENTR), averaged diagonal length (Lmean),
and laminarity (LAM) were estimated using recurrence quantification analysis (RQA, for more detail
see [25]). These indices have been previously used to characterize time series data obtained from social
systems to biological systems [13,24]. Here, these four indices were used to evaluate the temporal
stability of the ET series. These four indices are based on the diagonal and vertical line structure of
the recurrence plot (RP, which is plotted as a trajectory

→
xi ∈ Rn (i = 1, . . . , N) in the n-dimensional

phase space and represent the recurrence of the phase space trajectory to a specific state via a matrix
plot, in which white = 0 and black = 1. The two axes in RP represent time [25,26]). In the histograms,
the diagonal lines (representing the similar local evolution of different parts of the trajectory) have a
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length of l, while the vertical lines (indicating an unchanged state for some time) have a length of v in
the RP, with the total number following that in [25]:

P(l) =
N

∑
i,j=1

(
1− Ri−1,j−1(ε)

)(
1− Ri+l,j+l(ε)

) v−1

∏
k=0

Ri+k,j+k(ε) (1)

P(v) =
N

∑
i,j=1

(
1− Ri,j

)(
1, Ri,j+v

) v−1

∏
k=0

Ri,j+k (2)

where ε is the distance threshold.
DET measures the determinism (predictability) of a given system and is the ratio of recurrence

points that form diagonal structures to all recurrence points. DET ranges from 0 to 1, in which values
close to 0 represent a random series, while values close to 1 represent a deterministic series [25].

DET =
∑N

l=lmin
lP(l)

∑N
l=1 lP(l)

(3)

ENTR refers to the Shannon entropy of the probability (p(l)) of finding a diagonal line of an exact
length l in the RP and reflects the complexity of the RP in relationship with the diagonal lines. High
ENTR indicates high complexity [25].

Nl = ∑
l≥lmin

P(l) (4)

p(l) =
P(l)
Nl

(5)

ENTR = −
N

∑
l=lmin

p(l) ln p(l) (6)

LAM, named laminarity, is the ratio between the recurrence of points that form the vertical
structures and the entire set of recurrence points. LAM measures the amount of laminar states
(periodic-chaotic/chaotic-periodic, as well as chaos-chaos transitions) [25,26].

LAM =
∑N

v=vmin
vP(v)

∑N
v=1 vP(v)

(7)

Lmean is the average length of the diagonal line, which is the average time that two segments of
the trajectory are near to each other and represents the mean prediction time [25].

Lmean =
∑N

l=lmin
lP(l)

∑N
l=lmin

P(l)
(8)

DET, ENTR, and Lmean are indices that are based on the diagonal lines produced by recurrence
plots. DET and ENTR indicate the structure and complexity level of time series data. High DET
values indicate that the data in a given time series have a determinant structure, regardless of structure
type. However, a complex structure usually has high ENTR values. LAM is sensitive to transitions,
with a higher value representing more frequent transitions between laminar states [25,26]. Lmean
represents the mean prediction time when two segments of a trajectory are close to each other at
different times [25].
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2.4. Tendency Analysis

Trends were analyzed with gridded data on the possible predictors of species richness to explore
the potential causes of the observed changes. To estimate long-term PET and ET dynamics (2000–2013),
a simple linear regression analysis by least squares [27] was applied to annual PET and ET.

Slope =
T×∑te

ts
t×DN−

(
∑te

Ts
t
)(

∑te
ts

DN
)

T×∑te
ts

t2 −
(

∑te
ts

t
)2 (9)

where t ∈ {2000, 2001, . . . , 2013} represents the specific year, T is the number of total years, and DN is
the digital number of PET or ET grid cells for a particular year. The trend of PET or ET increases when
Slope is positive, and vice versa. This analysis was conducted using the functio‘REGRESS’ in IDL©6.4
(Interactive Data Language) and ENVI©4.4 (Environment for Visualizing Images).

2.5. Statistical Analysis

Transforming the monthly time series data to indices of temporal stability is a key step for
determining the ability of temporal stability to predict species richness. A direct linear relationship
between the long-term mean of time-series datasets and particular species richness has been previously
documented [9]; however, few studies have reported the temporal stability of long-term time series
datasets. Here, we tested the hypothesis that PET, ET, or temporal stability constitutes reliable
surrogates of species richness at moderate energy regimes, where PET > 1000 mm/year, allowing the
classification of species richness in large areas (and how it changes through time) based on a simple
linear regression model. The model equation was as follows; species richness = a × (ET or PET or
Temporal stability indices) + b, where a is the slope of the regression line and b is the y-intercept. A linear
relationship was confirmed from the R2 and p-value of the regression, indicating that it is a good
predictor of a possible remote sensing surrogate for species richness.

Step 1: Data-preprocessing: IDL© 6.4 and ENVI©4.4 software were used to relate/combine and
resample MODIS PET and ET data (1 × 1 km2) to obtain a suitable spatial resolution of 10 × 10 km2

for the actual field surveys of species abundance.

Step 2: Use of the long-term PET or ET mean to predict species richness: The long-term means
of PET and ET (based on annual datasets from 2000 to 2013) were compared with the field survey
data of species richness to analyze their potential as remote sensing water-energy dynamics proxies
for predicting species richness by employing simple linear regression (conducted using the ‘stats’
package in R).

Step 3: Effects of temporal stability on species richness: Among long-term means, ET shows a
good ability to predict species richness. Thus, we extracted the indices of temporal stability based on
monthly ET datasets. The values (12 months × 14 years) of each pixel were transformed into a unique
file format (text) to obtain the four indices (DET, ENTR, LAM, and Lmean) of temporal stability using
the CRT Toolbox for Matlab by Norbert Marwan [25]. These indices were transformed back from points
to the grid datasets. The parameters of RQA were determined from the mean ET value across China:
embedding dimension m = 6 (determined by the false nearest neighbors [28] and the Cao method [29]);
and time delay τ = 2 (determined via the mutual information method [30]). The 10% of the maximum
phase space diameter [25] was chosen as the threshold ε for each pixel. These four indices were used
to test the assumption that temporal stability is a viable surrogate for species richness at the regional
scale, based on simple linear regression (conducted with the ‘stats’ package in R program).

Step 4: Tendency analysis: Changes in water-energy dynamics over time were conducted based
on annual time series datasets (as demonstrated in Section 2.4) using IDL© 6.4 and ENVI©4.4 software.
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3. Results and Discussion

3.1. The Water-Energy Dynamics and Species Richness

The geographical distribution of ET and PET differed across China, showing high heterogeneity
(Figure 2). Our results show that China is dominated by a moderate energy regime, with
PET > 1000 mm/year. Low energy regimes were mainly found in the northern part of the Northeast
China Plain. ET exhibited high radiation in southeast China and northwest China but was wet in the
former and dry in the latter with grassland. However, the low-altitude regions on the Tibetan Plateau
in the prefectures of Shannan and Linzhi were covered with rainforests and also had high ET values.
No obvious linear relationship was detected between ET and PET.

To determine the relationship between species richness from the field survey (Figure 1) and
long-term averaged ET and PET, frequency distributions and linear regressions were used. Species
richness appeared to be strongly and positively correlated with ET patterns, with R2 ∈ (0.40~0.67),
especially for amphibians (R2~0.6639). For more details, see Figure 3 and Table 1. In addition,
the consistency of these results was examined using an ERA-Interim ET dataset. However, species
richness had a much lower correlation with PET than expected (R2 < 0.1, see Table 1). Therefore, our
results indicate that ET, rather than PET, based on the remote sensing of the water-energy dynamics,
represents a reliable surrogate of species richness, at least for mammals, birds, and amphibians, in the
moderate energy regime of China (that is, PET > 1000 mm/year).
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Figure 2. Geographical distributions of the long-term mean for (a) Evapotranspiration (ET);
and (b) potential evapotranspiration (PET) (based on annual datasets from 2000 to 2013). Datasets were
downloaded from the MOD16 website: http://www.ntsg.umt.edu.

In comparatively cold regions, energy is an important limitation for the geographical distribution
of species because it constrains resources, affecting physiological requirements and reproduction,
among other factors [31,32]. Therefore, PET effectively predicts species richness gradients in relatively
low energy areas (PET < 1000 mm/year). However, as energy increases in moderate energy regimes,
water availability, or the interaction between water and energy, is pivotal [31]. Consequently, ET better
explains species richness in China than does PET. This analysis of terrestrial species richness in China
strongly supports the water-energy hypothesis [4].

Our finding that amphibians are sensitive to the long-term mean of the ET time series supports
a previous study on the relative sensitivity of species in the northwestern part of North America
to climate change [2]. Our results also support those of Qian [33], who concluded that water and
energy are the primary explanatory variables for amphibians. The different physiological requirements

http://www.ntsg.umt.edu
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(e.g., amphibians usually require water for habitat-use and reproduction) and evolutionary processes
among amphibians, mammals, and birds [33] appear to be the primary factors influencing the
sensitivity of the species belonging to these different groups to climate change.

Table 1. Correlation coefficients of species richness based on field surveys versus remote sensing-based
ET and PET using a simple linear regression of raw data.

Species Richness Slopes R2
p Value DF

ET PET ET PET

Mammals 0.0617 0.0030 0.4028 0.004 <0.05 65,135

Birds 0.2517 0.0063 0.5735 0.003 <0.05 65,135

Amphibians 0.0288 0.0740 0.6639 0.0352 <0.05 54,738
ISPRS Int. J. Geo-Inf. 2016, 5, 58  7 of 15 
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Figure 3. Frequency distributions of species richness based on field surveys versus long-term
averages of evapotranspiration (ET) and potential evapotranspiration (PET, 2000–2013) are presented
in (x,y)-format with respect to (a) (Mammals, ET); (b) (Birds, ET); (c) (Amphibians, ET); (d) (Mammals,
PET); (e) (Birds, PET); and (f) (Amphibians, PET).

3.2. Temporal Stability and Species Richness

The spatial patterns of DET, ENTR, LAM, and Lmean show clear spatial heterogeneity and similar
regional distributions (except for LAM, Figure 4). These patterns were associated with vegetation
cover (evergreen forest > deciduous forest > cropland > grassland). Higher DET (ENTR and Lmean)
occurs in the mountains of southern China, which are covered in evergreen broad-leaf forests; the
Northeast China Plain, which is covered in evergreen needle-leaf forests; and the southern part of
the Qinghai-Tibet Plateau, which is covered in tropical forests. The ET time series in these regions
appeared to be more stable in these regions. Lower DET values were found in northwest China and
on the Qinghai-Tibet Plateau, which were covered with grassland or sparse vegetation. The ET time
series was more stochastic in these regions. LAM is sensitive to disturbance. Relatively high LAM
occurred in the southern coastal areas, in addition to the Qinghai-Tibet Plateau, the Loess Plateau,
and the Northeast China Plain. These results were consistent with ET and PET trends, indicating that
these areas have changed over time.
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Higher DET, ENTR, and Lmean values indicate that temporal stability is stable and determinate
(lack of disturbance) when species richness is higher. Species richness was positively correlated
with the temporal stability of ET in a monthly time series, especially when species richness was low.
However, the presence of asymptotic relationships (Figure 5a–f) indicates that certain underlying
factors (except for DET and ENTR) affect species richness when both water levels and energy are high.
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Figure 4. Geographical distribution of the temporal stability indices (based on monthly datasets
from 2000 to 2013) of long-term evapotranspiration (ET): (a) determinism (DET); (b) Shannon entropy
(ENTR); (c) laminarity (LAM); and (d) average diagonal line length (Lmean). These indices were
generated using the CRT Toolbox for Matlab by Norbert Marwan [25] with the embedding dimensions:
m = 6 and time delay τ = 2. The 10% of the maximum phase space diameter was chosen as the threshold
ε for each pixel.

For objective comparison, the relationships between species richness and the indices of temporal
stability were also examined by simple linear regression using the original data. Unexpectedly, the
long-term mean of ET was more strongly correlated with species richness than the indices of temporal
stability (Table 2). The relationship between species and temporal stability for the three taxonomic
groups produced similar patterns (Figure 5), extending from no correlation (species vs LAM) to weakly
linear (species vs Lmean), with some asymptotic cases (species vs DET and ENTR). All of the results
suggest that the climate mean of ET explains species richness better than the indices of temporal
stability. In contrast, areas with high DET, ENTR, and Lmean supported a high level of species richness.
However, species richness was better explained when the indices of temporal stability were combined
with the climate mean of ET (Table 3). Species often show different responses to the temporal stability
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of the climate due to different species interacting differently with their environment [13] and different
evolutionary responses [34]; consequently, the relative sensitivity of species to climate change varies
within different taxonomic groups [2].ISPRS Int. J. Geo-Inf. 2016, 5, 58  9 of 15 
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Table 2. Correlation coefficients between the species richness from field surveys and the temporal
stability of ET using a simple linear regression of the raw data.

Species Richness R2
p Value DF

DET ENTR LAM Lmean

Mammals 0.2493 0.2332 0.0001 0.1276 <0.05 65,135

Birds 0.3564 0.3643 0.0007 0.1758 <0.05 65,135

Amphibians 0.3106 0.2840 0.0039 0.2053 <0.05 54,738

Table 3. Correlation coefficients of species richness, based on field surveys, versus temporal stability
incorporated with the long-term mean of ET using the simple linear regression of the raw data.

Variations
R2

Mammals Birds Amphibians

DET 0.4250 0.6057 0.6794
DET + ENTR 0.4301 0.6132 0.6859

DET + ENTR + LAM 0.4302 0.6137 0.6860
DET + ENTR + LAM + Lmean 0.4357 0.6234 0.6882

DET + ENTR + Lmean 0.4357 0.6231 0.6881

The temporal stability of ET is primarily associated with climate perturbations and changes.
Landscape structure and vegetation diversity also contribute to differences in temporal stability [35].
Areas with low temporal stability (measured by DET, ENTR, LAM, and Lmean) vary more over time.
Spatial variability indicates greater environmental heterogeneity, providing more opportunities for the
coexistence of species that have higher resilience to perturbations [36–38]. However, species are likely
to show different responses to changes in climate and habitat with respect to space use (geographical
distribution) and individual traits (physiological, e.g., behavior transforming). Therefore, specialist
species are more prone to extinction under the influence of these changes [1,39,40].

3.3. Tendency and Change

Previous studies suggested that the warming climate and changing precipitation patterns have
induced changes in ET and PET in addition to biodiversity [1,41]. To determine whether such
trends persist over the long-term (2000–2013) for PET and ET, simple linear regression analyses
were implemented to determine the slope, correlation, and significance (Figure 6a–f). Four sub regions
(the Qinghai-Tibet Plateau, the Loess Plateau, the North China Plain, and the Northeast China Plain)
were highlighted due to the strong PET and ET trends, as well as the regional differences in climate,
land cover, species richness, and threatened species richness. Three key results were detected.

First, the maximum slopes of increasing in PET and decreasing in ET occur in the North China
Plain (Frame C in Figure 6) and the Qinghai-Tibet Plateau (Figure 6, Frame A). Both increasing
temperature and changing patterns in precipitation contributed to changes on the Qinghai-Tibet
Plateau, where precipitation increased in the west but decreased in the south [42–44]. Similar patterns
were recorded on the North China Plain, where precipitation increased in winter but decreased in
summer [45]. A changing pattern in wet-dry periods was recorded for the Qinghai-Tibet Plateau [42,43].
In comparison, increasing rainfall infiltration caused changes on the North China Plain [46].
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a (x, slope (x)) format for a significant change in slope (p-value ≤ 0.05 & |R| > 0.5) for regions with
(g) PET and (h) ET.

Second, a significant increase in ET was detected in the Losses Plateau (p < 0.05; Figure 6,
Frame B). In comparison, there was no significant (p > 0.05) decrease in PET on the plateau due to
the implementation of the Grain-to-Green Program since 1999 [47,48]. The transpiration of water
by vegetation increased due to reforestation, causing the vegetation coverage on the Loess Plateau
to increase from 31.6% in 1999 to 59.6% in 2013 [49]. The combination of the warming climate
and decreasing precipitation in the southeastern part of the Loess Plateau (based on data from
meteorological stations, which corresponded to increased vegetation cover) [50,51] will lead to an
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increased severity of droughts in the surface layer, which will threaten biodiversity by reducing
productivity, leading to ecological degradation [1,49].

Third, a significant increase in ET with no obvious change in PET was detected in the Northeast
China Plain (Figure 6, Frame D). The dominant factors contributing to this phenomenon include
increasing temperature and decreasing precipitation (especially in summer) [52]. Moreover, land
cover change, such as converting wheat or bean production to rice production, also contributed to
increased ET [53].

A comparison between ET and PET and the relationship between them were investigated for the
areas with significant changes (i.e., areas with p-values ≤ 0.05 and |R| > 0.5). Significant changes in
ET and PET occurred in 16.81% and 22.27% of the total area, respectively. The relationship of PET with
the slope changed when PET was greater or smaller than 1600 mm/year. For instance, the slope was
positively correlated to PET when PET was <1600 mm/year but was negatively related to PET when
PET was >1600 mm/year. Both increasing and decreasing trends of ET were more obvious when the
values of ET were high.

Both climate change and anthropogenic activity contribute to PET and ET trends, affecting
the spatial distribution of species and populations. PET and ET trends respond well to climate
change, including changes in precipitation patterns and increasing temperature. The analysis based on
climate stations coincided with the change in ET and PET on the Qinghai-Tibet Plateau [52]. The pan
evaporation data derived from the stations in each region showed that ET significantly decreased in
the Qinghai-Tibet Plateau and the North China Plain but increased in the Northeast China Plain and
the Loess Plateau [52]. Moreover, disruptions to the ecosystem, such as deforestation and land use
conversion over large regions, were detected from significant trends in ET. Positive human restoration
activities, such as Grain-to-Green, the National Forest Conversation Program, and Shelter Forest, also
significantly influence ET by changing the vegetation cover and water-cycle [54].

Uncertainty exists due to knowledge of the geographical distribution of known species remaining
limited, even though most species are considered to have been described [55]. For example, the
distribution of mammals across China [56] is not consistent with the distribution on the global
map [21]. Furthermore, people’s understanding of species differs [55], with genus and species richness
being constantly updated as access to new technologies improves. New technologies, such as DNA
bar-coding [57] and crowd-sourced data [58], offer substantial opportunities to identify and monitor a
broad range of species over time and across large geographical regions. In addition, the accuracy of
remote sensing data (e.g., inaccurate measures of ET in the Tibetan Plateau, which was not the focus of
the current study) needs to be considered, with corrected data being integrated to improve its ability
to predict the species richness. An accurate database on the geographical distribution of species would
enhance biodiversity conservation but requires major effort to be realized.

4. Conclusions

In summary, this study is the first to apply the water-energy hypothesis to China, allowing
comparison with results previously obtained for North America, Europe, and southern Africa.
Furthermore, we extended the hypothesis from using just the long-term mean of ET to include the
temporal stability of ET too. As a result, we demonstrated how the long-term mean and temporal stability
of ET based on remote sensing are correlated with species richness using RQA and linear regression.

We confirmed that ET is a better predictor of species richness than PET in China, which has moderate
energy (that is, PET > 1000 mm/year), especially for amphibians. Compared with temporal stability,
the long-term mean of ET also explained species richness better. Both climate and anthropogenic
changes contribute to the observed trends in ET and PET time series. The warming climate and the
change in precipitation showed significant changes to ET and PET, which, in turn, affect biodiversity.
Furthermore, the restoration of natural vegetation and changes in land cover alter the dynamics of
water and energy, as well as biodiversity. Water-energy dynamics and their temporal stability clearly
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affect species richness. Areas with high water and energy, as well as determinate and regular climate
systems, support relatively high levels of species richness.

These results improve our understanding of the water-energy dynamics and the spatial-temporal
dynamics of terrestrial biodiversity in China, allowing the influence of climate change and anthropogenic
change to be considered. We monitored these effects by detecting trends in ET and PET based on remote
sensing. The impacts of climate change (including warming temperature and changing precipitation
patterns) are the primary factors that constrain the water-energy balance in China. Regions with human
activities (including land cover change and reforestation) have mainly contributed to changes in ET and
PET in the Northeast China Plain and the Loess Plateau. Therefore, future aims to protect the climate by
regulating water-energy dynamics through land management and reforestation should be considered
when planning the conservation of natural resources, which would, in turn, protect biodiversity.
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