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Abstract: This study mainly examined the relationships among primary productivity, precipitation
and temperature by identifying trends of change embedded in time-series data. The paper also
explores spatial variations of the relationship over four types of vegetation and across two
precipitation zones in Inner Mongolia, China. Traditional analysis of vegetation response to climate
change uses minimum, maximum, average or cumulative measurements; focuses on a whole
region instead of fine-scale regional or ecological variations; or adopts generic analysis techniques.
We innovatively integrate Empirical Mode Decomposition (EMD) and Redundancy Analysis (RDA)
to overcome the weakness of traditional approaches. The EMD filtered trend surfaces reveal clear
patterns of Enhanced Vegetation Index (EVI), precipitation, and temperature changes in both time
and space. The filtered data decrease noises and cyclic fluctuations in the original data and are
more suitable for examining linear relationship than the original data. RDA is further applied to
reveal partial effect of precipitation and temperature, and their joint effect on primary productivity.
The main findings are as follows: (1) We need to examine relationships between the trends of change
of the variables of interest when investigating long-term relationships among them. (2) Long-term
trend of change of precipitation or temperature can become a critical factor influencing primary
productivity depending on local environments. (3) Synchronization (joint effect) of precipitation
and temperature in growing season is critically important to primary productivity in the study
area. (4) Partial and joint effects of precipitation and temperature on primary productivity vary over
different precipitation zones and different types of vegetation. The method developed in this paper is
applicable to ecosystem research in other regions.

Keywords: Inner Mongolia; vegetation growth; climate change; partial effect; EMD filtering;
redundancy analysis

1. Introduction

Vegetation is one of the most important components of an ecosystem and is affected by interaction
between terrestrial and atmospheric systems through carbon and hydrologic cycles [1,2]. Vegetation
growth is very sensitive to meteorological condition as well as climate change [3–6]. Climate change
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is commonly recognized as one of the most important drivers that are affecting plant ecosystems [7].
Drying and warming climate usually decreases vegetation productivity [8,9], while wet climate usually
facilitates plant growth [3,10].

Climate change has been an ongoing process since geological time. Climate change is marked with
variation either in temperature or in precipitation, or in both [11]. Rising temperature and decreasing
precipitation were the primary causes of grassland degradation in Inner Mongolia, China [9,12,13].
In addition, climate change has displayed significant spatial variations. Damsø and his colleagues [14]
pointed out that climate change is more apparent or noticeable to humans in mountainous areas than in
low and flat regions. Meteorological conditions vary locally due to different configurations of elevation,
topography, landscape, vegetation cover, water body, dominant wind direction and human-made
objects. Varied interactions between local terrestrial and atmospheric systems can have profound
impacts on local meteorological conditions. Therefore, it is a norm that distinct regional patterns
of climate change are observed [15]. Furthermore, it is recognized that different plant communities
show varied responses to climate change [16]. Plant communities respond differently to short-term or
long-term changes of precipitation and temperature [2,17]. Responses of plant communities to climate
change display significant local and regional variations [13,18,19].

In ecological and geographical sciences, there is a long tradition to study spatial variability
of climate change, its impact on vegetation growth and varied response of vegetation to climate
change [20]. However, the studies of climate change and regional and local interactions between
climate change and vegetation growth have faced many challenges. First, although it is relatively easy
to find long records of climate change, it is difficult to find long time-series data about vegetation
growth and evolution [9]. Second, both climate change and vegetation growth display distinctive
seasonal and annual fluctuations as well as abrupt variations. Trends of long-term change are buried
within these cyclical and abrupt changes. It is almost impossible to treat interactions between climate
change and vegetation growth as linear. As a result, most current statistical analysis methods cannot be
directly used to examine their interactions. Third, although it has long been assumed that vegetation
growth has been primarily affected by both precipitation and temperature changes [3], it is hard
to distinguish which meteorological factor (precipitation or temperature) has a stronger impact on
vegetation growth. It is much more challenging to know under which local ecological environment
a meteorological factor has the strongest effect on vegetation growth. Finally, current studies of
vegetation growth and its response to climate change are often using time-averaged or cumulative
data to develop ecological or environmental models. These models usually analyze minimum, average
or maximum values of observations within a period of study. The temporal granite is too coarse to
effectively separate long-term trends from cyclical fluctuations and abrupt changes or capture temporal
dynamics or regional patterns of ecosystem change [13,21–24].

In this paper, we attempt to differentiate which meteorological factor (precipitation or temperature)
has greater impact on primary productivity; to examine how precipitation and temperature affect
primary productivity; and to determine whether the effect of precipitation and temperature on primary
productivity varies over different precipitation zones and different types of vegetation. Since traditional
analysis of vegetation response to climate change uses minimum, maximum, average or cumulative
measurements, or focuses on a whole region instead of fine-scale regional or ecological variations,
we innovatively integrate several analytical techniques in this paper to overcome the above challenges.
As stated above, the overall trends of EVI, precipitation, and temperature are extracted via EMD
and, then, redundancy analysis is integrated to examine partial and joint effects of precipitation and
temperature on primary productivity at regional, local and plant community scales.
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2. Data and Method

2.1. The Study Area

The Inner Mongolia Plateau (IMP) is chosen as the study area (Figure 1). IMP boasts the
most important grassland resource in northern China [25]. IMP extends from 37.40◦ N to 53.38◦

N and from 97.2◦ E to 126.06◦ E, covering an area of 1.18 million square kilometers [3]. IMP has an
annual precipitation 50–450 mm and an annual average temperature 1–10 ◦C. Both precipitation and
temperature display a regional transition from semi-humid areas in east to semiarid and arid areas in
west. Grassland degradation is a serious threat to sustainability of these ecosystems [26–28]. Northern
China and, especially, Inner Mongolia Plateau have suffered severe ecological degradation in recent
decades [29–31]. It is important for researchers, policy makers and resource managers to understand
how each vegetation community responds to climate change. There are an increasing number of
studies reported in current literature. Several examine status change of vegetation evolution [2,32].
Some investigate coupled impact of socioeconomic transformation and climate change on vegetation
growth [9,13,33]. Few are about composition structure and its relationship with climate factors [15,34].
Most studies are focused on regional scale and interested in identifying regional patterns [2,35,36].
Little effort has been exerted to explore vegetation growth response to climate change among different
plant communities over various precipitation zones [37,38].
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Figure 1. The study area of Inner Mongolia Plateau and the east–west transects.

For the above reasons, we focused on revealing spatial and temporal change patterns of grassland
communities over an east-to-west transection and how the changes are related to the fluctuations of
precipitation and temperature at both regional and local scales. Therefore, we designed a horizontal
transect extending from east to west across the entire study area. Due to the unique shape of the study
area, we bisected the transect i at 113◦ E, which is an ideal position to separate the transect into two
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sections that cover the majorities of vegetation communities in the study area (Figure 1). In addition,
we examined four major land covers and uses in the study area, typical steppe, bare steppe, desert
and farmland.

2.2. The Data and Pre-Processing

The data used in this paper include three datasets: Modis EVI (enhanced vegetation index),
meteorological observations (of precipitation and temperature), and IMP land cover map 2010. EVI was
adopted as a proxy of the vegetation primary productivity instead of NDVI [35,39,40], since EVI
overcomes the saturation and soil noise problems of NDVI by decreasing the atmospheric effect and
reducing the canopy background [41]. The 16-day EVI data with 250 m spatial resolution for 2000–2014
were collected from MODIS 13Q1, which is available at https://lpdaac.usgs.gov/data_access/data_
pool. Nine 16-day periods during the growing season each year (8 May to 28 September) were included
in the analysis [42] totally 135 periods (15 years × 9 periods). Further, the transects were clipped out in
ArcGIS by two buffers with 1750 m (a length of 7 pixels) along 41◦ N and 43◦ N. This clipping process
was also applied to the following two datasets.

Meteorological data were extracted from the China Meteorological Data Service Center (CMDC,
2013). There are 50 meteorological stations in the study area. Two meteorological factors, precipitation
and temperature, were selected for the analysis. The original climate data were the daily record
from 2000 to 2014. To be consistent with the EVI data, the accumulation of precipitation and the
mean temperature for each of the nine 16-day periods during the growing season were calculated.
These values at 50 stations were spatially interpolated as precipitation and temperature surfaces at
250 m resolution, respectively. The interpolations were processed using inverse distance weighting
(IDW) method. Cross-validation was used to calibrate the best pair of interpolation parameters
(power and radius) over the data of the nine periods of 2014 [43]. Forty stations were chosen as the
training sample to execute IDW interpolation and ten were reserved as the validation sample. The root
mean square error (RMSE) was used to judge the validation outcomes. The validation result showed
that the RMSE of temperature between the estimated value and validation value was around 6% and
the RMSE of precipitation was about 18%. Due to the dramatic spatial variation of precipitation in
IMP [21,44,45], the RMSE of precipitation was much higher than the RMSE of temperature but was
reasonably small.

The 2010 Inner Mongolia land cover classification map was provided by Institute of Remote
Sensing and Digital Earth, China [9]. The map was made through interpreting the Landsat images along
with ground reference points. The original spatial resolution of the product was 30 m. The vegetation
map was resampled to 250 m so that it had the same resolution as EVI. In brief, EVI, precipitation,
and temperature were pre-processed with the same spatial and temporal resolutions and each of them
had a 135-period time series (2000–2014, with 9 periods per year in growing season).

2.3. The Analysis Method

We synthesized the integrated research method depicted in Figure 2. First, we applied Empirical
Model Decomposition (EMD) to extract long-term trends of EVI, precipitation, and temperature to
investigate the spatial and temporal patterns of primary productivity and climate change. Secondly,
we designed two east-to-west transects across the entire study area to examine spatial variations of
vegetation response to climate change over different precipitation zones. Thirdly, we analyzed different
responses of four types of plant communities over the two east-to-west transects, respectively. Finally,
we applied redundancy analysis to explore partial and joint effects of precipitation and temperature
on primary productivity and to determine whether the effects of precipitation or temperature, or both,
on primary productivity varied regionally or over different types of vegetation.

https://lpdaac.usgs.gov/data_access/data_pool
https://lpdaac.usgs.gov/data_access/data_pool
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Figure 2. Flow chart of the synthesized research design and method.

Fluctuations of vegetation growth and climate change exhibit scale-dependent cycles and
a trend [37,46,47]. To understand how these cyclic phenomena and the trend aligning with climate
change is a key to reveal how vegetation growth respond to climate change. Algorithms in signal
decomposition have been studied to extract the trend of change from non-linear and non-stationary
time series data. Martínez and Gilabert [24] successfully detected the dynamics of land cover
changes by applying wavelet transformation through normalized deviation vegetation index (NDVI)
in inter-annual scale. The basic function, decomposition scale and threshold selection for wavelet
transformation are manually set. In addition, these manual settings are multivariate based on specific
applications [24]. As a self-adaptive approach, EMD decomposes the non-stationary signal based on
its own peculiarity [48]. Kong et al. [39] presented a rigorous decomposition approach for MODIS
NDVI with ensemble EMD. In his study, the trend is generated by the combination of lower frequency
components decomposed from the original data and the residual which is an overall trend of time
series [49]. Wu and Huang [50] claimed that the overall trend that is derived as an intrinsically fitted
monotonic function where there can be at most one extremum within a given span. Therefore, in this
study, we adopted the residual, the trend of overall time series [39], to analyze vegetation response to
climate change.

The algorithm of EMD was originally developed to decompose non-stationary and non-linear
signals with several zero mean components [48], which was improved by adding new stopping criteria
to make EMD implementation more effective [51]. Rilling’s EMD algorithm code was adapted in this
paper. The following is a brief description of the EMD approach. Signal x(t) is the given time series of
EVI, or precipitation or temperature (for details, see [51]):

1. Create the top and bottom envelope with the cubic splines fitted by maximums and minimums
extras of x(t).

2. Calculate the mean of envelopes: mean(t) = 0.5 × (emax(t) + emin(t)) (where e stands for envelop)
3. Extract the mean value out: x’(t) = x(t) −mean(t)
4. Repeat previous steps until stopping criteria are met and then extract out the intrinsic mode

function (IMF): IMF = x(t) − ∑(mean(t))
5. Extract IMF out of x(t): x′ = x(t) − IMF
6. Repeat Steps 1–5 until the criterion that it cannot extract IMFs is met.
7. The residual is what is left: Residual = x(t) − ∑(IMF)

Our research question is whether precipitation or temperature has varied impact on vegetation
growth. Pearson’s correlation analysis is often used to test the relationship between one vegetation
series and one corresponding environment variable [2]. However, it is long known that climate
factors themselves show very interactive and complex correlation. Redundancy analysis (RDA),
a special case of Canonical Correspondence Analysis (CCA) that integrates correspondence analysis
and multi-variable regression, is currently adopted to test the partial effect of each climate variable
on vegetation growth [35,40]. CCA is often used for an analysis where the interested variation is
embedded in compositional data and is based on the unimodal model. RDA is typically applied to
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non-complex data based on the linear model, where the gradient detected by CCA is less than 3 [52].
Han [35] confirmed that the precipitation was a major climate factor affecting vegetation communities
in Inner Mongolia through CCA. Sun et al. [40] found that the precipitation was the primary factor in
governing the dynamics of vegetation via RDA in Tibetan Plateau. Considering that our data are not
composite data, RDA was chosen and applied with the software package CANOCO 5. In other words,
we adopted RDA to interpret the relationships between types of vegetation and two climate factors.

RDA is a kind of constrained ordination, first demonstrated by Rao [53], which aims to detect
the explanation proportion of the variation of response variable contributed by each explanatory
variable [52] (pp. 630). Tsai et al. [54] used RDA to analyze the explanation proportion of climate factors
on vegetation change in Taiwan. Moreover, Li et al. [34] found that temperature and rainfall noticeably
affect vegetation composition structure through RDA. The explanation proportion is calculated through
the following functions

R2
Y|X =

SS(Ŷ)
SS(Y)

(1)

where R2
Y|X is the same as R square in multi-variable linear regression (the square of the Pearson’s

coefficient), Y is the response matrix with n cases and p response variables, and X is the explanatory
matrix with n cases and m explanatory variables. SS(Ŷ) is the sum of square of Ŷ (estimated Y through
linear regression) and SS(Y) is the sum of square of Y (observed values). Notice that SS(Ŷ) or SS(Y)
is sometimes described as sum of squared deviation from mean [52] (pp. 633).

The following is the adjusted R square equation [55], which is also considered as explanatory
proportion of X to variance of Y [35].

R2
a = 1− (1− R2

Y|X)
(n− 1)

(n−m− 1)
(2)

where n is the number of cases in study, and m is the number of explanatory variables. To clarify
the statics effectiveness of the adjust R square, also explanation proportion, the F-statistic to test the
significant should be conducted as follows [56]:

F =
R2

Y|X/m·p

(1− R2
Y|X)/(n−m− 1)p

(3)

where p is the number of response variables. Notice that Y here should be the standardized Y
(for details, see [52] (pp. 634 [56,57]).

We conducted RDA to analyze the reactions of vegetation to its climate factors in CANOCO, which
is effective software for analyzing the relation between a set of environment factors and a set of species
in ecology [35,58]. The CANOCO v5 software package is available at http://www.canoco5.com/.
Before running the RDA, which is a multivariate regression analysis, the statistical assumptions
concerning a regression analysis need to be verified. In CANOCO, partial RDA [59], which is the RDA
integrated with variation partitioning analysis, was used to evaluate the marginal explanation rate of
precipitation and temperature on EVI variation.

3. Results

3.1. The Result form Empirical Mode Decomposition (EMD)

Long-term trends of change were extracted from the time series of original data through EMD.
The outcomes of decomposition processes of EVI are illustrated in Figure 3, using the Steppe grassland
as an example. The trends of change from 2000 to 2014 over 135 growth periods are plotted as surfaces
along the east–west transection for EVI (Figure 4), precipitation (Figure 5) and temperature (Figure 6).

http://www.canoco5.com/
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Figure 4. EVI residuals displayed in spatial and temporal surface.

The spatial pattern of EVI in general increased from west to east (Figure 4). When looking at the
bottom of the EVI surface, we clearly found that the western section (the dessert and bare steppe)
had the lowest EVI, which indicated poor vegetation growth. Secondly, EVI trends displayed
a noticeable increase since 2008, which coincided with the enacting of the grassland conservation
compensation policy [16,60]. Although vegetation growth was much better in the eastern section,
there were several locations showing relatively lower EVI surfaces, which were overlapping with
bare steppe.
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Precipitation trend surface was clearly rising from west to the middle position of the transect
(Figure 5), indicating the transition from desert to grassland. In addition, the precipitation surface
displayed many local fluctuations. For instance, there was a low and flat surface between 4300 and
5000 pixels (one pixel equals 250 m) and several abnormal peaks between 3500 and 4200 pixels from
2010 to 2014. Moreover, it appeared that precipitation showed a general increase in the eastern section
in recent years.

The temperature displayed a V-shaped spatial pattern. In the dry western part, temperature
change showed a declining trend. It appeared that the drier the location was, the more apparent the
declining trend was. However, this finding was different from the study of Chuai et al. [2], which
reported an increase in temperature by linear regression of the original time series data. We attributed
this difference to the extraction of longitudinal trend of change from the time-series temperature data,
since a decreasing trend was also detected when we were running linear regression models. During
the section of 4000–5500 pixels, there existed a valley (i.e., where the decreasing trend was apparent).
The ground plant covers over this section were the steppe and farmland. The vegetation coverage
was very high (Figure 4) in comparison with other sections. It was clear that the trend of temperature
change in this section was significantly modified by local vegetation growth condition. The trend of
temperature change near the farthest eastern section displayed noticed local variations.
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3.2. Partial Effect of Precipitation and Temperature on Productivity at Regional Scale

At the regional scale, we designed two experiments: one aimed to illustrate the advantage
of using EMD filtered trend data for regression analysis and the other aimed to reveal possible
linear relationships among primary productivity, precipitation and temperature at the regional scale
(i.e., in the east and west transects, respectively). In the first experiment, the EVI, precipitation and
temperature were averaged across the entire study area, including both west and east transects.
The data records were the time-series of 135 16-day periods from 2000 to 2014. To confirm whether the
EMD filtered trend dataset was more effective than the original observation dataset, we compared
two RDA models, one with the original data and the other with the EMD filtered data. The dependent
variable was EVI (the original and the filtered), while the independent variables included the
precipitation and temperature (the original and the filtered). The results are included in Tables 1 and 2.
Variation(adj) was the adjusted R square in linear model, which was called the explanatory proportion,
referring the variation of EVI explained by the environment variable of interest [52] (pp. 553).
Percent of Explained indicated the contribution of each environment variable on the explanation of
the EVI variation, i.e., the contribution percentage to the adjusted R square. Percent of All is the product
of the explanatory proportion and the percentage of explanation. F and P are the permutation tests of
F-static and P-value, indicating whether the model is statistically significant For the joint effect, there
are no F and P values, since it does not have the degree of freedom [52].

Table 1. RDA Results for the original data at regional scale.

Fraction Variation (adj) Percent of Explained F P

Precipitation 0.049821 17.7 145 0.002
Temperature 0.11194 39.8 33.1 0.002
Joint effect 0.11967 42.5

Total Explained 0.28143 100.0
All Variation 1

Correlation of
predictors 0.482759

Table 2. RDA Results for EMD residuals at regional scale.

Fraction Variation (adj) Percent of Explained F P

Precipitation 0.040249 4.2 145 0.002
Temperature 0.0089356 0.9 33.1 0.002
Joint effect 0.91374 94.9

Total Explained 0.96293 100.0 1741 0.002
All Variation 1 134

The total explained Variation(adj) for the original data was 28.14%, which indicated that only
28.14% of the EVI variation could be explained by precipitation, temperature and their joint effect.
Thus, the unexplained variation was 71.86%. Under such situation, it was not meaningful to look at the
contribution from precipitation or temperature, separately. On the other hand, the RDA model based
on the EMD residuals produced a very high total explanatory proportion 0.96 (96%) comparing with
0.28 (28%) from the original data. Moreover, the dominant factor was the joint effect of precipitation and
temperature. In fact, a very important finding confirmed that synchronization of rain and heat during
growing seasons is the most important condition for high grassland productivity [3]. In addition,
precipitation had a higher partial effect (4.2%) than that of temperature (0.9%), which was opposite
from the original data result.

To further detect the variation of vegetation growth response to climate change between different
climate zones, i.e., between arid and semiarid sections, we ran additional RDA models with the EMD
filtered data of EVI, precipitation and temperature over the arid and semiarid sections, respectively.
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In this part, the precipitation and temperature were calculated by the average values of the east and
west transects separately. In other words, the vegetation types were ignored. First, we ran two RDA
models using the original data (unfiltered by EMD). The results are reported in Table 3 (Semiarid) and
Table 4 (Arid). The finding was similar to those reported in Table 1. The total explained Variation(adj)
for the original data over the semiarid transect was 27.96%, while the total explained Variation(adj) over
the arid transect was 15.94%. It was very clear that there were no linear relationships in the original
datasets. Thus, it was not meaningful to explore linear relationships using the original data. From now
on, we focus on the EMD filtered data for further analyses.

The RDA model results from the EMD filtered data are reported in Table 5 (Semiarid) and
Table 6 (Arid). Both regional RDA models performed well in terms of explaining the variation of EVI.
The total explanation proportions were 97.7% and 98.4% in the semiarid and arid sections, respectively.
Regarding individual effect, both precipitation and temperature had higher explanation proportions in
the semiarid region than in the arid region. On the other hand, the joint effect in the arid area (86.0%)
was much higher than that (40.5%) in the semiarid section, indicating that the synchronization of rain
and heat was extremely important to vegetation growth in the arid region.

Table 3. Outcomes of RDA model (Original) over the semiarid transect.

Fraction Variation (adj) % of Explained F P

Precipitation 0.043481 15.6 27.0 0.001
Temperature 0.10595 37.9 9.0 0.002
Joint Effect 0.13015 46.6

Total Explained 0.27957 100.0 20.6 0.001
All Variation 1

Correlation of predictors 0.493891

Table 4. Outcomes of RDA model (Original) over the arid transect.

Fraction Variation (adj) % of Explained F P

Precipitation 0.03219 20.2 6.1 0.006
Temperature 0.12068 75.7 20.1 0.001
Joint Effect 0.0064789 4.1

Total Explained 0.15935 100.0 13.7 0.001
All Variation 1

Correlation of predictors 0.07562

Table 5. Outcomes of RDA model(EMD) over the semiarid transect.

Fraction Variation (adj) % of Explained F P

Precipitation 0.31748 32.5 1457 0.02
Temperature 0.2546 26.1 1816 0.02
Joint Effect 0.40466 41.4

Total Explained 0.97674 100.0 2841 0.02
All Variation 1

Correlation of predictors −0.99382

Table 6. Outcomes of RDA model(EMD) over the arid transect. .

Fraction Variation (adj) % of Explained F P

Precipitation 0.0468 4.8 380 0.3
Temperature 0.07709 7.8 625 0.362
Joint Effect 0.85969 87.4

Total Explained 0.98358 100.0 4014 0.04
All Variation 1

Correlation of predictors −0.97398
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3.3. Partial Effect of Precipitation and Temperature on Productivity over Different Types of Vegetation Across
Two Climate Zones

We examined whether partial effects of precipitation and temperature on primary productivity
varied across various types of vegetation and over two climate zones. Table 7 summarizes the RDA
analysis for each type of vegetation in the arid (the west) transect and the semiarid (the east) transect,
respectively. Prec is the accumulated precipitation and Temp is the average temperature over each
type of vegetation in different transects. Percent Explanation is the adjusted explanation proportion
of an environment variable upon vegetation productivity (EVI), which is the adjusted R square in
linear regression. There are three columns under Partial Effect: partial effect of precipitation, partial
effect of temperature and joint effect of both, which reveal the explanation percentage by each of them.
Two columns under the Pearson’s Correlation reflect the strength and direction of the relationship
between EVI and an environmental factor. A significance test is automatically included in CANOCO 5
software. All analysis outcomes were statistically significant with the confidence level p < 0.05.

Table 7. Outcomes of RDA models over two transects and four plant communities.

EVI by
Vegetation Type Tran-Sect %Explanation

Partial Effect Pearson’s Correlation
Predictors Correlation

Significance

Prec Temp Joint Prec Temp F P

Steppe west 97.5 6.1 68.3 25.7 −0.56 −0.97 0.88 2617 0.002
east 97.5 9.3 0 90.7 0.99 −0.94 −0.67 2579 0.004

Farmland
west 99.9 13.7 92.1 −5.9 0.29 −0.93 −0.99 74107 0.002
east 97.4 22.6 4.8 72.6 0.96 −0.88 −0.06 2492 0.002

Bare
west 99.9 0.4 99.3 0.3 −0.12 −0.99 −0.56 67611 0.002
east 99.7 3.9 15.6 80.4 0.91 −0.98 0.89 28646 0.002

Gobi/desert
west 98.6 1.9 5.0 91.7 0.97 −0.99 −0.94 4830 0.002
east 85.3 95 100.8 −96.0 0.02 0.23 −0.37 390 0.002

Table 7 contains a lot of information. For example, in the arid environment (the west
transect), precipitation contributed 6.1% out of the total 97.5% explained variation of Steppe EVI,
while temperature contributed 68.3%. Moreover, both correlations had negative signs, which indicated
that neither positively affected Steppe EVI. However, in the semiarid environment (the east transect),
precipitation contributed 9.3% out of the total 97.5% explained variation of Steppe EVI and the
correlation was positive. In particular, Table 7 shows four interesting findings. First, precipitation
usually positively affected EVI except for Steppe EVI in Bare Steppe and Desert because steppe plant
communities were rarely found in Bare Steppe and Desert environments. Second, temperature in
general had negative impacts on EVI but only showed a positive correlation with semiarid desert EVI
in the east transect. Third. The joint effect of precipitation and temperature usually explained a large
proportion of the variation of EVI explained by the model and often showed positive impacts. Finally,
most of the RDA models performed well and explained above 97% of EVI variation, except Desert EVI
in the east transect.

4. Discussion

At the regional scale, our results revealed that the RDA model based on the EMD filtered data
explained 96.2% of the variation of EVI. Moreover, our findings reinforced that precipitation had strong
and positive effect on EVI compared to temperature, indicating that precipitation was the dominant
climate factor affecting EVI in the study region. This finding is consistent with several previous
studies [2,3,35]. More importantly, we found that the joint effect of precipitation and temperature
accounted 94.9% of what was explained by the RDA model (Table 2), which was much higher than
each partial effect and revealed that the synchronization of precipitation and temperature was critical
to vegetation growth in the study area.

However, after we bisected the transect into the arid and semiarid sections, the results revealed
different findings. In the semiarid section, precipitation, temperature and their joint effect all made
noticeable contribution to explain the variation proportions of EVI, although the joint effect and
precipitation had higher explanation power than temperature did (Table 6). However, the partial



ISPRS Int. J. Geo-Inf. 2018, 7, 214 12 of 17

effect of precipitation on primary productivity was lower than temperature in the west transect.
The joint effect of precipitation and temperature was higher in both regional and transect models,
but was much higher (84.6%) in the west transect model. These findings contradict the common
understanding that precipitation is the most important factor driving grassland primary productivity.
Therefore, there is a need to reiterate that this paper was using the extracted (or filtered) trend data to
examine the linear relationship among primary productivity, precipitation and temperature. In other
words, all variables considered in the models were the trends of change, which were the inputs for
examining the relationship between primary productivity, precipitation and temperature. As revealed
in Table 7, the coefficients of Pearson’s Correlation between the trends of EVI and precipitation
were in general positive, which indicated that precipitation directly and positively affected EVI.
However, the relationship between temperature and EVI was much more complicated. We further
examined the unconventional relationship of the trends of change among EVI, precipitation and
temperature by plotting the relationship between the EMD filtered residues of precipitation and
temperature over 135 periods, as shown in Figure 7. It was clear that temperature was declining
during the study period and precipitation was rising in the early period, but declining in the later
period (Figure 7a). There existed apparent regional differences. In the west section, from 2000 to
2009, precipitation increased significantly, but temperature slightly declined (Figure 7b). However,
after 2009, both precipitation and temperature noticeably decreased. From the perspective of affecting
the trend of change of EVI (the bottom residue curve of Figure 3), the filtered trend of temperature
was more closely and negatively correlating with the trend of EVI. Furthermore, the correlation plot of
precipitation and temperature in the east section showed a smooth curve, but reversing the trend of
EVI (Figure 7c). As a result, both trends of precipitation and temperature almost equally affected the
trend of EVI, but the trend of precipitation was positively responding, while the trend of temperature
was negatively influencing. We were analyzing the relationships among the trends of changes of the
variables of interest, not the original observations. Moreover, the signs of the partial or joint effects are
important for knowing how each factor affects primary productivity.

The partial effects of precipitation and temperature on EVI clearly varied over different types
of vegetation and climate zones. It is worth pointing out that spatial patterns of vegetations in the
study area (Figure 1) played an important role. The precipitation was noticeably lower in western
Inner Mongolia, where the ecosystems were mainly Desert and Bare Steppe (Figure 1). As the
precipitation increased from west to east, the eastern part became obviously wetter, where the steppe
and farmland were predominant. The temperature showed a V shape spatial pattern from west to
east (Figure 6). It was extremely high in the arid western part, which obviously restrained vegetation
growth because a higher temperature would negatively impact plan growth such as reducing the
CO2 exchange rate [61]. Due to the extremely low precipitation and high temperature, the desert
was mainly located in this section. The temperature was the lowest in the middle part of the transect
and became warmer toward the eastern section and the precipitation climbed across the study area
(Figure 5). As the temperature and the precipitation became moderate in the middle and eastern areas,
the environment was more suitable for steppe growth and farmland plantation. As stated above,
the spatial pattern of vegetation communities and their EVI appeared to be determined by the climate
factors. When looking at the time axis of Figures 5 and 6, we found that precipitation and temperature
displayed an opposite trend of change from 2000 to 2014. The temperature showed a gradual decrease
in this period; however, the precipitation increased in most areas, typically before 2008. There was
also a noticeable increase in EVI after 2008 [42], which also coincided with the implementation of the
grassland conservation compensation policy [16]. We attributed this primary productivity increase to
the feedback of vegetation growth to its environment change as well as policy change. The increase
of grassland primary productivity due to the policy led to an improvement in evapotranspiration,
and, thus, the effectiveness of precipitation [62].
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Current literature indicates that different plant communities have diverse responses to climate
changes [2,37,38]. Our results across two precipitation transects and over four vegetation communities
took this opinion one step further by revealing that the same vegetation also had varied response
to rain and heat in different environments (i.e., the arid and semiarid sections in our study).
Steppe, for example, has been positively affected by precipitation but negatively affected by
temperature. Although, our results confirmed that this conclusion is true in the east section, it was
different in the west, where rain and heat both negatively affected Steppe. When we examined the
responses of plant communities to regional and local climate factor, we found these differences also
exhibited scale dependency. At the regional scale, precipitation and temperature showed negative
effects on most vegetation types except Desert, indicating that most vegetation was fragile in the arid
area. In the semiarid section, precipitation and temperature displayed positive effect on most vegetation
communities, indicating that their interaction in this section provided a moderate environment for
vegetation growth. At the local scale, however, temperature seemed negatively correlated with most
vegetation (Table 7) and precipitation was usually positively correlated. This finding did not hold at
the regional scale.

5. Conclusions

Although precipitation and temperature are two primary factors affecting grassland productivity
(EVI as the proxy in this paper), their relationship is not simply linear. Direct analysis of the relationship
based on regression models is less applicable. The EMD filtered trend dataset is effective in analyzing
relationships in linear model for observations with cyclical fluctuations such as climatic, ecological and
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environmental data. The RDA model can isolate the partial effect of precipitation and temperature.
The integration of the EMD and RDA methods helps examine diverse responses of vegetation growth to
climate change and their variations over different precipitation zones and vegetations. The integration
also helps assess the impact of policy changes on vegetation growth.

Our results reinforce the previous conclusion that precipitation is the driving factor for vegetation
growth in arid and semiarid regions overall. However, there exist noticeable regional and local
variations. Especially when we are examining time-series (longitudinal) causal relationships, we should
consider that there is one new aspect of relationship between the trends of changes of the variables in
research. From the interpretation point of view, we cannot simply conclude which factors exert more
influence than others. We need to probe how these trends of changes are interacting or influencing
one another. For instance, in this paper, temperature seems to highly and negatively affect primary
productivity in arid area because the trends of temperature and EVI are almost reversed. Our results
also indicate that the synchronization of precipitation and temperature is critical to vegetation growth
in the study area and, especially, in the drier arid section, where the joint effect is much higher than
the partial effect of either precipitation or temperature. Furthermore, vegetation growth appears
to interact with both climate change and policy intervention in time. After the implementation
of grassland conservation and compensation policy, there have been noticeable increases in EVI
since 2008, even though the precipitation declined in the west section. Therefore, climate, vegetation
growth and policy intervention complexly interact, providing feedbacks to each other. The vegetation
communities across the entire study area show varied responses to climate factors, while the same
vegetation communities over different climate zones (between the arid and semiarid areas) also display
varied responses. In brief, our research extends the knowledge of different responses of vegetation to
precipitation and temperature in long-term span across different plant communities and the feedbacks
between vegetation growth, climate change and policy intervention. The integration of EMD filtering
algorithm and RDA model provides a new effective way to reveal the mechanism of vegetation
response to climate change.

Finally, there are several improvements that could be implemented in the future to provide a more
comprehensive analysis of vegetation response to climate change and policy intervention. First, at least
one policy variable in the form of implementation variation should be considered. The policy of
ecosystem compensation and conservation includes three levels: reducing grazing, seasonally shifting
grazing and abandoning grazing. Different levels of compensation and conservation incentives
will lead to different effects, which should be examined in future analysis. Second, the inclusion
of socioeconomic factors should be considered. Vegetation growth is influenced by coupled effect
of climate change and socioeconomic transformation [13]. Simply differentiating partial effect of
precipitation and temperature is too limited to the out true vegetation responses to coupled human
and nature systems.
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