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This study analyzes spatial variability of grassland vegetation growth in response to climate change in the
central section of Inner Mongolian Autonomous Region of China. The study area consists of twelve types
of plant communities and their spatial distributions reflect an east-to-west water-temperature gradient,
transforming frommoist meadow-type, to typical steppe-type and then to arid desert-type communities.
The enhanced vegetation index (EVI), derived from MODIS at a 250 m resolution and 16-day intervals
from May 8 to September 28 during 2000e2010, was adopted as a proxy for vegetation growth. The
inter-annual and intra-annual changes of seven climate factors (barometric pressure, humidity, precip-
itation, sunlight hours, temperature, vapor pressure and wind speed) during the same period were
synchronized with the EVI observations and over the twelve types of plant communities, creating a time-
series panel dataset. Two panel regression models (the composite and the individual) were developed to
explore causal relationships between climatic variables and vegetation growth across distinct plant
communities and over time. Both panel regression models confirm that vegetation growth responses to
regional climate changes are shaped by the unique characteristics of the study area, and that the in-
teractions between vegetation growth and climate are dependent on a variety of spatially and temporally
varying contextual factors.

� 2013 Elsevier Ltd. All rights reserved.
Introduction

From a global perspective, the change of land cover and land use,
the increase of carbon dioxide in the atmosphere, and the alteration
of the nitrogen cycle are three well-documented contributors to
climate change (Foley et al., 2005; Rindfuss, Walsh, Turner, Fox, &
Mishra, 2004; Turner et al., 1990; Vitousek, 1994). From the point
of view of ecosystems, phenological (seasonal) shifts, range
(geographic distribution) shifts, and community shifts are impor-
tant observed responses to global climate change (McCarty, 2001;
NRC, 2008; Walther et al., 2002). However, there are many chal-
lenges facing the research community concerning the ecological
consequences of global climate change. We cannot, for instance,
eliminate uncertainties associated with predictions of climate
change and its ecological impacts at regional and local scales
ail.com (Y. Xie).

All rights reserved.
(Marin, 2010). We cannot fully account for the interactions among
individual species, communities, and ecosystems and between
ecological responses and human adaptations in the event of global
climate change (Hagerman, Dowlatabadi, Satterfield, & McDaniels,
2010). We have to examine multiple variables pertaining to both
natural and human systems at multi-spatial and multi-temporal
scales in order to explore the linkages between climatic changes
and ecosystem impacts (Cutter & Finch, 2008; O’Brien et al., 2004;
Root & Schneider, 1995; Schröter, Polsky, & Patt, 2005).

Geographers have a long history of investigating global climate
change from human adaptation, ecosystem response and coupled
humanenature interaction at multiple scales (Moser, 2010). Ge-
ographers have collaborated with researchers from multiple dis-
ciplines to address negative impacts of climate change and to
promote positive approaches of mitigating these impacts.
Geographical information science (GIS) and spatial analytical
methods (SAM) have been adopted or integrated with mathemat-
ical modeling to quantitatively examine relationships between
climate variations, hydrologic responses and land use changes
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(Tong, Sun, Ranatunga, He, & Yang, 2012). It is important to have an
adequate understanding of rainfall variability and its long-term
trend to help vulnerable dryland agriculturalists and policy-
makers address current climate variation and future climate change
(Batisani & Yarnal, 2010). “The foregoing circumstances explain
why Stanford ecologist Hal Mooney has suggested that we are
living in ‘the era of the geographer’ da time when the formal
discipline of geography’s long-standing concern with the changing
spatial organization and material character of Earth’s surface and
with the reciprocal relationship between humans and the envi-
ronment are becoming increasingly central to science and society
(NRC, 2010, ix)”.

This paper integrates remotely sensed data, vegetation maps,
climate observations, geographical information approaches, and
mathematical methods to examine three questions: (1) Whether
there exist temporal causal relationships between vegetation
productivity and different climate factors? (2) Do these re-
lationships vary spatially across diverse vegetation communities?
(3) Are these relationships reshaped by local or regional envi-
ronmental contexts? In specifics, this paper derives enhanced
vegetation index (EVI) from Moderate Resolution Imaging Spec-
troradiometer (MODIS) images as a proxy of vegetation growth.
The paper applies one typical GIS analysis, spatial interpolation,
to estimate the spatial patterns of inter-annual and intra-annual
variability of seven climate factors (barometric pressure, hu-
midity, precipitation, sunlight hours, temperature, vapor pressure
and wind speed) over the study area. The paper also adopts the
spatial database approach to integrate the EVI, interpolated
climate data, and vegetation maps into a big spatiotemporal
dataset. This integrated dataset supports the development of
panel data analysis (PDA) based models to explore the relation-
ships between climatic variables and vegetation growth (as
observed using EVI as a proxy) across distinct plant communities
and over time.
Fig. 1. Study area with me
Methods

Study area and vegetation type

Steppe grassland in Inner Mongolia Autonomous Region (IMAR)
of China is one of the largest remaining grasslands in the world,
covering an area of up to 791,000 km2. Our study area includes 39
Qi (counties) that fall completely within the area of MODIS EVI
image (MOD13Q1: the horizontal tile index is 26 and the vertical
tile index is 04, which refer to the MODIS Sinusoidal Grid Map)
(Fig. 1). There are 12 major vegetation types found in this region
(Chinese Ecosystem Research Network, 2009) (Table 1, Fig. 2).
However, because five out of the twelve types represented a small
portion of the study area (i.e., less than 0.98 percent; italicized in
Table 1), they were omitted.

EVI data

With advances in remote sensing observation and analysis
techniques, it is possible to study the spatial distribution and sea-
sonal changes in vegetation from multi-temporal and multi-
spectral remote sensing data. A number of remotely sensed data
sets, including Advanced Very High Resolution Radiometer
(AVHRR), Système Pour l’Observation de la Terre (SPOT), and
Moderate Resolution Imaging Spectroradiometer (MODIS) are
widely used to study vegetation on global and regional scales
because of their broad extent of observation and short revisit cycle.
Of these, MODIS has an advantage for studying grasslands due to its
atmospheric correction and cloud screening algorithms (Zhang
et al. 2003). Vegetation Indexes (VIs) derived from the satellite
images are very useful to measure greenness of the vegetation,
predict net primary production, and model vegetation carbon ex-
change (Gurung, Breidt, Dutin, & Ogle, 2009; Heinsch et al., 2006;
Potter, Klooster, Huete, & Genovese, 2007). The two vegetation
teorological stations.



Table 1
Summary of the 12 main vegetation types in Central IMAR.

Veg ID Vegetation type* Area (km2) # Of patchesa Area (%)

Veg_01 Temperate meadow steppe 59822 514 16.25
Veg_02 Temperate steppe 165,763 1349 45.01
Veg_03 Temperate desert steppe 85,453 231 23.21
Veg_04b Alpine steppe 142 2 0.04
Veg_05 Temperate steppe desert 8673 56 2.36
Veg_06b Temperate desert 112 4 0.03
Veg_07b Warm shrub 151 10 0.04
Veg_08b Tropical herbosa 65 1 0.02
Veg_09 Lowland salt meadow 42,266 339 11.48
Veg_10 Temperate mountain meadow 3613 25 0.98
Veg_11b Marsh 1512 7 0.41
Veg_12 Improved grassland 674 60 0.18

a Patches are defined as polygons that are aggregated from all adjacent pixels
with the same types of plant communities in the mapping process through the
remote sensing based classification.

b Italicizes indicate vegetation types that were eliminated from the model
because of fewer cases.
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indexes that are available on the MODIS sensor are the Normalized
Difference Vegetation Index (NDVI) and the Enhanced Vegetation
Index (EVI). NDVI is calculated from the visible and near-infrared
lights reflected by vegetation. NDVI can be used as an indicator of
relative biomass and greenness (Boone, Galvin, Smith, & Lynn,
2000). However, limitations of NDVI include saturation in a
multilayer closed canopy and the sensitivity to both atmospheric
aerosols and soil background (Huete et al., 2002). The EVI over-
comes atmosphere and background effects by correcting the dis-
tortions caused by aerosols using the blue wavelength and employs
a soil adjustment reducing saturation (Gao, Huete, Ni, & Miura,
2000). The EVI is directly correlated with the chlorophyll content
of the vegetation, and can be used to monitor the long-term vari-
ation of vegetation growth condition (Glenn, Huete, Nagler, &
Nelson, 2008).

The MODIS data were downloaded from http://edcsns17.cr.usgs.
gov/NewEarthExplorer/. We used the data from the MOD13Q1
product, with 250 m spatial resolution and 16-day temporal reso-
lution over the growing season (8 May to 28 September; Bai et al.,
2007, 2008) for the 11 year interval from 2000 to 2010. Thus, nine
scenes in each year were downloaded for total 99 MODIS images.
Fig. 2. Vegetation distrib
We used the second of the twelve bands in the MOD13Q1 product,
which is the EVI product layer. The EVI was calculated as

EVI ¼ GððrNIR � rredÞ=ðrNIR þ C1 � rred � C2 � rblue þ LÞÞ (1)

where r is the partially atmospherically corrected surface reflec-
tance, L is the canopy background adjustment (L ¼ 1),C1 and C2 are
coefficients of the aerosol resistance term that uses the blue band
(458e479 nm) and the correction term for aerosol influences in the
red band (C1 ¼ 6 and C2 ¼ 7:5), and G is a gain factor (G ¼ 2:5).
EVI is designed to minimize the effects of the atmosphere and the
canopy background that contaminate the NDVI (Huete, Liu,
Batchily, & Van Leeuwen, 1997) and to enhance the green vegeta-
tion signal (Huete et al., 2002). The MOD13Q1 was re-projected
from the original Sinusoidal projection with 231.66 m resolution
to UTM Zone 50 with the WGS 84 datumwith 250 m resolution by
the nearest neighbor method. The re-projected transformation
method is the polynomial approximation with the maximum poly
order 3 and the tolerance 0.1. The EVI data preprocessing was car-
ried out in Erdas 9.2.
Climate data and preprocessing

Seven daily climate variables (barometric pressure, humidity,
precipitation, hours of sunlight, temperature, vapor pressure and
wind speed) were obtained from 30 meteorological stations in
IMAR. They were standard climate factors collected for long-term
climate change studies in the Mongolian Plateau (Bai et al., 2008).
Daily maximum, minimum, and average values were determined
for each variable. Because the correlation coefficients among daily
max, min, and average climate observations were high, the daily
averages were chosen as the representative values. For consistency
with the MODIS EVI data, the climate variables were summarized
over 16-day periods. Sixteen-day averages were used for all vari-
ables except precipitation, for which the sum of 16-day precipita-
tion was used. Because vegetation growth responses lag behind
climatic factors (Richard & Poccard, 1998; Wang, Price, & Rich,
2001), we offset the period for collecting the climate data by 16
days; i.e., climatic data were obtained from 22 April to 12
September.
ution in study area.

http://edcsns17.cr.usgs.gov/NewEarthExplorer/
http://edcsns17.cr.usgs.gov/NewEarthExplorer/
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The 16-day climate data at 30 meteorological stations were
interpolated using Kriging to create the rasterized climate grid data
at resolutions that matched with the EVI data and the vegetation
types. Each climate factor resulted in one climate grid map, so
a total number of 9 sixteen-day periods � 11 years � 7
variables ¼ 693 climate maps were produced. The Kriging inter-
polation was implemented in ArcGIS 10. Ordinary Kriging, which
assumes the constant mean is unknown, was used.

The sampling method of cross-validation was applied to
obtain optimized pairs of semivariogram models (5) and number
of sample points (12: 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, and 14) to be
used in the Kriging interpolations (Kohl, Magnussen, & Marchetti,
2006). For efficiency the optimization was carried out for the
nine 16-day periods of the most recent year (2010) with 9 pe-
riods. As a result, 7 (climate factors) � 5 (semivariogram
models) � 12 (different numbers of points) � 9 (the number of
16-day periods during the growing season in 2010) ¼ 3780 im-
ages (the interpolated grids) were obtained. Next, assuming the
average across all images represents the observed data, 100
random points were generated on each interpolated image to
conduct the cross validation and find the best pair of parameters.
Root mean square error (RMSE) was used to determine the
optimized combination of a semivariogram model and number of
sample points.

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXN
i¼1

ðPi � OiÞ2=N
vuut (2)

where N is the number of randomly chosen sampling points (100);
Pi is the interpolated value at i random sampling point; and Oi is the
average value at i sampling point over the 540 (¼ 5 � 12 � 9)
interpolated images. The results of the best pairs of parameters for
seven climate factors are reported in Table 2. These pairs of pa-
rameters were then applied to produce a total number of
9 � 11 � 7 ¼ 693 climate maps.

The panel data set that resulted from the preprocessing con-
sisted of eight variables (seven climate factors and one depen-
dent variable, EVI) over 99 (nine 16-day periods � 11 years)
growing periods (time-series) and covering seven vegetation
types (cross-sectional units). The seven climate variables were
linearly normalized for panel data analysis to eliminate the effect
of different measurement units of the climate variables. The
linear normalization formula is as follows (Gonzalez & Richard,
2002):

X0 ¼ ðX � XminÞ=ðXmax � XminÞ (3)

where X is any value in one of the climate variables, Xmin and Xmax

are the minimum and maximum values in this climate factor,
respectively. X0 is the normalized value, which is ranged in [0,1].
Table 2
The parameter settings for Kriging interpolation.

Variable Units Semi-
variogram

# Of pts. Min Max Avg

Barometric
pressure

(hPa) Guassian 9 875.40 1002.50 916.50

Humidity (%) Guassian 12 16.90 82.90 49.90
Precipitation (mm) Guassian 8 0.00 126.40 24.30
Sunlight (hour) Spherical 3 4.10 14.20 9.20
Temperature (�C) Spherical 11 7.00 28.70 19.20
Water vapor (hPa) Guassian 9 2.60 23.70 11.00
Wind (m/s) Guassian 10 1.33 5.14 2.88
EVI e e e 0.08 0.75 0.22
Panel data analysis

Correlation coefficients (Davenport & Nicholson, 1993; Ding
et al., 2007; Fabricante, Oesterheld, & Paruelo, 2009; Herrmann,
Anyamba, & Tucker, 2005; Ichii, Kawabata, & Yamaguchi, 2002),
linear regression (Camberlin, Martiny, Philippon, & Richard, 2007;
Potter & Brooks, 1998) and other models based on multivariate
regression (De Beurs & Henebry, 2005; Foody, 2003; Gurung et al.,
2009) have been widely used to analyze the relationship between
climate factors and vegetation growth (Du Plessis, 1999; Foody,
2003; Richard & Poccard, 1998). Though the traditional methods
can quantify or qualify the relationship among variables in cross-
section and one time-scene, they cannot take multiple strata (i.e.,
across various plant communities or soil types) and their temporal
changes into consideration simultaneously. Thus an improved
method is needed in order to study causal relationships between
climate change and vegetation growth across space and time. Panel
data analysis (PDA), which is widely applied in econometrics due its
capacity to account for causal relationships in multiple dimensions
of cross-sections and time series, has started to emerge in recent
ecological and land-use change studies (Butsic, Lewis, & Radeloff,
2010; Demeke, Keil, & Zeller, 2011; Kaufmann et al., 2007; Liu &
Xie, 2013a; Scrieciu, 2007; Miller-Rushing, Inouye, & Primack,
2008; Seto & Kaufman, 2003). Panel data have the advantage of
allowing for important phenomena to be investigated that could
not have been analyzed using cross-sectional or time-series data
alone, and developing stronger evidence for causal relationships
(Hsiao, 2003; Liu & Xie, 2013b). This unique applicability of PDA fits
well with our studies of the relationship between climate factors
and vegetation greenness at regional and community scales.

A common panel data regression model is defined as follows

Yit ¼ aþ
XK
k¼1

Xitkbitk þ di þ gt þ 3it (4)

where Yit is the dependent variable value for unit i at time t, Xitk is
the k� th independent variable for unit i at time t, K is the number
of independent variables, and 3it are the error terms for
i ¼ 1;2;.;M cross-sectional units observed during dated periods
t ¼ 1;2;.; T . The a parameter represents the overall constant in
the model, while the di and gt represent cross-section or period-
specific effects, which can be handled using fixed or random ef-
fect models. bit are the slope coefficients, which can be either cross-
sectional unit, period, or a combination (both units and periods)
specific. The error term 3it determines whether the model is a fixed
effect or a random effect model. In a fixed effect model, 3it is
assumed to vary non-stochastically over i or t, making the fixed
effect model analogous to a dummy variable model in one
dimension. In a random effect model, 3it is assumed to vary sto-
chastically over i or t, requiring special treatment of the error
variance matrix. The selection between a fixed or random model
depends on the objective of an analysis and the trend of the
explanatory variables.
Panel unit root test for stationary variables in time-series

Proper specification of a panel data analysis requires testing the
temporal stability of the data. In other words, the variables of in-
terest shall be stationary in time series so that they can be included
in an autoregressive model, which is one important characteristic
of the panel regression analysis (Bhargava, 1986). Thus, a panel unit
root test is designed to explicitly address the stability of the panel
data. The null hypothesis is that each individual time series con-
tains a unit root against the alternative that each time series is
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stationary. If the null hypothesis is not held, the data are stationary.
Many panel unit root tests are available in the literature (Breitung,
2001; Choi 2001). Here, we employ the widely used Levin, Lin and
Chu (LLC) unit root test (Levin, Lin, & James Chu, 2002), which as-
sumes there is a common unit root that is identical across cross-
sections. The LLC unit root test considers the following basic
Augmented Dickey-Fuller (ADF) specification, which is carried out
by estimating Eq. (4) after subtracting Yit�1 from both sides of the
equation:

DYit ¼ aitYit�1 þ
Xpi

k¼1

bikDYit�k þ X0
itdþ 3it (5)

where X0
it represents the exogenous variables in the model,

including any fixed effects or individual trends. ait and bik are the
autoregressive coefficients. For the LLC test, ait is identical across
cross-sections. We allow the lag order for the difference termspi, to
vary across cross-sections, 3it is the error term assumed to be
mutually independent idiosyncratic disturbance. The null and
alternative hypotheses for the LLC test may be written as:

H0 : a ¼ 0
H1 : a < 0 (6)

The estimation of a may be derived from the pooled proxy
equation:

D~Yit ¼ a~Yit�1 þ hit (7)

in which,

D~Yit ¼ DYit=si
~Yit�1 ¼ Yit�1=si

where si is the estimated standard errors from estimating each ADF
in Eq. (5); DYit is defined by taking DYit and removing the auto-
correlations and deterministic components using the first set of
auxiliary estimates:

DYit ¼ DYit �
Xpi

j¼1

bbijDyit�j � X0
it
bd (8)

Likewise, the Yit�1 is defined by using the second set of
coefficients:

Yit�1 ¼ Yit�1 �
Xpi

j¼1

_bitDyit�j � X0
it
_d (9)

LLC show that under the null, a modified t-statistic for the
resulting ba is asymptotically normally distributed. Under the null
hypothesis, there is a unit root, while, under the alternative, there is
no unit root.

Panel estimation and diagnosis

Generally, there are three panel estimation models: the pooled
model, the fixed effect model, and the random effect model.

The pooled model can be expressed as

Yit ¼ aþ
XK
k¼1

bkXitk þ 3it (10)

where the intercept a and slope b do not vary over i or t. This can be
estimated by ordinary least squares (OLS) as a standard multivar-
iate regression model.
In a fixed effect model, three cases can occur: the cross-section-
fixed model, the period-fixed mode, and the cross-section- and
period-fixed model. The cross-section-fixed effect model can be
expressed as

Yit ¼ gt þ
XK
k¼1

bkXitk þ 3it (11)

where the intercept gt vary over period t.
The period fixed effect model can be expressed as

Yit ¼ ai þ
XK
k¼1

bkXitk þ 3it (12)

where the intercept ai vary over cross-section i.
The cross-section and period fixed mode can be expressed as

Yit ¼ ai þ gt þ
XK
k¼1

bikXik þ 3it (13)

where bik vary over cross-section i.
The random-effect model assumes that the effects of the error

term 3it are uncorrelated,

3it ¼ ui þ vt þwit (14)

where, uiwNð0;s2uÞ represents the cross-section random-error
term, vtwNð0; s2v Þ is the period random error term, and
witwNð0; s2wÞ indicates the combined cross-section and period
random error term. Theui, vt andwit are independent to each other.

An F-test separates the pooled and the fixed effect models, while
the Hausman test distinguishes the fixed-effect model from the
random-effect model. There are three types of F-tests. The first
examines whether the cross-section data have an F-distribution
under the null hypothesis, which tests if the cross-section effect is
fixed. The F-distribution is formed by the ratio of two independent
chi-square variables divided by their respective degrees of freedom.
The F-test is designed to test whether two population variances are
equal. If the null hypothesis is rejected, it can be concluded that the
fixed-effect model is better than the pooled OLS model.

A central assumption of random-effect estimation is that the
random effects are uncorrelated with the explanatory variables.
One common method for testing this assumption is to employ the
Hausman test, which compares two sets of estimates, one of which
is consistent under both the null and the alternativewhile the other
is consistent only under the null hypothesis (Baltagi, 2005). The
hypothesis can be expressed as follows:

H0 : s2u ¼ 0

H1 : s2us0
(15)

When the H0 hypothesis is rejected, a fixed effect model is more
reasonable than a random effect model. Otherwise, the random
effect model is preferable. To perform the Hausman test, a model
with random effects specification must first be estimated.

The fit of the models is evaluated using the adjusted R-squared
value. A value of 0.75 is the threshold used to judge the general
estimation power. The DurbineWatson (DW) statistic is used to test
whether the data used in themodel are temporally auto-correlated.
The value of DB always lies between 0 and 4. DB ¼ 2 indicates no
autocorrelation (Bhargava, Franzini, & Narendranathan, 1982). If
DB < 2, there is a possibility of positive time-series correlation. If
DB < 1.0, it becomes a case of strongly positive autocorrelation. If



Table 3
Unit root test for the climate factors and EVI data.

Variable LLC Prob. Stationary

Barometric pressure 18.55 1.00 No
Humidity 2.83 1.00 No
Precipitation �16.41 0.00 Yes
Sunlight �26.57 0.00 Yes
Temperature 99.06 1.00 No
Water vapor 86.08 1.00 No
Wind 26.25 1.00 No
EVI �11.10 0.00 Yes
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DB > 2, it implies a negative autocorrelation. When DB increases
toward 4, the negative autocorrelation becomes more alarming.

Results and discussion

Descriptive analysis of EVI data

Peak greenness (the peak EVI) in each year occurred mainly in
Period 6 (July 27 to August 11) or 7 (August 12 to August 27; Fig. 3a).
However, abnormalities were observed in 2008, 2009 and 2010.
The peak EVI occurred in Period 4 in 2008, in Period 4 and Period 5
in 2009, and in Period 5 in 2010, respectively. The vegetation
greenness or EVI value generally increased from 2000 to 2002,
showed slight fluctuations from 2003e2008, and then decreased.
The average values of EVI were generally highest in the temperate
mountain meadow type (Veg 10), followed by temperate meadow
steppe type (Veg 01) and lowland salt meadow (Veg 09) (Fig. 3b).
EVI values were the lowest in temperate steppe desert type (Veg
05) and followed by temperate desert steppe (Veg 03). EVI values in
temperate steppe (Veg 02) and improved grassland (Veg 12) were
in the middle. In general, the values of EVI showed a decreasing
trend from the meadow types to typical steppe types (including
improved grassland) and then to the dessert types.

Stationary test of variables in time-series and descriptive analysis of
the selected climate factors

The variables barometric pressure, humidity, temperature, wa-
ter vapor and wind were not stationary according to the unit-root
test (Table 3). Thus, the first- and second-order differences were
performed on the non-stationary data in order to make the panel
data stationary. In general, the orders of difference should not be
too high, or the information of the original data may be lost. Hence,
only the first and the second order differences were used. Ac-
cording to the t-statistic critical value, LLC value less than �1.65
meant that the null hypothesis was rejected, the unit root existed,
and the data were considered stationary.

After the first-order difference, the variables, humidity and
wind, became stationary. However, even after the second order
difference, barometric pressure, temperature and water vapor were
still non-stationary (Table 4). Thus, the barometric pressure, tem-
perature and water vapor were excluded in the panel data analysis.
EVI, precipitation, hours of sunlight, humidity and wind were
included in the panel data regression analysis.

The descriptive analysis of four climate factors revealed three
distinct patterns. The inter-annual changes of precipitation and
humidity were largely analogous to those of EVI by comparing
Fig. 3. Annual and seasonal
Fig. 3b and Fig. 4. The observations of precipitation and humidity
were higher in the years of 2002 and 2008 and over the temperate
mountain meadow (Veg_10), lowland salt meadow (Veg_9), and
temperate meadow steppe (Veg_1) (Fig. 4). Their values were also
the lowest in the temperate steppe desert (Veg_5) and temperate
desert steppe (Veg_3). However, the inter-annual changes of pre-
cipitation and humidity showed some obvious deviations from EVI.
For example, the ranges of increase and decrease of precipitation
and humidity were more dramatic than those of EVI. In addition,
the conditions of precipitation and humidity over the temperate
steppe (Veg_2) and improved grassland (Veg_12) were closer to the
meadow types, but further apart from the two dessert types (Fig. 4).

Secondly, the inter-annual changes of sunlight hours over the
seven plant communities reversed the patterns of EVI (Fig. 4). The
hours of sunlight were in general the longest over the temperate
steppe desert (Veg_5) and temperate desert steppe (Veg_3) and the
shortest over the meadow communities. Moreover, there were
more phases of inter-annual changes for sunlight hours: increasing
during 2000e2001, 2003e2005, and 2008e2010 but decreasing
during 2001e2003, and 2005e2008. The trends of inter-annual
changes of sunlight were very similar to those of temperature
(Fig. 5), which was excluded from the panel regression analysis
because it failed to pass the unit root test.

Thirdly, the inter-annual changes of wind speed over the plant
communities were clearly separated into three layers: (1)
temperate steppe desert (Veg_5) and temperate desert steppe
(Veg_3) with the highest wind speed; (2) temperate mountain
meadow (Veg_10) and temperate meadow steppe (Veg_1) with the
lowest speed; and (3) improved grassland (Veg_12), temperate
steppe (Veg_2), and lowland salt meadow (Veg_9) with the inter-
mediate speed. However, the inter-annual changes of the wind
speed were less apparent in comparison with other climate factors.
Finally the intra-annual (seasonal) changes of these climate factors
were analogous to their corresponding trends in inter-annual
changes and were thus omitted to save the space.
changes of EVI values.



Table 4
Unit root test for the first and second differenced climate data.

Diff. LLC Prob. Stationary

Barometric pressure 1d/2d 25.18/274.13 1.00 No
Humidity 1d �7.92 0.00 Yes
Temperature 1d/2d 56.68/478.57 1.00 No
Water vapor 1d/2d 1.50 0.93 No
Wind 1d �11.54 0.00 Yes

Fig. 5. Annual changes of temperature within 7 vegetation communities.
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In brief, the four climate factors clearly displayed linear re-
lationships with EVI, although the directions, strengths, and ir-
regularities of the relationships varied with each climate factor,
respectively. Hence, it was verifiable to include these climate fac-
tors into the panel regression models we intended to develop in
later sections. However, it was worth pointing out that the climate
factor, temperature, was excluded in the panel analysis because it
failed passing the unit root test. Since temperature was one of the
most discussed climate factors in the literature of global climate
change (Cutter & Finch, 2008; Marin, 2010; Root & Schneider, 1995;
Walther et al., 2002), it was necessary to provide our arguments
supporting the removal of temperature from the panel data
analysis.

The temporal dynamics of temperature didn’t contain a statis-
tically identifiable linear trend based on the unit root test. The time
series of temperature changes during the study period of eleven
years were graphed in Fig. 5. It could be easily seen that the trends
Fig. 4. Annual changes of four stationary climate f
of temperature changes were fluctuating dramatically: No. 1
oscillation took place 2000e2005 (six years); No. 2 happened
2005e2007 (three years); and No. 3 occurred 2007e2010 (four
years). Apparently, temperature displayed an obvious periodical
irregularity. In other word, it would be a wrong specification to
include temperature in panel data models that were based on the
statistical assumption of linear relationships among the variables
examined.

Next, a research of the coupled impact of climate change and
human interference on the desertification process in the same
study area involved a much longer time-series, 1985e2010 (Li &
actors within seven vegetation communities.



Table 5
F-tests for all climate factors.

Effects test Statistic d.f. Prob.

Cross-section F 0.75 (6560) 0.61
Period F 12.78 (98,560) 0.0000
Cross-section/Period F 12.14 (104,560) 0.0000
Hausman period random 96.24 (28) 0.0000

Table 7
Effects specification for climate factors.

Factor Adj. R2 DurbineWatson F-statistic

Humidity 0.88 0.99 47.11
Precipitation 0.91 1.39 63.94
Sunlight 0.86 0.82 40.75
Wind 0.88 1.00 46.75
Total 0.94 1.49 79.49
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Xie, 2013). Over the period of twenty-six years, the annual obser-
vations of temperature were oscillating around their mean values.
No clear temporal trends could be identified. As a result, no linear
relationship between temperature and the desertification dy-
namics could be established. Furthermore, an earlier effort was
conducted for distinguishing between human-induced and
climate-driven vegetation changes in Inner Mongolia (covering our
study area) during the period of 1981e2006 and came to a similar
conclusion (Li, Wu, & Huang, 2012). Only precipitation was iden-
tified as the key climate factor driving vegetation degradation in
Inner Mongolia, while livestock grazing was distinguished as the
primary human activity inducing degradation. In addition, a recent
study concerning the drivers of the dynamics in net primary pro-
ductivity (NPP) across ecological zones on the Mongolian Plateau
led to a similar finding that temperature did not have significant
linear relationships with NPP in any ecological zones over the
Mongolian Plateau (Wang, Brown, & Chen, 2013). Out study area
was one ecological zone of the Mongolian Plateau ecosystems.

F-tests and Hausman-test for model specification

The first F-test (where the cross-section is fixed: FProb ¼
0.61 > 0.05) failed to reject H0 (the null hypothesis) in Eq. (13),
indicating that the cross-section pool model is more reasonable
Table 6
F-tests and Hausman tests of individual models.

(Cross-section, Period) Effects test

Humidity (Pool, Fixed) Period F
(Pool, Random) Period random
(Fixed, Pool) Cross-section F
(Fixed, Fixed) Cross-section F

Period F
Cross-section/Period F

(Fixed, Random) Cross-section F
Period random

Precipitation (Pool, Fixed) Period F
(Pool, Random) Period random
(Fixed, Pool) Cross-section F
(Fixed, Fixed) Cross-section F

Period F
Cross-section/Period F

(Fixed, Random) Cross-section F
Period random

Sunlight (Pool, Fixed) Period F
(Pool, Random) Period random
(Fixed, Pool) Cross-section F
(Fixed, Fixed) Cross-section F

Period F
Cross-section/Period F

(Fixed, Random) Cross-section F
Period random

Wind (Pool, Fixed) Period F
(Pool, Random) Period random
(Fixed, Pool) Cross-section F
(Fixed, Fixed) Cross-section F

Period F
Cross-section/Period F

(Fixed, Random) Cross-section F
Period random
than the cross-section fixed model (Table 5). The second F-test
(whether the period is fixed) rejects the null hypothesis, indicating
that a period fixed model is better than a period pool model.
Moreover, since the degree of freedom in Hausman test is fewer
than the number of periods (99), the period random model is not
appropriate (Baltagi, 2005). Therefore, the cross-section pool and
period fixed model was chosen for estimating the panel regression
model of all climate factors (the total panel regression model).

The cross-section and period fixed (Fixed, Fixed) effect model
was the preferred choice for estimating individual panel regression
models for the climate factors of humidity, precipitation, hours of
sunlight, and wind (Table 6).

Panel estimation

The adjusted R-squared values for all four climate factors in the
Fixed-Period-Fixed-Cross-Section panel model were higher than
0.75 (Table 7), indicating that these factors had a significant esti-
mation power. Moreover, the DurbineWatson statistic values of the
four climate factors were between 0.82 and 1.39 (that were less
than 2.0), revealing that these factors displayed strong to moderate
positive autocorrelations. Precipitation had the highest estimation
power while hours of sunlight had the lowest on the basis of
F Statistic d.f. Prob. R2

2.457 �98,587 0.000 0.332
21.882 7 0.003 0.045

173.075 �6679 0.000 0.628
550.193 �6581 0.000 0.900
16.158 �98,581 0.000
47.057 �104,581 0.000

534.623 �6679 0.000 0.832
27.116 7 0.000
6.836 �98,587 0.000 0.850

21.056 7 0.004 0.760
39.887 �6679 0.000 0.763
95.149 �6581 0.000 0.924
12.681 �98,581 0.000
18.130 �104,581 0.000
95.358 �6679 0.000 0.876
14.821 7 0.038
13.606 �98,587 0.000 0.863
10.903 7 0.143 0.775
9.961 �6679 0.000 0.588

19.841 �6581 0.000 0.886
15.550 �98,581 0.000
16.435 �104,581 0.000
20.565 �6679 0.000 0.814
6.652 7 0.466
2.491 �98,587 0.000 0.334

14.001 7 0.051 0.044
170.164 �6679 0.000 0.624
543.377 �6581 0.000 0.899
16.238 �98,581 0.000
46.710 �104,581 0.000

525.960 �6679 0.000 0.830
29.496 7 0.000



Table 9
Coefficients and statistics of the total model.

Variable/vegetation types Coef. Std. Er. t-statistic Prob.

C 0.193 0.023 8.545 0.000
Humidity Moist Veg_01 �0.287 0.050 �5.750 0.000

Veg_09 �0.257 0.056 �4.557 0.000
Veg_10 �0.150 0.047 �3.178 0.002

Typical Veg_02 �0.192 0.053 �3.648 0.000
Veg_12 �0.187 0.050 �3.718 0.000

Arid Veg_03 �0.103 0.043 �2.401 0.017
Veg_05 �0.113 0.038 �3.016 0.003

Precipitation Moist Veg_01 0.616 0.046 13.326 0.000
Veg_09 0.479 0.055 8.784 0.000
Veg_10 0.748 0.046 16.216 0.000

Typical Veg_02 0.381 0.059 6.440 0.000
Veg_12 0.380 0.057 6.669 0.000

Arid Veg_03 0.128 0.066 1.951 0.052
Veg_05 0.057 0.064 0.890 0.374

Sunlight Moist Veg_01 �0.010 0.040 �0.260 0.795
Veg_09 �0.097 0.040 �2.414 0.016
Veg_10 0.177 0.041 4.267 0.000

Typical Veg_02 �0.111 0.038 �2.939 0.003
Veg_12 �0.105 0.039 �2.679 0.008

Arid Veg_03 �0.198 0.039 �5.132 0.000
Veg_05 �0.268 0.037 �7.225 0.000

Wind Moist Veg_01 �0.092 0.052 �1.760 0.079
Veg_09 0.000 0.053 0.004 0.997
Veg_10 �0.127 0.044 �2.906 0.004

Typical Veg_02 0.062 0.048 1.284 0.200
Veg_12 0.072 0.046 1.576 0.116

Arid Veg_03 0.157 0.039 4.052 0.000
Veg_05 0.171 0.036 4.723 0.000
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adjusted R-squared and F-statistic. The variation of estimation po-
wer by each climate factor differed more significantly over different
vegetation covers (Table 8). The estimation of EVI against a climate
factor over seven vegetation covers can be constructed according to
cross-section and period fixed model. Using humidity as an
example, the equation for Period 1was given here as an illustration
and the equations for the remaining periods and other explanatory
climate variables were omitted. In fact, since the analysis of each
explanatory climate variable was based on the magnitudes, signs
and significance levels (probabilities) of t-statistics, there was no
need to write out all regression equations unless prediction into
future was the goal.

The equation for the estimation in Period 1 (P1) was parame-
terized as,

EVI VEG 01P1 ¼ 0:224þ 0:098� 0:121þ 0:133

� HUMIDITY VEG 01 (16)

where 0.224 was the constant, 0.098 was the cross-section fixed
effect, �0.121 was the period fixed effect (like gt in Eq. (10)), and
0.133 was the coefficient. It was worth pointing out that there were
99 periods. The above equation was only for the estimation of EVI
using humidity in Period 1 and over Vegetation Cover 1. Though all
parameters were computed automatically by the software, it was
cumbersome to write out all regression equations.

The seven plant communities, based on their responses to the
climate factors, could be grouped into three categories: (1) the
moist meadow type (including temperate meadow steppe e Veg_1,
lowland salt meadow e Veg 9 and temperate mountain meadow e

Veg 10); (2) the typical steppe type (temperate steppe e Veg_2 and
improved grassland e Veg_12); and (3) the arid dessert type
(temperate desert steppe e Veg_3 and temperate steppe desert e
Veg_5). The climate factor, Precipitation, affected EVI over the
moist meadow-type communities significantly, over the typical-
grassland-type communities moderately, and over the arid
dessert-type communities non-significantly. Humidity had a
moderate effect on the moist meadow-type communities, a nega-
tive impact on the arid dessert-type communities, and no signifi-
cant impact on the typical grassland-type communities. Wind
Speed acted differently from Precipitation, having a stronger posi-
tive influence on EVI over the arid dessert-type communities, a
positive impact on EVI over the typical grassland-type commu-
nities, and no significant or negative impact on the moist meadow-
type communities. Sunlight Hours exhibited significant but
negative impacts on EVI over all types of plant communities.
Although sunlight was needed for photosynthesis, excessive sun-
light during the summer periods, especially in arid and semi-arid
areas decreased vegetation greenness.
Table 8
The coefficients and statistics for climate factors.

Humidity Precipitation

Coef.b C-S-Ec Prob. Coef.

C.a 0.224 e 0.000 0.158
Veg_01 0.133 0.098 0.002 0.507
Veg_09 0.037 0.016 0.435 0.397
Veg_10 0.281 0.207 0.000 0.641
Veg_02 e0.014 e0.018 0.770 0.327
Veg_12 e0.021 e0.015 0.656 0.315
Veg_03 e0.117 e0.117 0.008 0.107
Veg_05 e0.143 e0.171 0.000 0.040

a C is the constant.
b Ceof. is the coefficient term (bik in Eq. 13).
c C-S-E is the cross-section fixed effect (ai in Eq. 13) and is omitted for precipitation, s
The adjusted R-squared for the total panel regression (the
regression of EVI against the four climate factors in both time-series
and vegetation types) was very high (0.94) (Table 7) and the Dur-
bineWatson statistic (1.49, Table 7) was the closest to 2.0 compared
to the individual panel models. Therefore, the total panel regression
model performed better than the individual models. Moreover, the
significance levels and signs of t-statistics over the seven vegetation
communities were easily discernible into three categories (the
moist, the typical and the arid; Table 9) as identified in the inter-
pretation of the models for the individual climate factors. There-
fore, the spatial variability was very noticeable in three ways: (1)
the precipitation displayed an east-to-west gradient; (2) the
mountains enhanced the moistness in the northeast while the
desert intensified the aridness in the northwest; and (3) the terrain
had significant impact on local vegetation.

The moist meadow-type plant communities concentrated in the
northeastern part of the study area, while the arid desert-type
communities in the upper western section (Fig. 2). The typical
temperate located across the study area. Moreover, the Da-Xing-An
Sunlight Wind

Prob. Coef. Prob. Coef. Prob.

0.000 0.346 0.000 0.225 0.000
0.000 -0.271 0.000 -0.002 0.970
0.000 -0.214 0.003 0.107 0.063
0.000 -0.323 0.000 -0.135 0.010
0.000 e0.168 0.004 0.151 0.007
0.000 e0.218 0.002 0.155 0.004
0.108 e0.239 0.002 0.230 0.000
0.541 e0.234 0.001 0.253 0.000

unlight and wind.
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Ling (Mountains) stretched northeast-southwest right at the
eastern border of the study area. Hulun Buir Meadow (the primary
portion of themeadow steppes in the study area) was located in the
large basin adjacent to the Da-Xing-An Ling. On the contrary, the
desert steppe area in the upper west was an extension of the
Hunshandake Shadi (Desert). The plant communities there showed
strong vestiges of desert climate. As a result, the east-to-west water
gradient was much amplified by the regional landscape structure.
The influence of precipitation over the moist, typical and arid zones
revealed a clear pattern of three step-down plateaus. On the other
hand, the impact of wind speed reversed the direction. Further-
more, the bearing of local terrain on spatial variability of plant
communities was apparent. For instance, lowland salt meadow
spread along rivers and streams.

In addition, the magnitudes and directions of influence over
three categories of steppes (the moist, the typical and the arid) by
Precipitation and Wind Speed were quite similar between the total
model and the individual models, respectively (Tables 8 and 9).
However, the total panel regression model differs from the indi-
vidual panel models in two ways (Table 9). First, the total panel
regression model indicated that the impacts of humidity on plant
growth were all significant and negative. Second, compared to the
individual models, the impact of sunlight was no longer universally
negative in the total model.

Conclusions

Our results suggest that the integration of various data sources
of remote sensed images, climate factors and plant communities on
the basis of geospatial analytical method into a composite spatio-
temporal dataset provided an effective means to investigate the
causal relationships between climatic variables and vegetation
growth across distinct plant communities and over time. EVI was a
good indicator of the greenness of vegetation cover in semiarid and
arid environments and responded to both inter-annual and intra-
annual changes of regional climate variables. The panel regres-
sion analysis effectively highlighted the relative importance of
various climatic factors in driving vegetation greenness and pro-
ductivity and the role of plant community composition in influ-
encing these responses.

Temporarily, of the seven climate variables investigated, pre-
cipitation, humidity, sunlight hour and wind speed showed linear
relationships with EVI. It was confirmed that these four climate
factors were correctly entered into the panel regression models to
examine the responses of vegetation growth (EVI as the proxy) to
temporal dynamics and spatial variability of climate changes.
However, it was important to notice that the directions, strengths,
and irregularities of the causal relationships between EVI and the
climate factors varied with each climate factor, respectively. The
contributions of precipitation and wind speed were generally
positive and quite similar in both the total model and the individual
models. However, the contributions of humidity and sunlight hour
to the vegetation growth condition were different between the
total and the individual models.

Furthermore, it is a controversial finding that temperature,
which is one of the two climate factors that are mostly discussed in
the literature of global climate change, was excluded in the panel
regression analysis. In our case study, temperature was removed
because it was not stationary, failing to reveal any linear tendency
in time-series. This finding was confirmed by three related studies
that were conducted in the same study area (Li et al., 2012; Li & Xie,
2013; Wang et al., 2013). In fact, this finding reveals a challenge for
understanding complex interactions between climatic changes and
ecosystem responses. The finding first suggests it would need a
much longer period of observation in order to investigate causal
relationships between ecosystem responses and climate changes.
Second, it might mean that we should look at the causal relation-
ships from a different perspective. In other word, it would be too
simplistic to assume straight correlations between ecosystem ad-
aptations and climate changes over time. In reality, long-term re-
lationships could be broken into several periods called structural
breaks (Liu & Xie, 2013a). Under such circumstances, asymmetric
adjustment of dynamic relationships has to be integrated with the
panel data modeling. Our current panel models were not capable of
handling such complex cases, which is a limitation, but will be a
future research effort.

Spatially, over the seven vegetation communities analyzed, the
responses of their growth conditions (measured by EVI) to four
climate factors depended on the wetness degrees of these com-
munities. The greenness of the moist communities (temperate
mountain meadow, temperate meadow steppe, and lowland salt
meadow) corresponded strongly and positively with the climate
factors that determine wetness, such as precipitation and humidity.
The greenness of the arid communities (temperate steppe desert,
and temperate desert steppe) related with wind speed, strongly
and positively. This suggests that wind may not have much impact
in the areas with good water conditions, but may alleviate heat
accumulation in drier areas when the sunlight hour was long. Thus
wind could be positively related to EVI in the arid region. The
greenness of the most representative (typical) vegetation com-
munities (accounting more than 45% of the study area - temperate
steppe) moderately correlated to both precipitation and wind
speed.

The above findings about the consequences of vegetation
growth conditions to regional climate changes have to be under-
stood from the unique geographical characteristic of the study area,
the semi-arid and arid grassland. Da-Xing-An Ling (Mountains) lies
to the northeastern border, neighboring a large stretch of forests,
increasing moistness, and thus driving the spread of meadow-type
plant communities in the northeast. However, to the upper west
region is the Hunshandake Shadi (Desert), which significantly in-
tensifies the aridity. Because of the intercontinental desert climate,
the growing seasons are hot and the vegetation covers are largely
drought-resistant types. Thus the precipitation and humidity are
no longer very critical to vegetation growth. The length (hours) of
sunlight has a negative impact on the greenness of vegetation
because it increases the heat, while the average wind speed ex-
hibits a positive impact on vegetation growth because it reduces
heat accumulation when adequate wind blows. On the contrary, in
the wetter areas, precipitation and humidity exert strong impact
because the vegetation communities there heavily depend on
water. To the vegetation communities located in the medium
spectrum of water conditions, the greenness or growth condition
of the representative or dominant vegetation communities are
moderately affected by these two climate factors, precipitation and
weed speed. Therefore the aridity and the topographic structure of
the study area of Inner Mongolia determine the unique conse-
quences of vegetation growth conditions toward regional climate
changes.

Overall, our study indicates that panel data regression analysis is
an effective statistical technique to explore causal relationships
between vegetation greenness and climate factors from both
temporal (time-series) and spatial (cross-sections) dimensions. In
the central portion of Inner Mongolia, the responses of the vege-
tation growth condition (measured by the EVI as the proxy) to the
climate changes illustrate clear temporal variations between
different climate factors and significant spatial patterns over the
seven vegetation communities. For the future improvement,
increasing the number of meteorological stations and incorporating
point sampling of EVI, rather than average patch value might
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improve the power of such modeling techniques. In addition, the
integration of socioeconomic data into the panel analysis could
help explore double-cross impacts of coupled climate and human
influences on vegetation growth.
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