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Abstract: Critical transitions in ecosystems may
imply risks of unexpected collapse under climate
changes, especially vegetation often responds
sensitively to climate change. The type of vegetation
ecosystem states could present alternative stable
states, and its type could signal the critical transitions
at tipping points because of changed climate or other
drivers. This study analyzed the distribution of four
key vegetation ecosystem types: desert, grassland,
forest-steppe ecotone and forest, in Tibetan Plateau in
China, using the latent class analysis method based on
remote sensing data and climate data. This study
analyzed the impacts of three key climate factors,
precipitation, temperature, and sunshine duration, on
the vegetation states, and calculated the -critical
transition tipping point of potential changes in
vegetation type in Tibetan Plateau with the logistic
regression model. The studied results showed that
climatic factors greatly affect the vegetation states and
vulnerability of the Tibetan Plateau. In comparison
with  temperature and  sunshine duration,
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precipitation shows more obvious impact on
differentiations of the vegetations status probability.
The precipitation tipping point for desert and
grassland transition is averagely 48.0 mm/month,
70.7 mm/month for grassland and forest-steppe
ecotone, and 115.0 mm/month for forest-steppe
ecotone and forest. Both temperature and sunshine
duration only show different probability change
between vegetation and non-vegetation type, but
produce opposite impacts. In Tibetan Plateau, the
transition tipping points of vegetation and non-
vegetation are about 12.1°C/month and 173.6
h/month for the temperature and sunshine duration,
respectively. Further, vulnerability maps calculated
with the logistic regression results presented the
distribution of vulnerability of Tibetan Plateau key
ecosystems. The vulnerability of the typical
ecosystems in the Tibetan Plateau is low in the
southeast and is high in the northwest. The
meteorological factors affect tree cover as well as the
transition probability that occurs in different
vegetation states. This study can provide reference for
local government agencies to formulate regional
development strategies and environmental protection
laws and regulations.
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1 Introduction

It has been widely recognized that the health of
key ecosystems has great importance to human
welfare (Bryan 1992; Jonston et al. 2018, 2021; Yin et
al. 2020, 2021; Burra et al. 2021). The critical
transition in complex ecosystemscan indicate the
radical changes when thresholds are passed at tipping
points (Scheffer 2012). The vulnerability assessment
plays an important role in regional planning,
sustainable development  evaluation, global
environmental status and development trends
assessment (Sasaki et al. 2015). The research of
vulnerability originates from the study of natural
disasters and extended to the ecosystem, social
sciences, geosciences, sustainable sciences, etc., and it
is being paid more attention to the theory of
sustainable development (IPCC 2014; Berrouet et al.
2018).

It is becoming increasingly clear that many
ecological systems have critical thresholds—so-called
tipping points—at which the system shifts
catastrophically from one state to another (Scheffer et
al. 2009; Johnston et al. 2021), implying critical
transitions at tipping points in response to altered
climate or other drivers (Hirota et al. 2011).
Ecological thresholds are usually defined as “points or
zones of abrupt change in ecological relationships”
(Huggett 2005; Groffman et al. 2006; Ficetola and
Denoe”l, 2009). Since the 21st century, climate
change has affected the growth of vegetation and even
the structure and function of the system. Many
researchers have defined the concepts and types of
ecological thresholds and have analyzed the critical
transitions at tipping point under global changes
(Uehara 2013; Yang et al. 2019).

The main research methods for ecological
thresholds and critical transitions at tipping point
include statistical analysis, frequency analysis, goal
programming method, optimal segmentation theory
and regression model analysis (Scheffer et al. 2012;
Qian 2014; Gotts et al. 2018). The main indicator
evaluation method is usually used for vulnerability
assessment (Ferrara et al. 2012), which incorporated
indicators and their weights for vulnerability
assessment (Smith et al. 2014; Beccair 2016). The
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linear approach has been used to assess critical
transition and vulnerability (Adger 2006); however, it
brings up some challenges (Serna-Chavez et al. 2014)
because it is still difficult to depict clearly when will
the vegetation ecosystems transform under different
types of threat. Most previous assessments do not
address fully the meteorological factors and
environmental change impact on ecosystems
vulnerability or distinguish the effects of different
meteorological factors on the transformation on
ecosystems (Hirota et al. 2011; Staver et al. 2011;
Berrouet et al. 2018).

It is necessary to understand the critical
transitions of the ecosystems, especially investigating
the key meteorological factors, in order to evaluate
the vulnerability of the ecosystems (Qian 2014).
Normally, the key ecosystems dominate or make
important impact on a regional area, it may determine
whether the regional area is likely to experience
changes from the external threat. The key ecosystems
in Tibetan Plateau area the forest, forest-steppe
ecotone, grassland and desert, they are especially
important and vulnerable (Guo et al. 2020), also, it is
much necessary to know more about the critical
transition and vulnerability of Tibetan Plateau key
ecosystems. This study proposed a method to analyze
the impact of meteorological factors on the critical
transition and vulnerability of Tibetan Plateau key
ecosystems. It aims to quantitatively study the
thresholds and critical transitions at tipping points of
the key elements of the ecological systems, and to
reveal the internal processes of system evolution,
mutation and transformation to research the
evaluation of regional resource-environment system
vulnerability.

2 Materials and Methods

2.1 Study area

The study area of Tibetan Plateau covers the
Xizang, Qinghai, Gansu, Sichuan, Ningxia, Yunnan
provinces and parts of Xinjiang province, and covers
3.63x10° km? between 73°-109°E and 21°-43°N (Jing
et al. 2016). The overall climatic characteristics of the
Tibetan Plateau are summarized as strong radiation,
more sunshine, lower temperatures, and temperature
decreases with height and latitude. The spatial
distributions of 181 weather stations in the study area



are present in Fig. 1. Eighty percent of the Tibetan
Plateau area locates above 4000 m above sea level,
and the temperature significantly reduced, the high
altitude. In addition, the drought in alpine region is
frequent because of the low precipitation, simple
vegetation structure, and poor anti-interference
ability. The vulnerability of ecosystems is manifested
by vegetation destruction, forests and grasslands
degradation, soil erosion, and soil desertification. The
climate characteristics of the Tibetan Plateau cover
from warm and humid in the southeast to cold and
dry in the northwest.

2.2 Data sources

The MOD44B Vegetation Continuous Fields (VCF)
product is a global representation of surface
vegetation cover represented as gradations of three
ground cover components: percent tree cover, non-
tree cover and non-vegetated (bare). This data was
downloaded from the NASA Land Processes
Distributed Active Archive Center (LP DAAC). The
VCF products provide a continuous, quantitative
portrayal of land surface cover at 250-meter pixel
resolution, with a sub-pixel depiction of percent cover
in reference to the three ground cover components
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(Ishtiaque et al. 2016). Tree cover percentage was
computed from the MOD44B at 500-meter resolution.
Tree cover maps were computed based on Moderate
Resolution Imaging Spectroradiometer (MODIS)
inputs dating from 1 January 2015 to 31 December
2015.

The Tropical Measuring Mission (TRMM) is a
joint endeavor between National Aeronautics and
Space Administration (NASA) and Japan’s National
Space Development Agency (Kelley 2013). The TRMM
3B43 product provides monthly precipitation data at
a spatial resolution of 0.25° x 0.25°, covering 50°N—
50°S. We calculated the average monthly
precipitation based on the data from January to
December 2015.

Meteorological station data was obtained from
China Ground Climate Data Monthly Dataset of
National Meteorological Science Data Sharing Service
Platform. This dataset is based on climatic
observations from 756 basic, reference surface
meteorological observation stations and automatic
stations. We used ground measured data from 183
meteorological stations in the Tibetan Plateau,
calculated average monthly precipitation, average
monthly temperature, and average monthly sunshine
duration from January 2015 to December 2015.
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Fig. 1 Topography of the Tibetan Plateau key ecosystems and weather stations distributions.
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The Digital Elevation Model (DEM) data with the
spatial resolution of gom was obtained from Shuttle
Radar Topography Mission (SRTM). SRTM is mainly
measured by the NASA and the National Mapping
Agency of the Ministry of National Defense (NIMA)
(Grohmann 2018). The acquired radar image data has
been modeled as a digital terrain elevation model
after processing.

2.3 Methods and flowchart

In the study, the meteorological and tree cover
datasets were firstly processed. First, meteorological
data were processed including data correction,
interpolation and statistical analysis. Next, the tree
cover percentage from the MOD44B product at 500-
m resolution and computed the type of vegetation
were exacted. Last, the critical factor thresholds and
vulnerability were computed using logistic regressions
between meteorological factors and vegetation cover.
Considering the heterogeneous landscapes (e.g.,
forest-grassland-transitions), all the datasets were
extracted at 1-km resolution and re-projected onto a
UTM projection. All the geoprocessing steps and the
data extraction were executed using ArcGIS 10.2 and
Python 2.7. A flowchart is shown in Fig. 2.

2.3.1 Calibration of the TRMM data with
Random forest algorithm

Due to the influence of terrain, altitude and
atmosphere, the accuracy of TRMM data in the
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mountainous areas of northwest China is low.
Therefore, Random Forest algorithm has been applied
to Correct TRMM data. We used the Random Forest
(RF) algorithm and meteorological stations to
calculate the relationship between the distribution of
TRMM precipitation data and the influencing factors
(DEM, longitude, latitude). RF is a non-
parameterized and ensemble-learning algorithm for
regression and classification, has been increasingly
applied because of its high accuracy (Eisavi et al.
2015). In regards to the regression in the categorical
regression tree model, for each observed variable
matrix X, there is a response vector Y to represent the
response value of X (Gey and Nedelec 2005). The data
of 183 meteorological stations are divided into two
parts, 100 of which were used to train the Random
Forest model and 83 of which were used for
validation. The TRMM precipitation calibration with
RF algorithm is processed as follows:

(1) The original precipitation dataset from the
meteorological stations was converted into a point
vector layer with attribute values of precipitation and
latitude and longitude using ArcGIS software, and the
point vector layer extracted the TRMM precipitation
data and DEM of every station as attribute values.

(2) The difference was calculated between
precipitation at the meteorological stations and the
TRMM precipitation datasets AP, :
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Fig. 2 Flowchart of critical transition calculation and vulnerability assessment of

Tibetan Plateau key ecosystems.
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TRMM data. a measure of differences between two variables and it

Three evaluation indicators were computed to
evaluate the calibrated TRMM data and the original
TRMM data, they are the coefficient of determination
(R2), the bias, and the root mean square error (RMSE)
(Duan and Bastiaanssen 2013; Katiraie-Boroujerdy et
al. 2017), the formulas are as follows:

2 — __X0c—Po)((Po—Po) (2)
VI@c—P0)?VE(Po—D0)?
. Yo
Bias = =——
ias S (3)
_p)2
RMSE = ’MTPO) 4)

where P. and P, are the TRMM

is sensitive to the extreme values.

Fig. 3 shows the spatial distribution of TRMM
data after correction. The evaluation results of the
original and calibrated TRMM 3B43 data are shown
in Fig. 4. It can be seen that the difference between
the original and calibrated TRMM 3B43 in May, June,
July and August is significant. The difference between
the average monthly precipitation of meteorological
stations and the calibrated TRMM 3B43 is small. The
overall accuracy level has been significantly improved
after calibration, with R2 reaching a maximum of 0.99
and a minimum as low as 0.8. The calibrated TRMM
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Fig. 4 Comparison of calibrated TRMM dataset with meteorological stations
data and original TRMM.
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data can be used for subsequent threshold and critical
transition analysis.

2.3.2 Latent class analysis

In order to statistically test the number of modes
of the tree cover frequency distributions and calculate
vegetation types, latent class analysis method was
applied. The statistical theory of latent class analysis
is based on multivariate analysis of probabilities.
Exploratory latent class analysis is that there are no
predetermined assumptions for the number of
potential categories and no specific limits on the
parameters for potential category analysis. The latent
variable model is determined purely from observed
data, and the parameter estimation is performed in an
unrestricted mode, so it is also called data-driven
orientation (Weingessel 2012).

The main task of the exploratory latent class
analysis is to determine that the variability of explicit
variables can be best explained by several potential
categories (Orea and Kumbhakar 2004). When the
number of potential categories is T and it can explain
the largest variation in explicit variables, the
theoretical model will be the closest to the observed
data. Thus, the T-cluster model is the best model. The
process of exploratory latent class analysis is divided
into the following five steps: first, estimate the initial
model (1-cluster with T=1); second, gradually increase
the number of categories, perform the parameter
estimation for each model, and calculate the fitness;
third, perform an adaptability test and a differential
test to determine the best model; fourth, sort the
categories and the parameter estimation results; and
fifth, classify and determine the attribution category
of each observation.

The parsimony criterion is a goodness-of-fit
criterion that penalizes for each parameter of the
model to determine the best number of fits for
potential categories, which includes the Akaike
Information Criterion (AIC) and the Bayesian
Information Criterion (BIC) (Chakrabarti and Ghosh
2011). Based on information theory and the maximum
likelihood algorithm, AIC can be applied to the

adaptation advantage comparison of different models:

np
L= QX n xlog ﬁ—’;)z (5)
AIC = 2k — 21In(L) (6)

where L is the likelihood function, k is the number of
model parameters, n is number of samples, 71, is the
average number of k parameters. The smallest AIC
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value indicates that the model is the best fit.

BIC is similar to AIC, it is also used to select the
best model, but the penalty of BIC is greater than that
of AIC. Meanwhile, BIC takes the number of samples
into consideration to prevent excessively high model
complexity due to high model accuracy when the size
of samples is very large. BIC is a measure of the
goodness of statistical model fit based on the
likelihood function (Campos et al. 2018):

BIC = kIn(n) — 21In(L) @)
where, k In(n) is the penalty term in the case that the
dimension is too large and the training sample data is
relatively small. In this way, the dimensional disaster
phenomenon can be effectively avoided.

In the study, we normalized the tree cover data
and took a random subsample of 1000 points. To
analyze the numbers of the tree cover frequency
distributions and determine the type of vegetations,
latent class analysis and a maximum likelihood
estimation algorithm have been applied to find the
best fit for a certain number of normal distributions.

2.3.3 Logistic regressions

In order to analyze the impact of meteorological
factors on typical ecosystem vegetation, logistic
regressions method has been used to calculate the
probability of vegetation. In the study, we need to
consider the probability of vegetation under the
influence of meteorological. However, we know that
the relationship between probability and independent
variables is difficult to describe using a linear model.
Logistic regression differs from classical linear
regression in that the modeled response is the
probability of being in a category, rather than the
observed quantity of a response variable (Stoklosa et
al. 2016). Logistic regression allows building
predictive models on a probabilistic basis (Motrenko
et al. 2014). Similar to any other regression analysis,
it predicts one or several predictor (independent)
variables. Logistic regression applies to the original
dependent variable, with a regression equation of the
form:

Logit(p) = lnﬁ =a+ Bixs + Boxy + -+ Brxn, (8)

where p is the probability, a is the intercept, g =
(B1, B2, -, Bn)' denotes a vector of n coefficients,
and x = (xq,%,,...,x,) is a set of values of the
covariates. The coefficients [ in the logistic regression
model are commonly interpreted in terms of odds
ratios, and reflects changes in odds ratios (Sun et al.



2018).

The unknown B needs to be estimated from
observed data and is estimated using maximum
likelihood assuming that the observations are
independent, with a likelihood equation of the form:

aL n

TR =T % (i~ a(Blx)) = 0 (9)
where r = 0, 1, ..., n, with respect to B, q is the
probability function.

In the study, the polytomous logistic regression
was used to calculate the probability, the categorical
variable is a multi-class case and not a binary one.
Polytomous logistic regression requires that the
categorical variables are disordered and multi-
categorical, unlike binary logistic regression, where a
set a reference group is required (Gupta and Pardo
2007). For example, y = (y4,V,, -, V) is a vector of
categorical variables. We must specify a categorical
variable as a base category and take y = 1 as the base
category, with the logistic regression equation of the
form:

Ply=ilx) = . . “es
Po=1m] a+ Pixy + Pipxy + 0+

Bixe = gi(x) i=(2,3, ... 1) (10)
where simultaneous equations consist of (n— 1)
functions, the size of the parameter is i x (t + 1) and t
is the number of independent variables. The logit
function expresses the logit of class i and class 1, and
the corresponding coefficient is represented by S,
the ratio of class i to class t. As long as (n-1) functions
are given, the results of the first class can be
calculated:

Logit P;;; =In [

Ply=1|x] + P[y=2]|x] + P[y=3|x] + ... + Pl[y=n|x] =1 (11)
Pi+Po+Ps+...+Pn=1 (12)

According to the functions above, the conditional
probabilities of n categories are:

P1=Py=1|x] = 1/(1+€&®+...+ e5:®) (13)
Pi=P[y=i|x] = e&®/(1+e5:®+...+ e&®) (14)
g(2) =1/ (1+e”) (15)

Z= ﬁ0+ ,B1X (16)

where x is the average monthly precipitation, average
monthly temperature, or average monthly sunshine
hours.

Logistic regression uses likelihood values to
measure the goodness of fit of the model (we calculate
-2 times the natural logarithm of the likelihood, which
is abbreviated as -2LL). If one model is perfectly fitted,
the value of the likelihood is 1, and -2LL is the
smallest value. All the regressions were processed
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with Python 2.7.

Based on the Logistic regression equations, this
study explores the relationship between ecosystem
vegetation and climate factors, taking ecosystem
vegetation (desert, grassland and forest) as dependent
variable, taking the climatic elements (precipitation,
temperature, sunshine hours) as the independent
variable, to calculate the threshold value of climatic
elements and predict the vulnerability of ecosystem in
Tibetan Plateau.

3 Results and Discussion

3.1 Latent class analysis and the type of
vegetation states

Fig. 5 showed obvious peaks and differences in
the frequency distribution of tree cover. We compared
the fit of the model of 1-6 classes based on latent class
analysis and used a parsimony criterion to determine
the classification results. Based on the BIC and AIC
values, the class sizes of the optimal model are four
class. We calculated the normal best-fit parameters
and defined 0%-14% tree cover for desert, 15%-34%
tree cover for grassland, 35%-59% tree cover for
forest-steppe ecotone, and >59% tree cover for forest.

To discover the frequency distribution of tree
cover, we performed normal distribution fitting
curves for the four types of vegetation (Fig. 6).

3.2 Critical transitions of Tibetan Plateau key
ecosystems at tipping points

The desert, grassland, forest-steppe ecotone and

0.04  0.05
T

0.03
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L T | . T

T
0 20 40 o0 80
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Fig. 5 Frequency distribution of tree cover in Tibetan
Plateau in 2015.
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Fig. 6 Normal distribution fitting curves of four vegetation types in Tibetan Plateau in 2015.

forest states are defined on the basis of tree cover (T)
as T<14%, 15 %< T<34%, 35 %< T<59%, and T>60%,
respectively. We used the logistic regression equation
to calculate the probability curve of the four-
vegetation status depending on the precipitation,
temperature and sunshine duration levels (Fig. 7).

The probability curves in Fig. 7 show how the
vegetation status changes with precipitation,
temperature and sunshine duration levels. It is clear
that vegetation status, which changes with
precipitation, temperature and sunshine duration
levels, differs widely. Relatively, the precipitation
shows much obvious impact on differentiations of the
vegetation status probability. The data indicates that
the greater the precipitation, the greater the tree cover
and the greater the vegetation coverage (Fig. 7a). The
four vegetation states at the end of their respective
precipitation thresholds have lower probabilities and
correspond to increases in the probabilities of
neighboring states. According to the logistic
regression equation, the tipping point of the
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precipitation is calculated (Table 1). The tipping point
of the average precipitation of the desert and the
grassland is average 48.0 mm/month, the
precipitation tipping point of the grassland and
forest-steppe ecotone is average 70.7 mm/month, the
precipitation tipping point of the forest-steppe
ecotone and forest is average 115.0 mm/month.
Precipitation can is an important factor in controlling
vegetation growth and can provide water for
vegetation growth. It can be seen from the
precipitation tipping point that the monthly average
precipitation is greater than 48 mm, and the
vegetation growth probability is larger. The spatial
distribution of forest ecosystem and precipitation
show similar spatial variation characteristics, that is,
high precipitation corresponds to high vegetation
cover. In short, in meteorological factors,
precipitation affects the alternation of vegetation
types to some extent.

However, changes in temperature and duration
of sunshine are not as consistent with changes in
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vegetation status (Fig. 7b, 7¢). Temperature shows the
greatest impact on vegetation types (grassland, forest
steppe ecotone and forest) and non-vegetation type
(desert). However, temperature shows no significant
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effect and differentiation among vegetation types, and
the tipping points of grassland, forest-steppe ecotone
and forest do not exist in Tibetan Plateau. According
to the logistic regression equation, the temperature
tipping point is calculated (Table 1). When the
temperature is lower than 12.1°C in Tibetan Plateau,
the probability of desert is the highest. When the
temperature exceeds 12.1°C, the probability of
grassland, forest-steppe ecotone and forest increases,
and the probability of grassland is the highest. The
higher of the temperature, the larger the probability
of grassland and forest-steppe ecotone (Fig. 7b).
Meanwhile, Fig. 7b shows the probability of the
existence of forest increases with increasing
temperature and reaches a maximum at 15°C, and
then the probability of the forest decreases with the
increasing temperature. This shows clearly the high
elevation of Tibetan Plateau impact on the forest
ecosystem, because most of the forest in Tibetan
Plateau is distributed in the southeast or south
aspects of low elevation area.

The change of the probability curve under
sunshine conditions is opposite to the probability
curve under temperature conditions. And sunshine
duration has no significant effect and differentiation
among vegetation types either. In the Tibetan Plateau,
the longer the sunshine duration, the more adversely
the growth of vegetation is affected (Fig. 7c). Based on
the logistic regression equation, the tipping point
(Table 1) of sunshine hours is calculated. The desert
ecosystem has the lowest probability of existence
when the sunshine hours are lower than 173.6h. With
the increase of sunshine hours, the probability of
grassland, forest-steppe ecotone and forest
ecosystems is reduced, and the growth probability of
grassland and forest-steppe ecotone is higher than
that of forest and desert when the sunshine hours are
suitable.

There are large differences in the probability
curves of vegetation types for temperature,
precipitation and sunshine duration levels. First,
temperature  decreases the rate of
photosynthesis and affects the growth of vegetation.
With higher temperatures, there is an increase in
surface evaporation which is not conducive to the
preservation of soil moisture and thus has an adverse
impact on the growth of vegetation. Second, the
Tibetan Plateau area has a high altitude and large
amounts of sunshine. When the sunshine duration is
too long, it causes much surface evaporation, which

lower
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Table 1 The ecosystem transition tipping points (TPs) of different variables in Tibetan Plateau

Tipping points (TPs)

Desert and grassland

Grassland and forest-
steppe ecotone

Forest-steppe
ecotone and forest

TPs of precipitation (mm/month)  48.0 70.7 115.0

TPs of temperature (°C /month) 12.1 — —

TPs of sunshine hours (h/month) 173.6 — —
Note: “—” indicates data are unavailable or that there is no obvious transition tipping point.

leads to restricted vegetation growth due to the lack of
soil water in Tibetan Plateau with insufficient
precipitation. However, it can be enough for grassland
and forest-steppe ecotone, and it is relative similar
over the Tibetan Plateau. By
precipitation in Tibetan Plateau shows much obvious
difference, so as to the distinct spatial distribution of
the four types vegetation of forest, forest-steppe
ecotone, grassland, desert. The more sufficient
precipitation, the higher tree cover.

The tipping points of climate elements are
divided by key ecosystem changes, and the impact of
climate change on vegetation systems is analyzed. The
logistic regression model fits the relationship between
meteorological elements and ecosystem vegetation
types, which was used to analyze the tipping points of
climate elements under ecosystem transformation
and determines the trade-off relationship between
climate change and ecosystem regulation functions
(Polo-Akpisso et al. 2015).

comparison,

3.3 Vulnerability assessment of Tibetan

Plateau key ecosystems

In the study, considering climatic factors and the
types of vegetation in Tibetan Plateau key ecosystem,
logistic regression method has been applied to
quantitatively calculate regional vegetation conditions
and vulnerability based on given meteorological
factors, with the aim of analyzing the possibility of
regional vulnerability by critical transition in
meteorological elements.

The climate change can cause the reduction of the
number of functional components, exacerbate the
degradation of forests, grasslands and other
ecosystems, increase the desertification area, reduce
the productivity of ecosystems, destroy ecological
structures and even degrade ecological functions. The
ecosystem thus will show high vulnerability.
Compared with the desert, grassland and forest-
steppe ecotone, the internal structure of forest
ecosystems is complex, with strong anti-interference
ability and low ecosystem vulnerability. The
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vulnerability of desert, grassland, forest-steppe
ecotone and forest of the Tibetan Plateau was
computed under the influence of precipitation,
temperature and sunshine duration using the logistic
regression models. Therefore, the vulnerability of
desert, grassland, forest-steppe ecotone and forest
were expressed as the probability of finding a
vegetation cover type at the local average monthly
precipitation or averaged temperature or averaged
sunshine duration.

Fig. 8 shows the average monthly precipitation
distribution and the simulated vulnerability from
precipitation of desert, grassland, forest-steppe
ecotone and forest. With the increase in precipitation,
the probability of the area being forest-steppe ecotone
and forest is larger, the vulnerability is weaker. Due to
the influence of precipitation, desert has high
probability and strong vulnerability in western and
central Tibet, and parts of Qinghai, Gansu and
Xinjiang. The grassland is mainly distributed in
eastern Tibet, northwestern Sichuan, northern
Yunnan, Qinghai and southern Gansu, and its
vulnerability is lower than that of the desert
ecosystem. Forest-steppe ecotone is mainly
distributed in southeastern Tibet, central and eastern
Sichuan, and central Yunnan. Forest ecosystems are
mainly distributed in eastern and southern Sichuan,
southern and eastern Yunnan, and have the lowest
vulnerability.

The wvulnerability of desert, grassland, forest-
steppe ecotone, and forest significantly correlated to
temperature and sunshine duration, which differs
from the variation in precipitation, according to Fig.s
9-10. The vulnerabilities under the influence of
temperature and the sunshine duration are obviously
different in the desert (non-vegetated) state and in the
state of vegetation, but they are not obvious of
difference in wvulnerability among the grassland,
forest-steppe ecotone and forest.

The temperature in internal area of Tibetan
Plateau was low, and was high in lateral area inside
the Tibetan Plateau (Fig. 9). The low temperature area
shows high desert ecosystem vulnerability from the
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north area to the central and southwest Tibetan
Plateau (Fig. 9b), where desert is mainly distributed.
The grassland, forest and forest-steppe ecotone
ecosystems show high and similar probability in high
temperature in southeastern Tibetan Plateau,
including parts of Sichuan, Yunnan, these areas are
less vulnerable (Fig. 9c, od, ge).

According to Fig. 10, the distribution of desert
ecosystems was positively correlated with the sunshine
duration distribution, and the grassland, forest-steppe
ecotone and forest ecosystem fragility are negatively
correlated. However, the vulnerability of grassland,
forest-steppe ecotone and forest ecosystem show little
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Fig. 8 Vulnerability of desert, grassland, forest-steppe
ecotone and forest on Tibetan Plateau under the
influence of precipitation.

differences affected by sunshine duration. Under the
influence of sunshine, the desert distribution is similar
to precipitation, mainly distributed in most area from
central to southwest Tibetan Plateau, which area shows
high vulnerability. The high probability of grassland,
forest-steppe ecotone and forests are mainly
distributed in eastern Yunnan and Sichuan provinces,
these areas are less vulnerable.

According to the influence of three
meteorological factors, the most vulnerable areas in
the study area are the central and western parts of
Tibet, the central and western part of Qinghai, the
western part of Xinjiang and Gansu, and the
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vulnerability of Yunnan and Sichuan provinces from This study quantitatively studied critical
northwest to southeast. transitions at tipping points of the key elements of the
ecological system and discussed the vulnerability of
the system under the influence of meteorological

4 Discussion factors using latent class analysis and logistic
regression analysis. The latent class analysis can test
4.1 Reviewing the proposed method the number of modes of the tree cover frequency
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distributions and can determine the class of
vegetation in the study area. The logistic regression
analysis can calculate the relationship between the
meteorological factors and the type of vegetation, and
can provide effective regression tools to determine the
influence of different meteorological factors on
regional vegetation changes, and predict the
distribution of vulnerability in regions. Logistic

(d) Vulnerability of forest-steppe ecotone

Fig. 10 Vulnerability of desert, grassland, forest-steppe
ecotone and forest on Tibetan Plateau under the
influence of sunshine hours.

regression analysis indicates that, the vulnerability in
the northwest of Tibetan Plateau key ecosystems is
high and the southeast vulnerability is relatively low,
according to the precipitation, temperature and
sunshine duration levels.

Researchers often use AHP (analytic hierarchy
process) method (Wang et al. 2008) to propose an
environmental vulnerability index which incorporated
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15 factors covering natural conditions, environmental
issues, and human activities, these techniques
integrated various spatial information, but the choice
of indicators has a strong subjectivity, and it is
difficult to understand what extent the factors play
roles. Also some researchers (Metzager et al. 2006)
integrated the potential impacts in a vulnerability
assessment of ecosystem services, and proposed that
the vulnerability maps of ecosystem services were
combined by stratified potential impact and adaptive
capacity indices. The results focused much on the
land-use change scenarios, and climate change is used
in the stratification of ecosystem service scenarios.
The vulnerability under the influence of changes in
meteorological factors is still needed furtherly study.
Generally, a relevant contribution of this study is
that we used the logistic regression model to explore
the spatial distribution of meteorological factors and
vegetation systems, and then applied it to the spatial
mapping of the vulnerability of Tibetan Plateau key
ecosystems. The logistic regression curves show
clearly how meteorological factors affect ecosystem
vulnerability. Moreover, the results of the
vulnerability maps give an intuitive over view to
predict the vulnerability of different vegetation types
for certain regions. This case study demonstrated that
the proposed method is an effective approach for
assessing the ecosystem transition and vulnerability.

4.2 Suggestion for ecosystem vulnerability
management

This study connected the critical transition to
different meteorological factors and found that the
vulnerability of the state varies greatly with
precipitation, that is, precipitation is a sensitive
driving force for the transformation of forest,
grassland, and forest-steppe ecotone in Tibetan
Plateau. It is useful to estimate the vulnerability for
the current ecological system. It can be inferred of a
certain state given the climate situations in the future
and can further be calculated the vulnerability to
address disturbances such as drought or global
warming.

The state of the ecosystem in the Tibetan Plateau
poses enormous challenges for governments,
scientists and local people. Current global changes,
especially climate change, seriously affect the
structural function of ecosystems. The quantitative
vulnerability assessment can also provide effective
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environmental protection advice to government
agencies and local people. The highly vulnerable area
in the Tibetan Plateau should be paid more attention
on protection and management, such as in the
northwestern part of the Tibetan Plateau. It is
necessary to customize appropriate economic
development strategies and formulate laws and
regulations for environmental protection according to
local conditions. In addition, alpine trees or grass
belts should be planted in desertification areas to
reduce the speed of desertification. Meanwhile, the
policymakers should make scientific regional
development planning.

4.3 Future works

In the future works, it is also necessary to explore
solutions for different climate scenarios and
determine the ability of complex dynamic systems to
adapt to critical transformations, which is critical to
understanding dynamic systems and inferring the
vulnerability of future global models. Also, it would be
an assessable way of using the index evaluation
method to calculate the regional overall vulnerability
index, and use logistic regression to analyze the
impact of single factors on regional vulnerability, and
provide local governments with more scientific and
targeted vulnerability governance and prevention
recommendations.

5 Conclusion

This study focuses on the impact of
meteorological factors of precipitation, temperature
and sunshine duration in Tibetan Plateau on
vegetation systems of forest, grassland, forest-steppe
ecotone, and non-vegetation system of desert. The
tipping point of meteorological factors between
ecosystem transformation was calculated. And the
ecosystems vulnerabilities were further assessed. In
comparison with temperature and sunshine duration,
the precipitation shows much obvious impact on
differentiations of the vegetations status probability,
and is the most sensitive meteorological factor for the
four key ecosystems in Tibetan Plateau. The transition
precipitation tipping point of desert and grassland is
averaged 48.0 mm/month, and it is averaged 70.7
mm/month for grassland and forest-steppe ecotone,
and averaged 115.0 mm/month for the forest-steppe



ecotone and forest. The temperature and sunshine
duration both only shows different probability change
between vegetation and non-vegetation type, but
appears the opposite impacts. In Tibetan Plateau, the
transition tipping points of vegetation and non-
vegetation are about 12.1°C/month and 173.6
h/month for the temperature and sunshine duration
respectively. The influence simulations of the three
meteorological factors all show high desert ecosystem
vulnerability from the north area to the central and
southwest Tibetan Plateau, where desert is mainly
distributed, and the grassland, forest and forest-
steppe ecotone ecosystems show high probability in
southeastern Tibetan Plateau, where are less
vulnerable. The studied results and methods can be a
quantitative reference for the Tibetan Plateau
ecosystem management and for diagnosing the
ecosystems transformation, and can be reference for

References

Adger WN (2006) Vulnerability. Global Environ. Change 16:
268-281. https://doi.org/10.1016/j.gloenvcha.2006.02.006
Berrouet LM, Machado J, Villegas-Palacio C (2018)
Vulnerability of socio—ecological systems: A conceptual
Framework. Ecol Indic 84: 632-647.
https://doi.org/10.1016/j.ecolind.2017.07.051

Beccair B (2016) A Comparative analysis of disaster risk,
vulnerability and resilience composite indicators. PLoS
Currents.
https://doi.org/10.1371/currents.dis.453dfo25e34b682e9737f
95070f9b970

Bryan N (1992) Sustainability, human welfare and ecosystem
health. Environ Values
https://doi.org/10.2307/30301269

Burra DD, Pretty J, Neuenschwander P, et al. (2021) Human
health outcomes of a restored ecological balance in African
agro-landscapes, Sci Total Environ 775: 145872.
https://doi.org/10.1016/j.scitotenv.2021.145872

Campos CPD, Scanagatta M, Corani G, et al. (2018) Entropy-
based Pruning for Learning Bayesian Networks using BIC.
Artif Intelligence 260: 42-50.
https://doi.org/10.1016/j.artint.2018.04.002

Chakrabarti A, Ghosh JK (2011) AIC, BIC and Recent Advances
in Model Selection. Philosophy of Statistics 583-605.
https://doi.org/10.1016/b978-0-444-51862-0.50018-6

Duan Z, Bastiaanssen WGM (2013) First results from Version 7
TRMM 3B43 precipitation product in combination with a new
downscaling-calibration procedure. Remote Sensing Environ
131: 1-13. https://doi.org/10.1016/j.rse.2012.12.002

Duan Z, Bastiaanssen WGM, Liu JZ (2012) Monthly and annual
validation of TRMM Multisatellite Precipitation Analysis
(TMPA) products in the Caspian Sea Region for the period
1999-2003. 2012 IEEE International Geoscience and Remote
Sensing Symposium (IGARSS), Munich, Germany, July 2012.
https://doi.org/10.1109/igarss.2012.6350613

Eisavi V, Homayouni S, Yazdi AM, et al. (2015) Land cover
mapping based on random forest classification of
multitemporal spectral and thermal images. Environ Monit
Assess 187: 1-14. https://doi.org/10.1007/s10661-015-4489-3

Ferrara A, Salvati L, Sateriano A, et al. (2012) Performance

J. Mt. Sci. (2022) 19(3): 673-688

regional development and planning for decision
makers.

Acknowledgments

This study was supported in part by the National
Key R&D Program of China (Grant No.
2017YFA0604804), the Strategic Priority Research
Program of Chinese Academy of Sciences (Grant No.
XDA20020402), the National Natural Science
Foundation of China (Grant NO. 42171079). The
authors wish to thank the National Earth System
Science Data Center (www.geodata.cn) for supporting
the MODIS data, and thank anonymous reviewers
whose comments and suggestions have helped greatly
improve the manuscript.

evaluation and cost assessment of a key indicator system to
monitor desertification vulnerability. Ecol Indic 23(5): 123-
129.

Ficetola FG, Denoel M (2009) Ecological thresholds: an
assessment of methods to identify abrupt changes in species
habitat relationships. Ecography 32: 1075-1084.
https://doi.org/10.1111/j.1600-0587.2009.05571.X

Gey S, Nedelec E (2005) Model selection for CART regression
trees. IEEE Trans Inf Theory 51: 658-670.
https://doi.org/10.1109/tit.2004.840903

Gotts NM, Voorn GAK, Polhill JG, et al. (2018) Agent-based
modelling of socio-ecological systems: Models, projects and
ontologies. Ecological Complexity.
https://doi.org/10.1016/j.ecocom.2018.07.007

Groffman PM (2006) Ecological thresholds: the key to
successful environmental management or an important
concept with no practical application? Ecosystems 9: 1-13.
https://doi.org/10.1007/s10021-003-0142-7

Grohmann CH (2018) Evaluation of TanDEM-X DEMs on
selected Brazilian sites: comparison with SRTM, ASTER
GDEM and ALOS AW3D30. Remote Sensing Environ 212:
121-133. https://doi.org/10.1016/j.rse.2018.04.043

Guo B, Zang WQ, Yang F, et al. (2020) Spatial and temporal
change patterns of net primary productivity and its response
to climate change in the Qinghai-Tibetan Plateau of China
from 2000 to 2015. J Arid Land 12(1): 1-17.
https://doi.org/10.1007/s40333-019-0070-1

Gupta AK, Pardo L (2007) Phi-divergences and polytomous
logistic regression models: An overview. J Stat Planning
Inference 137: 3513-3524.
https://doi.org/ 10.1016/].jspi.2007.03.028

Hirota M, Holmgren M, Van Nes EH, et al. (2011) Global
resilience of tropical forest and savanna to critical transitions.
Sci 334: 232-235. https://doi.org/10.1126/science.1210657

Huggett AJ (2005) The concept and utility of “ecological
thresholds” in biodiversity conservation. Biol Conserv 124:
301-310.

IPCC (2014) Climate Change 2014: Impacts, adaptation and
vulnerability. Cambridge: Cambridge University Press.
https://doi.org/10.1017/cb09781107415379

687



J. Mt. Sci. (2022) 19(3): 673-688

Ishtiaque A, Myint SW, Wang C (2016) Examining the
ecosystem health and sustainability of the world's largest
mangrove forest using multi-temporal MODIS products. Sci
Total Environ 569-570: 1241-1254.
https://doi.org/10.1016/j.scitotenv.2016.06.200

Jing WL, Yang YY, Yue XF (2016) A spatial downscaling
algorithm for satellite-based precipitation over the Tibetan

Plateau based on NDVI, DEM, and Land Surface Temperature.

Remote Sens 8: 655.
https://doi.org/10.3390/rs8080655

Johnston RJ (2018) “Ecosystem services”. Encyclopedia
Britannica, 5 Jan. 2018,
https://www.britannica.com/science/ecosystem-services

Johnston ASA, Meade A, Ardo J. et al. (2021) Temperature
thresholds of ecosystem respiration at a global scale. Nat Ecol
Evol 5: 487-494.
https://doi.org/10.1038/s41559-021-01398-z

Katiraie-Boroujerdy PS, Asanjan AA, Hsu KL, et al. (2017)
Intercomparison of PERSIANN-CDR and TRMM-3B42Vy
precipitation estimates at monthly and daily time scales.
Atmos Res 197: 36-49.
https://doi.org/10.1016/j.atmosres.2017.04.005

Kelley OA (2013) Adapting an existing visualization application
for browser-based deployment: A case study from the
Tropical Precipitation Measuring Mission. Comput Geosci 51:
228-237. https://doi.org/10.1016/j.cageo.2012.10.004

Metzger MJ, Rounsevell MDA, Acostamichlik L, et al. (2006)
The vulnerability of ecosystem services to land use
change. Agric Ecosyst Environ 114(1): 69-85.
https://doi.org/10.1016/j.agee.2005.11.025

Motrenko A, Strijov V, Weber GW (2014) Sample size
determination for logistic regression. J Comput Appl Math
255: 743-752. https://doi.org/10.1016/j.cam.2013.06.031

Orea L, Kumbhakar SC (2004) Efficiency measurement using a
latent class stochastic frontier model. Empiri Econ 29: 169-
183. https://doi.org/10.1007/s00181-003-0184-2

Polo-Akpisso A, Wala K, Foléga F, et al. (2015) Trade-off
between biodiversity conservation, climate change adaptive
strategies and landscape patterns within three districts in
northern Togo (West Africa). International Conference on
Biodiversity, 2015/06/15, Las Vegas, USA. https://10times.
com/biodiversity-sustainable-energydevelopment

Qian SS (2014) Ecological threshold and environmental
management: A note on statistical methods for detecting
thresholds. Ecol. Indicators. 38, 192-197.
https://doi.org/10.1016/j.ecolind.2013.11.008

Sasaki T, Furukawa T, Iwasaki Y, et al. (2015) Perspectives for
ecosystem management based on ecosystem resilience and
ecological thresholds against multiple and stochastic
disturbances. Ecol Indic 57: 395-408.
https://doi.org/10.1016/j.ecolind.2015.05.019

Scheffer M (2009) Critical Transitions in Nature and Society.
Princeton Univ. Press, Princeton and Oxford, 2009.

688

https://press.princeton.edu/books/paperback/97806911220
45/ critical-transitions-in-nature-and-society

Scheffer M, Carpenter SR, Lenton TM, et al. (2012) Anticipating
critical transitions. Science 338: 1029.
https://doi.org/10.1126/science.1225244

Serna-Chavez HM, Schulp CJE, van Bodegom PM, et al. (2014)
A quantitative framework for assessing spatial flows of
ecosystem services. Ecol Indic 39: 24-33.
https://doi.org/ 10.1016/j.ecolind.2013.11.024

Smith AMS, Kolden CA, Tinkham WT, et al. (2014) Remote
sensing the vulnerability of vegetation in natural terrestrial
ecosystems. Remote Sens Environ 154: 322-337.
https://doi.org/10.1016/j.rse.2014.03.038

Staver AC, Archibald S, Levin SA (2011) The global extent and
determinants of savanna and forest as alternative biome
states. Science 334: 230-232.
https://doi.org/10.1126/science.1210465

Stoklosa J, Huang YH, Furlan E, et al. (2016) On quadratic
logistic regression models when predictor variables are
subject to measurement error. Comput Stat Data Anal 95:
109-121. https://doi.org/10.1016/j.csda.2015.09.012

Sun LY, Miao CL, Yang L (2018) Ecological environmental
early-warning model for strategic emerging industries in
China based on logistic regression. Ecol Indic 84: 748-752.
https://doi.org/10.1016/j.ecolind.2017.09.036

Uehara T (2013) Ecological threshold and ecological economic
threshold: Implications from an ecological economic model
with adaptation. Ecol Economics 93: 374-384.
https://doi.org/10.1016/j.ecolecon.2013.06.014

Wang XD, Zhong XH, Liu SZ, et al. (2008) Regional assessment
of environmental vulnerability in the Tibetan plateau:
development and application of a new method. J Arid Environ
72(10).
https://doi.org/10-1939. 10.1016/j.jaridenv.2008.06.005

Weingessel A (2012) Latent class analysis. Acta Archaeologica
82: 258-259.
https://doi.org/10.1111/j.1600-0390.2011.00486.x

Yang F, Ma C, Fang HJ (2019) Research progress on
vulnerability: from theoretical research to comprehensive
practice. Acta Ecologica Sinica 39(2): 441-453.
https://doi.org/10.5846/stxb201802020289 (In Chinese with
English Abstract)

Yin C, Yang F, Wang JL (2020) Analogs of future climate in
chinese cities identified in present observations. IEEE Access
8: 219151-219159.
https://doi.org/10.1109/ACCESS.2020.3042548

Yin C, Yang F (2021) Variation of extreme climate events in
“One Belt and One Road” region and its impact on the
growing season in typical agricultural regions. Chinese J
Agrometeorol 42(6): 463-474-.
https://doi.org/10.3969/j.issn.1000-6362.2021.06.002  (In
Chinese with English Abstract)



	Abstract:
	1 Introduction
	2 Materials and Methods
	2.1 Study area
	2.2 Data sources
	2.3 Methods and flowchart
	2.3.1 Calibration of the TRMM data withRandom forest algorithm
	2.3.2 Latent class analysis
	2.3.3 Logistic regressions


	3 Results and Discussion
	3.1 Latent class analysis and the type ofvegetation states
	3.2 Critical transitions of Tibetan Plateau keyecosystems at tipping points
	3.3 Vulnerability assessment of TibetanPlateau key ecosystems

	4 Discussion
	4.1 Reviewing the proposed method
	4.2 Suggestion for ecosystem vulnerabilitymanagement
	4.3 Future works

	5 Conclusion
	Acknowledgments
	References

