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Abstract We analyzed interannual variability (IAV) of precipitation and air temperature
over a 40-year period (1969–2008) for 11 sites along a precipitation gradient on the Tibetan
Plateau. The observed IAV for both precipitation and air temperature decreases with
increasing mean annual precipitation. Using Biome-BGC, a process-based ecosystem mod-
el, we simulated net primary production (NPP) along this gradient and find that the IAV of
NPP is positively correlated to the IAVof precipitation and temperature. Following projected
climate change scenarios for the Tibetan Plateau, our simulations suggest that with increas-
ing IAVof precipitation and temperature, the IAVof NPP will also increase and that climate
thresholds exist that, if surpassed, lead to ecosystem die-off. The impacts of these changes
on ecosystem processes and climate-vegetation feedbacks on the rapidly warming Tibetan
Plateau are potentially quite significant.

1 Introduction

The Fourth Assessment Report of Intergovernmental Panel on Climate Change concluded
that temperature increases on the Tibetan Plateau (TP) will be well above the global mean
(Christensen et al. 2007). Surface temperatures in the TP have increased by 1.8 °C over the
past 50 years (Wang et al. 2008) and warming rate (0.36 °C per decade) is significantly
higher than the global average (0.13 °C per decade) (Qin et al. 2009). Higher temperatures
generally increase the spatial variability of precipitation (Trenberth 2011), which leads to
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more intense precipitation episodes (Easterling et al. 2000). Such climate changes
impact ecosystem function and, hence, much recent research on the TP has focused
on understanding how terrestrial ecosystems respond to changes in both precipitation
(e.g., vegetation-rainfall feedbacks-Wang et al. 2010) and temperature (e.g., effects on
species diversity-Klein et al. 2004).

Although there are numerous measures of ecosystem function (e.g., energy flux, nutrient
cycles, biodiversity), a key indicator is net primary productivity (NPP) (Knapp and Smith
2001). In general, as mean annual precipitation (MAP) increases, NPP increases (Fang et al.
2001; Huxman et al. 2004) while its interannual variability (IAV) decreases (Bai et al. 2008).
At continental scales, IAVof precipitation is inversely related to the amount of precipitation,
and thus it is expected that biomes with the most variable precipitation would also have the
greatest IAV in aboveground NPP (Fang et al. 2001). However, this relationship remains
equivocal, with some researchers finding a positive correlation (Fang et al. 2001; Hui and
Jackson 2006; Le Houérou et al. 1988) and others none (Knapp and Smith 2001; Reynolds et
al. 2000). Similarly, a variety of trends have been reported for the NPP-temperature IAV
relationship (Hui and Jackson 2006; Mohamed et al. 2004; Peng et al. 2008), although it has
been studied much less frequently.

An unprecedented number of extreme weather events occurred globally over the past
decade, and an increased IAV in both temperature and precipitation is expected to be the new
norm (Alexander et al. 2006; Coumou and Rahmstorf 2012 and others). While mean
responses are important, it can be argued that changes in variability are probably more
important (Katz and Brown 1992). However, there is a dearth of information as to how
increased variability in exogenous drivers will affect ecosystems as scientists have thus far
minimized efforts in this area (Jentsch et al. 2007). The objective of this modeling study is to
assess how increasing IAV in both precipitation and temperature (singularly and jointly) will
potentially affect high elevation ecosystems on the Tibetan Plateau. An ecosystem model
(Biome-BGC, Running and Hunt 1993) is used to make this assessment where NPP is
utilized as an index of ecosystem functioning. The TP is a highly important region for study
because (i) it is regarded as one of the most sensitive regions in the world to climate change
(characterized by Diffenbaugh and Giorgi 2012 as a “climate change hotspot”); and (ii)
potential changes in the diverse set of biomes of this region (including forests, shrublands,
grasslands, tundra and desert, Luo et al. 2002) impact land-atmosphere feedbacks (Wang et
al. 2010) and human livelihoods (Klein et al. 2004).

2 Methods

2.1 Sites and meteorological data

The TP is characterized by a diversity of biome types. We selected 11 sites in four of the
major biomes of the plateau: forest, shrubland, grassland and desert (Table 1; Fig. OR-1 [see
Online Resource 1]). The criteria used for selecting these sites were the availability of: (i)
daily meteorological data spanning a 40-year period from 1969 to 2008; (ii) soil texture and
depth; and (iii) independent estimates of NPP (or gross primary production, GPP) for testing
the robustness of model simulations. In addition, since the TP is characterized by complex
topography, we also selected sites that represented wide gradients in MAP and mean annual
temperature (MAT) (Table 1).

We used MT-CLIM (the mountain microclimate simulator, Glassy and Running 1994) to
estimate daily near-surface meteorological parameters for each site from nearby weather

322 Climatic Change (2013) 119:321–332



T
ab

le
1

C
ha
ra
ct
er
is
tic
s
of

th
e
11

si
te
s
us
ed

in
th
is
st
ud
y

B
io
m
e

Si
te

D
om

in
an
ts
pe
ci
es

W
M
O

ID
a

A
lti
tu
de

(m
)

M
A
T
b
(°
C
)

M
A
Pb

(m
m
)

Sa
nd

d
(%

)
Si
ltd

(%
)

C
la
yd

(%
)

So
il
de
pt
h
(m

)d
So

ur
ce

e

Fo
re
st
c

1
-
G
on

gg
a

A
bi
es

fa
br
i,
B
et
ul
a
ut
ili
s

56
37
4

3,
10

0
3.
9

1,
90

0
50

.2
34

.5
15

.3
0.
70

1

2
-
Ji
ab
i

A
bi
es

fa
xo
ni
an

a
56

18
2

3,
70

0
3.
0

1,
16

6
40

.4
35

.6
24

.0
0.
68

2

3
-
B
om

i
P
ic
ea

lik
ia
ng
en
si
s

va
r.
lin

zh
ie
ns
is

56
31
2

3,
12

0
8.
5

90
0

33
.1

27
.5

39
.4

0.
45

1

Sh
ru
b

4
-
Z
hu
w
ag
en

R
ho
do

de
nd
ro
n
pr
ze
w
al
sk
ii

56
43
4

4,
20

0
0.
4

80
0

40
.6

36
.7

22
.7

0.
68

1

5
-
H
ai
be
i-
S

P
ot
en
til
la

fr
ut
ic
os
a,

K
ob

re
si
a
ca
pi
lli
fo
lia

52
86
6

3,
29

3
−2

.0
58

0
46

.7
31

.5
21

.8
0.
88

3

6
-
B
ao
ku

Sa
lix
,R

ho
do
de
nd

ro
n,

B
er
be
ri
s

52
86
6

2,
97

0
2.
0

57
0

34
.0

49
.3

16
.7

0.
68

1

G
ra
ss
la
nd

7
-
H
ai
be
i-
G

K
ob
re
si
a
hu

m
ili
s,

K
ob

re
si
a
py
gm

ae
a

52
86
6

3,
25

0
−1

.7
60

0
46

.7
31

.5
21

.8
0.
88

1

8
-
D
an
gx

io
ng

St
ip
a
ca
pi
lla

ce
a,

C
ar
ex

m
on

tis
55

49
3

4,
33

3
1.
3

48
0

64
.7

18
.4

16
.9

0.
79

3

9
-
Q
in
gh

ai
hu

St
ip
a,

K
ob

re
si
a,

C
yp
er
ac
ea
e

52
86
6

3,
20

0
1.
5

35
0

47
.4

38
.9

13
.6

0.
56

4

D
es
er
t

10
-
D
el
in
gh

a
A
rt
em

is
ia
,P

oa
ce
ae
,

K
al
id
iu
m
,E

ph
ed
ra

52
73
7

2,
98

2
4.
0

16
0

65
.6

24
.0

10
.4

0.
40

4

11
-
G
ah
ai

C
he
no

po
di
ac
ea
e,

E
ph
ed
ra
,N

itr
ar
ia

52
73
7

2,
84

8
5.
0

10
0

81
.4

11
.8

6.
8

0.
40

4

a
W
M
O

id
en
tif
ie
rs

of
ne
ar
by

w
ea
th
er

st
at
io
ns
.b

M
ea
n
an
nu
al

pr
ec
ip
ita
tio

n
an
d
te
m
pe
ra
tu
re
.c

E
ve
rg
re
en

ne
ed
le
le
af
.d

So
il
te
xt
ur
e
an
d
de
pt
h
ob
ta
in
ed

fr
om

th
e
1:
1,
00
0,
00
0
So

il
D
at
ab
as
e
of

C
hi
na

(S
hi

et
al
.2

00
2)
.e

1
=
L
uo

et
al
.(
20

02
);
2
=
Z
ha
o
et

al
.(
20

04
);
3
=
H
u
et

al
.(
20

08
);
4
=
Z
ha
o
et

al
.(
20

08
).

Climatic Change (2013) 119:321–332 323



stations (see Table 1). MT-CLIM is a computer algorithm that uses observations of daily
maximum temperature, minimum temperature, and precipitation from one location (the
‘base’) to estimate the temperature, precipitation, radiation and humidity at another location
(the ‘site’).

To quantify the IAVof precipitation and air temperature, the coefficient of variation (CV)
was calculated for the long term meteorological observations at the sites. The Celsius-based
temperature data was first transformed to absolute temperature to avoid inconsistent
(or incorrect) values (Zar 1999).

2.2 Simulation scenarios

2.2.1 Climate change background

To design the simulation scenarios, changes in precipitation and temperature on the TP were
analyzed. Meteorological stations in this region are sparsely distributed and data are often
missing (Ye et al. 2009). To make our depiction of climate change more solid, we included
observations from 135 meteorological stations west of 110oE (Fig. OR-1 [see Online
Resource 1]) where each station had no more than 5 years of missing data covering the
period 1955–2008 (Ye et al. 2013); missing data were estimated by multiple regression of
observations at surrounding stations. Anomalies of summer (June–August) precipitation and
temperature (defined as departures fromMAP and MAT during 1955–2008) were calculated.
Given the recent period of intense warming on the TP, we used the data from all 135 sites
and divided the entire period into two bins (equal halves: 1955–1981 and 1982–2008).
The density distribution of precipitation for both bins was approximately normal with
similar means although the second bin exhibited a larger standard deviation (Fig. 1a).
Approximately normal distributions were found for all sites (data not shown). For air
temperature, the second bin has both a higher mean and standard deviation than the
first (Fig. 1b).

2.2.2 Scenarios

To assess the response of ecosystem NPP to intensified IAV of precipitation (PPTIAV) and
IAVof air temperature (TEMPIAV), we used four different scenarios (Table 2). Scenario A is
a baseline simulation using ambient data from the meteorological observations. As per
Fig. 1a–b, normal distributions were fitted to observed data for each site; an example for
one such site is shown in Fig. 1c–d (gray line labeled ‘data’). In scenario 1, PPTIAV was
calculated by increasing the standard deviation (σ) of the normal distribution while keeping
the mean (μ) unchanged. We generated 40-year precipitation datasets (Pgeni, i=1969, …,
2008) using 1-4σ, which resulted in a wider range of potential PPTIAV regimes (Fig. 1c) as
compared to observed data (e.g., bins 1 and 2 in Fig. 1a). Actual daily values of precipitation
used in Biome-BGC (see below) were obtained by multiplying each observed daily value by
the factor Pgeni/Pambienti; therefore, only precipitation size was altered whereas the gap
between events and their frequency remained the same. Lastly, scenario 1 also includes
increases in mean temperatures of 0–6 °C (Table 2). The total number of simulation runs
were 16=PPTIAV (σ, 2σ, 3σ, 4σ)×mean temperatures (μ, μ+2, μ+4, μ+6 °C) (Table 2)

Scenario 2 concerns changes only in air temperature. We developed TEMPIAV by
increasing both μ and σ of the normal distribution. Warming per se moves the mean of
the normal distribution to higher values (e.g., Fig. 1d). The total number of simulation runs
was 16 (see Table 2). Since Biome-BGC computes average daily air temperature as the mean
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Table 2 Simulation scenarios used to examine effects of interannual variability (IAV) of precipitation
(PPTIAV), temperature (TEMPIAV), and warming on NPP of the Tibetan Plateau. The normal distribution
(mean [μ] and standard deviation [σ]) is used as depicted in Fig. 1

Sites (Table 1) Scenario PPTIAV TEMPIAV Temperature Results

Sites i=1, 2, …, 10, 11 A σa σ μa Figs. 2 and 3

Sites i = 1, 4, 7, 10 1 σ, 2σ, 3σ, 4σb σ μ, μ+2, μ+4, μ+6 °C Fig. 4a

2 σ σ, 2σ, 3σ, 4σ μ, μ+2, μ+4, μ+6 °C Fig. 4b

3 (σPPT, σTEMP), (2σPPT, 2σTEMP),
(3σPPT, 3σTEMP), (4σPPT,
4σTEMP)

c

μ, μ+2, μ+4, μ+6 °C Fig. 4c

a Ambient, 40-year temperature and precipitation data (see Section 2.2.1)
b For site 10 (Delingha, Desert): σ, 1.2σ, 1.4σ, 1.6σ
c For site 10 (Delingha, Desert): (σPPT, σTEMP) (1.2σPPT, 2TEMP), (1.3σPPT, 4TEMP), (1.4σPPT, 6TEMP)

Fig. 1 Changes in density distributions of a precipitation (summertime: June–August) and b air temperature
in Western China during 1955–1981 and 1982–2008. Panels c–d illustrate an example of how we constructed
scenarios (Table 2). The gray lines are the derived normal distributions for the 40-year precipitation and air
temperature record at the Gongga (forest) site
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of maximum (Tmax) and minimum (Tmin) temperatures, both daily Tmax and Tmin were
altered by the difference between ambient and generated temperature for each year. In
scenario 3 we included both PPTIAV and TEMPIAV as well as increasing mean temperature.
Since there are so many combinations of PPTIAV×TEMPIAV, we selected 16 for the
simulation runs as shown in Table 2.

2.3 Ecosystem model: parameterization and validation

We used Biome-BGC for all simulations reported here. Biome-BGC is a mechanistic model that
considers the dynamics of water, carbon and nitrogen pools for litter, plants and soils (Running
and Hunt 1993; Thornton et al. 2002). Using a daily time step, it requires three categories of
inputs: (i) site characteristics (soil [see Online Resource 2], elevation, etc.), (ii) ecophysiological
parameters (canopy light extinction coefficient, carbon to nitrogen ratio, etc. [see Online
Resource 2]), and (iii) daily meteorological data (precipitation, temperature, etc.). The model
estimates NPP and daily fluxes of carbon, nitrogen, andwater between the atmosphere and/or the
model pools (plant growth, respiration, litter decomposition, evapotranspiration, etc.).

Lastly, to examine the robustness of Biome-BGC for simulating plant productivity on the
Tibetan Plateau, we compared model predictions to literature values of NPP and GPP
obtained from field observations. The comparison of the range of observed versus predicted
NPP and GPP (simulations from scenario A, Table 2) is shown in Table 3 and Fig. 2. We
parameterized Biome-BGC independent of these data and the overall agreement is reason-
able. It was not expected that the agreement would be exact since the conditions of the
observed versus the predicted values of NPP were obtained under different conditions;
rather, these findings illustrate that our version of Biome-BGC is functioning within the
range of known values of NPP of biomes on the TP.

Table 3 Comparisons of reported values of primary production (net=NPP and gross=GPP) for 11 sites on
the Tibetan Plateau to predictions of Biome-BGC (range [lowest - highest] of NPP and GPP obtained in
scenario A [see Table 2])

Observations Predictions

Biome Site NPP GPPa Sourceb NPP GPP

Forest 1 - Gongga 586–823 — 1 518–720 1,377–1,748

2 - Jiabi — — — 315–490 993–1,460

3 - Bomi 434–791 — 1 149–571 902–1,318

Shrub 4 - Zhuwagen 184 — 1 116–262 512–712

5 - Haibei-S — — — 84–247 488–656

6 - Baoku 261–346 — 1 70–265 538–738

Grassland 7 - Haibei-G 138–259 457–580 NPP, 1; GPP, 3 137–255 250–419

8 - Dangxiong — 168–231 3 67–171 119–266

9 - Qinghaihu — — — 56–121 121–208

Desert 10 - Delingha — — — 16–102 35–158

11 - Gahai — — — 8–82 19–133

a Hu et al. (2008) estimated GPP as sum of net ecosystem CO2 exchange (measured by eddy covariance;
2003–2005) and total ecosystem respiration
b See Table 1. In source 1, NPP (dry mass) in Mg ha–2 was converted to g C m–2 assuming that 50% of the dry
biomass is carbon
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3 Results and discussion

3.1 Interannual variability of observed precipitation and temperature

As shown in Fig. 3a, the coefficient of variation (CV) of observed precipitation (PPTCV)
decreases with increasing MAP, where forests have the lowest and deserts the highest CV.
Similar patterns have been reported by Davidowitz (2002) and many others. The CV of
observed air temperature (TEMPCV) also decreases with increasing MAP (Fig. 3b), which in
general, is a trend consistent with significant temperature extremes associated with increased
warming reported throughout the globe (Alexander et al. 2006). Both PPTCV and TEMPCV
for the desert sites are more than two times higher than those of forest sites (Fig. 3a–b),
which lends supports to the design of our scenarios (Table 2) where σ for both precipitation
and temperature are increased 1–3 fold.

3.2 Scenario A: ambient conditions

Results from scenario A, where NPP is simulated using ambient meteorological data
(Table 2), are presented in Fig. 3c–d. There is a strong, positive correlation between the
CVof annual NPP (hereafter, NPPCV) and PPTCV for biomes of the TP (Fig. 3c). The desert
sites are the only ones where NPPCV is significantly different (higher) than PPTCV (Bartlett’s
test for homogeneity of CV [p<0.05], Zar 1999).

The relationship between simulated NPPCV and PPTCV shown in Fig. 3c is similar to
numerous field studies (e.g., Bai et al. 2008; Fang et al. 2001; Le Houérou et al. 1988). The
mean NPPCV for three of our TP biomes: forests (14.4 %), grasslands (18.7 %) and deserts
(44.8 %) are similar to a trend reported by Fang et al. (2001), who using the normalized
difference vegetation index (NDVI) across China, found NDVICV varied according to biome
type, with the lowest mean value in forests (8.3 %), then grasslands (10.4 %), with the
highest in deserts (24.6 %). The significance here is not whether NPP and NDVI are

Fig. 2 Comparison of the ranges
of NPP and GPP estimates simu-
lated by Biome-BGC with ob-
served data (Table 3) from biomes
on the TP. Each site has a mini-
mum and maximum of NPP and/
or GPP. We found no NPP data
for desert sites on the TP; how-
ever, the predictions of NPP by
Biome-BGC for the two TP desert
sites compare favorably to aver-
age production values for desert
sites in the southwestern USA
(Schlesinger et al. 2009)
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comparable (see debate in Fang et al. 2001) or that Fang et al.’s results are a composite of
many different types of forests, grasslands and deserts across China, but rather that there is a
similarly in the trends of the mean values.

We also found a positive correlation between NPPCV and TEMPCV across the sites
(Fig. 3d). However, this relationship is driven primarily by the two points of the desert sites
so it must be viewed with caution. In fact, other researchers have found non-significant
correlations between NPPCV and TEMPCV (e.g., Mohamed et al. 2004; Peng et al. 2008;
however, if these analyses used the Celcius scale their findings may be suspect [see
Section 2.1]).

3.3 Scenario 1: increasing IAV of precipitation and mean temperature

The results for scenario 1 are summarized in Fig. 4a. As shown by the lowest line in each
panel (solid circles, representing ambient temperature), there is an increase in NPP variabil-
ity (i.e., NPPCV) to PPTIAV across all biomes, which is statistically significant (p<0.05). In
terms of the overall magnitude of response (comparing NPPCV from 1-4σ at ambient
temperature), the relative sensitivity of the biomes is Shrub>Desert>Grass>Forest.

Mean air temperature has a strong interaction with PPTIAV, the strength of which is
biome-dependent. In forest and shrub there is a statistically significant effect (p<0.05) of air
temperature on NPPCV, which is also the case for deserts (but see below). Climate warming
has no effect on NPPCV in the grass biome (p>0.05).

The shrub biome exhibits the greatest sensitivity to increased precipitation variability at
all temperatures (Fig. 4a). We expected the forest biome would be the most sensitive because

Fig. 3 a–b Relationship between PPTCVand TEMPCV (degrees Kelvin) and MAP, respectively for biomes of
the Tibetan Plateau. c–d Relationship between PPTCV and TEMPCV and NPPCV, respectively; the NPPCV for
each site was derived from daily simulations of the Biome-BGC model (scenario A in Table 2)

328 Climatic Change (2013) 119:321–332



it has the lowest PPTCV (Fig. 3a). However, a plausible explanation for the shrub response is
that the site used in the simulations (Zhuwagen) sits at an elevation of 4,200 m, which is
1,000–1,200 m higher than the other biomes (Table 1). Thus, warmer temperatures propor-
tionally result in much higher values of NPP than the other biomes but when coupled with a
higher PPTIAV, a much higher NPPCV as well.

Water is considered the primary limiting factor in grass and desert biomes of the TP, and
moisture stress tends to increase with higher temperatures (Del Grosso et al. 2008; Ding et
al. 2007). This may explain why when PPTIAV is 1.6σ and mean air temperature μ+6 °C, the
desert biome is unstable and dies-out (Fig. 4a). Although climate warming per se has no
effect on NPPCV in the grass biome, when the mean temperate is raised to μ+6 °C and
PPTIAV≥3σ it also dies-out (Fig. 4a). These results suggest a precipitation variability
threshold for these biomes that is associated with mean temperature. Given the overwhelming
evidence of temperature rise in the TP, this may bode poorly for these systems if accompanied
by increasing variability in precipitation as well.

3.4 Scenario 2: increasing IAV of temperature and mean temperature

Results of scenario 2 are summarized in Fig. 4b. As evident by the lowest line in each panel,
there is not much response in NPPCV to TEMPIAV across the biomes (compare scale to
Fig. 4a). There are only a few instances of significant (p<0.05) effects of TEMPIAV on
NPPCV: at μ and μ+2 °C for the forests; at μ for the shrub biome; and none for the grass and
desert biomes. In contrast to scenario 1, where complex interactions between mean temperature
and precipitation variability led to instances of die-out of the grass and desert biomes,

Fig. 4 Changes in the variability of net primary production (NPPCV) as a function of increasing precipitation
variability, temperature variability, and mean temperature. Columns a–c correspond to scenarios 1–3, respec-
tively. See Table 2 for details

Climatic Change (2013) 119:321–332 329



temperature alone (both increasing variability and changing means; scenario 2) did not
(Fig. 4b). This suggests that if only temperature were to change on the TP, the impact on
NPP would be somewhat muted. Of course, simultaneous change in both temperature and
precipitation is occurring, which is considered next.

3.5 Scenario 3: increasing IAV of temperature and precipitation, and mean temperature

In scenario 3, the influence of increased variability in precipitation (PPTIAV), temperature
(TEMPIAV), and increased mean temperature on NPPCV are simultaneously considered. Our
findings, shown in Fig. 4c, resemble the patterns of NPPCV in scenario 1 (Fig. 4a). In
comparing the lowest lines (black circles) in each panel, the combined impacts of increasing
variability in both precipitation and temperature (i.e., PPTIAV×TEMPIAV) (Fig. 4c) are only
slightly larger than those of increasing precipitation variability alone (PPTIAV) (Fig. 4a) (data
not shown). As was in the case in scenario 1, increasing mean temperature exhibits a strong
interaction in the forest and shrub biomes.

Die-off of the grass biome is the same as scenario 1: temperature variability has no effect.
In contrast, it has a large impact in the desert biome. At μ+6 °C, the PPTIAV threshold drops
from 1.4σ to 1.2σ if TEMPIAV>2σ and at μ+4 °C, the PPTIAV threshold drops from 1.6σ to
1.4σ if TEMPIAV>3σ. In scenario 1 (section 3.3), we posited the existence of a precipitation
variability threshold in deserts that is tied to mean temperature tolerance; the results of
scenario 3 suggests that this threshold is also a function of temperature variability.

4 Conclusions

One of the major ecological challenges of climate change research is to elucidate the effect
of multiple environmental factors (and their interactions) on ecosystem functioning. While
there is no lack of appreciation of the importance of variability in ecosystem science (e.g.,
Knapp and Smith 2001; Mohamed et al. 2004; Wang et al. 2010), experimentalists face
numerous obstacles in designing, conducting, and interpreting large-scale factorial manip-
ulations of whole ecosystems, especially enabling the inclusion of variability in environ-
mental drivers (Norby and Luo 2004). The alternative is the use of ecosystem modeling as in
this study.

Using 40-years of environmental data, we found a linear relationship between the
variability of production (measured as the CV of NPP) and the CV of precipitation. Based
on simulation scenarios of changing precipitation and temperature means and standard
deviations (under normal distributions), we uncovered some complex, interactive effects
on ecosystem NPP. For example, when mean temperature is risen μ+6 °C we found
precipitation variability (PPTIAV, Fig. 4a) thresholds in both the grassland (2σ) and desert
(1.4σ) biomes that, if surpassed, leads to die-off of the biomes. The nature of complex
system interactions is illustrated by exploring how temperature variability (TEMPIAV) affects
these thresholds (Fig. 4c). In the grassland biome, which has a much higher rainfall amount
than the desert site, there is no effect; on the other hand, in the desert biome there is a
significant one, which is linked to mean temperature. At μ+6 °C, the PPTIAV threshold drops
from 1.4σ to 1.2σ if TEMPIAV>2σ. In addition, we now see another threshold in the arid
desert biome at μ+4 °C: the PPTIAV threshold drops from 1.6σ to 1.4σ if TEMPIAV>3σ. We
maintain that the significance of these patterns are not that they should be taken literally
(e.g., μ+4 or μ+6 °C or 2σ) but, instead, that they should be taken as representative of the
potential impacts of climate change on the Tibetan Plateau. If temperature continues to rise
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and precipitation decreases, and variability in both increases, all biomes on the TP are
potentially vulnerable.

Our results demonstrate that inclusion of climate variability is important if we are to
decipher climatic limits of ecosystem functioning. However, much more research is needed
to tease-out the inherent complexity of these systems. One area that is important is the
improvement of model parameterization, especially where parameter uncertainty is included.
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