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Abstract. A process-oriented niche specification (PONS) desert replaced alpine tundra and steppe in the southeast of
model was constructed to quantify climatic controls on thethe Tibetan Plateau. Increased precipitation expanded mesic
distribution of ecosystems, based on the vegetation map ofegetation at the expense of xeric vegetation. The effect of
China. PONS uses general hypotheses about bioclimatic coff€CO5] doubling was roughly equivalent to increasing precip-
trols to provide a “bridge” between statistical niche modelsitation by ~ 30 %, favouring woody vegetation types, par-
and more complex process-based models. Canonical corrdicularly in northern China. Agricultural zones in northern
spondence analysis provided an overview of relationships be€hina responded most strongly to warming, but also bene-
tween the abundances of 55 plant communities ifi Qrid fited from increases in precipitation and [€]OThese results
cells and associated mean values of 20 predictor variablesroadly conform to previously published findings made with
Of these, GDI (accumulated degree days aboveC), the process-based model BIOME4, but they add regional de-
Cramer—Prentice (an estimate of the ratio of actual to equi- tail and realism and extend the earlier results to include crop-
librium evapotranspiration) and mGRmean temperature ping systems. They provide a potential basis for a broad-scale
during the period above™®) showed the greatest predictive assessment of global change impacts on natural and managed
power. These three variables were used to develop generagcosystems.
ized linear models for the probability of occurrence of 16
vegetation classes, aggregated from the original 55 types by
k-means clustering according to bioclimatic similarity. Each
class was hypothesized to possess a unimodal relationship Introduction
to each bioclimate variable, independently of the other vari-
ables. A simple calibration was used to generate vegetatiohe patterns of vegetation and primary production on large
maps from the predicted probabilities of the classes. Mod-spatial scales are primarily controlled by climate. This gener-
elled and observed vegetation maps showed good to excelle@ization applies not only to natural and semi-natural ecosys-
agreementd = 0.745). A sensitivity study examined mod- tems, but equally to the viability of different agricultural sys-
elled responses of vegetation distribution to spatially uniformtems. It is useful to model the potential geographic distribu-
changes in temperature, precipitation and jf;@he latter  tion of vegetation types in terms of bioclimatic variables ex-
included via an offset te: (based on an independent, data- pressing the requirements of plants for warmth and moisture.
based light use efficiency model for forest net primary pro- The same approach can be applied at the level of biomes,
duction). Warming shifted the boundaries of most vegetationvegetation types or species and can be carried out for agri-
classes northward and westward while temperate steppe artliltural systems or specific crops. The value of modelling
potential distributions —i.e. those distributions that would be
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achieved in equilibrium with climate — is that it allows di- So-called niche models or species distribution models —
rections of change in response to environmental changes tempirical models fitted to species presence or abundance data
be characterized irrespective of lags in the establishment os a function of climate variables using statistical methods
new vegetation types, or in the responses of agricultural sys— have been widely and successfully used to describe the
tems to changed conditions. Dynamic modelling of naturalrelationships between species distributions and climate (Pe-
changes in vegetation is well established, yet there are stilterson, 2001), and more controversially to project responses
major differences among models (e.g. Sitch et al., 2008), andio future environmental changes (Warren, 2012; Pearson and
dynamic modelling of land use change is at an early stagdbawson, 2003). One key limitation of niche models as usu-
(e.g. Rounsevell et al., 2012). The usefulness of dynamially implemented is that their responses are strongly depen-
models depends strongly on their ability to correctly predictdent on the choice of environmental predictors (Peterson,
directions of change, i.e. the potential distribution to which 2001). The selection of predictors is usually somewhat ar-
the dynamic processes are tending. With huge advances ibitrary. Such models often rely on ordinary meteorological
the availability of relevant observations to constrain models,summary variables (such as mean annual precipitation) that
and in the size of problems that can now be tackled using staare only indirectly related to the environment “experienced”
tistical methods, there is considerable scope to develop relaby the biota. Alternatively, in the BIOCLIM strand of mod-
tively simple models, which are informed by process under-elling, an attempt is made to represent bioclimate, but this is
standing but also firmly based on observations (see e.g. Smitdone through the use of a set of ad hoc combinations of vari-
etal., 2013). ables such as “annual temperature range” and “precipitation
Anthropogenic climate change is beginning to shift the po-of the warmest quarter” (Beaumont et al., 2005). The prob-
tential and actual spatial patterns of ecosystems and specielem of equifinality in the choice of predictors is not entirely
This much is clear from thousands of observations world-avoidable, because correlations among different aspects of
wide of both expansions and contractions in species’ ob-climate mean that the “correct” predictors cannot be chosen
served ranges and phenologies (Rosenzweig et al., 2007inambiguously on the basis of empirical correspondences
Climate change is also creating conditions whereby certairalone. It is therefore valuable to make use of basic process
types of agriculture are increasingly marginal in some re-understanding of the mechanisms controlling species’ via-
gions (e.g. wheat growing in southwestern Australia (How- bility (Harrison et al., 2010) to derive composite bioclimatic
den et al., 1999) and paddy rice planting in northern Chinavariables expressing different aspects of the environment.
(Li and Wang, 2010)). In other regions, new modes of agri- Furthermore, it is reasonable to assume that different types
culture may be starting to become viable. These changes sof environmental requirements (for example, for warmth and
far have been subtle because climate change has been relaoisture availability) act independently. This assumption al-
tively small in a global context, especially when comparedlows a considerable simplification of the modelling process
with natural interannual variability. But some degree of con- (e.g. Sykes et al., 1996). A further limitation of niche mod-
tinuing climate change is unavoidable, and its effects are exels as usually applied is that they do not include the modi-
pected to become increasingly prominent during the comindgying effects of changes in CQconcentration, even though
decades (Prentice et al., 2012). It is useful to foresee at leashese are potentially very important (Keenan et al., 2011) and
the direction of such effects, even if their eventual magni-are absolutely required in order to account for the nature of
tudes remain largely unpredictable. observed, major vegetation changes over glacial-interglacial
The concentration of carbon dioxide ([G]pitself has  cycles (Harrison and Prentice, 2003; Prentice and Harrison,
been recognized as a potentially important non-climatic fac-2009; Prentice et al., 2011; Bragg et al., 2013).
tor that is already shifting vegetation patterns through its In this paper we adopt an approach that we call “process-
effect on the competition between woody and herbaceousriented niche specification” (PONS) because it provides a
plants through an increase in the water use efficiencyzof C “bridge” between empirical statistical modelling and com-
plants, in addition to its effects on climate through the green-plex mechanistic modelling. The PONS approach is based
house effect. This physiological effect of @@ a prominent  on the following underlying assumptions: (a) that the distri-
candidate to explain “woody thickening”, the tendency for butions of ecosystems and species can be represented as the
trees and shrubs to increase in abundance at the expense adnsequence of a small number of bioclimatic controls; (b)
grasses, as has been observed in savannas worldwide (Prahat these controls can be represented by “bioclimatic vari-
tice et al., 2011). C@concentration also has an enhancing ables” derived from climate data; (c) that each control (when
effect on the growth and yield of{&rops, although the rise correctly represented by a bioclimate variable) acts indepen-
in [COy] to date is thought to have been only a relatively dently, so that distributions can be represented through the
minor factor in increasing crop yields (compared with crop multiplication of functions describing relationships between
breeding and other technological advances; Easterling et alprobability of occurrence and each variable independently;
2007) and the positive effects may increasingly be offset byand (d) that these relationships can be adequately represented
negative effects of warming, especially in hot climates (Antle by either unimodal or monotonic functions. These principles
et al., 2002). underlie earlier work by Sykes et al. (1996) and a more recent
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study by Gallego-Sala and Prentice (2013), who modellec
the world distribution of the blanket bog biome and its re-
sponse to climate change based on three independent bioc*"
matic limits. Here we apply a PONS approach to model the
natural and managed vegetation of China, and we demon
strate a novel method by which G@ffects can be incor- “N[:
porated into a niche model. The approach is innovative in
combining a well-established technique in statistical niche
modelling (multiple logistic regression, which is closely re- *"
lated to the popular maximum entropy method; Phillips et al.,
2006) with algorithms used to estimate bioclimatic variables
for dynamic vegetation and biogeochemistry modelling, and® ™|
a process-based method to take account of €ahcentra-
tion effects. By fitting models with linear and quadratic (but
not interaction) terms for each predictor, our modelling ap-*""|
proach is consistent with Boucher-Lalonde et al. (2012), wha
showed that the probabilities of occurrence of tree species il
North America could be predicted with high efficiency from
independent Gaussian functions of climate variables.

40° N |agte™

30°N

2 Methods _
2.1 Study area ol ‘
China, with the third largest land area of any country, con- T e e e 20 10

[l subtropical mantane forest

. . : sparse alpine vegetatio
tains almost the entire range of world vegetation types from Bl sparscalpine vegetation B sbiropical forest complex

| alpine tundra and steppe

rainforest to desert and from tropical to alpine vegetation -?Oreﬂlaltﬂddsuilepine?ores;andsklnubland -fubtfopfcaldecidu;)usatndmi)iedforest
. . . . emperate deciduous forest complex ropical monsoon forest complex
(F|g 1) Furthermore, due to its |arge pOpu|atI0n and I’apld Il temperate woodland and dry grassland [ tropical rainforest complex
. : : . wor temperate needleleaf forest cold-resistant crops
economic developmentv Chlna IS a key reQ|0n Where it Is \:I\temperatesteppe cold-resistant crops with deciduous orchards
important to identify potential risks and opportunities both femperate desert femperate crops

fordtf]le plrr]oductlgltytgnd cfe:(rbo dn.stora_ge ﬁf ne}turaltecosystem.?__ig' 1.The observed (upper panel) and predicted (lower panel) veg-
andforthe produc |.0n orfood in agricuitural systems. etation distribution in China. The plant communities from the Vege-
Temperature variables generally decrease from south ®tion Atlas of China at a scale of 1. million (Hou, 2001) were ag-

north in China. Elevation changes interrupt the latitudinal gregated into 16 vegetation classes based on their bioclimatic con-
trend, notably the extremely high and cold area of the Tibetanext.

Plateau, and some low-lying and hot areas in the northwest.

Moisture supply from the Pacific and Indian oceans gradu-

ally declines from the south towards the north and the in-age of possible sunshine hours at 1814 meteorological sta-
terior (Fig. 2). The natural vegetation patterns reflect thesdions (740 stations have observations from 1971 to 2000,
temperature and moisture gradients (Fig. 1). The diversity othe rest from 1981 to 1990; China Meteorological Admin-
agricultural systems is also closely related to climate. For exdstration, unpublished data), interpolated to a 0.9fid us-
ample, the Loess Plateau (see Supplement Figure for the di$ag a three-dimensional thin-plate spline (ANUSPLIN ver-
tribution of geographical regions in China) and some valleyssion 4.36; Hancock and Hutchinson, 2006). We selected the
in the interior of western China experience a moisture regimefollowing 20 predictor variables, calculated as in Prentice et
similar to that of northeastern China, but are much warmeral. (1993) and Gallego-Sala et al. (2011), for an initial ex-
in winter, allowing orchards to grow as well as annual cropsploratory multivariate analysis:

(Fig. 1). However in north China especially, irrigation is ex-

tensive, and it extends the climatic range of temperate crops — Mean temperature of the coldest (MTCQ) and
towards drier regions provided there is a local supply of wa- ~ Warmest (MTWA,°C) months

ter for irrigation. S
— mean annual temperature (MATC) and precipitation

2.2 Data (MAP, mm)

The baseline climatology data were derived from records — accumulated (GDR °C; GDDs, °C) and mean
of mean monthly temperature, precipitation and percent- (mGDDyp,°C; mGDDs,°C) temperature during the
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Fig. 2. The distribution pattern of the three bioclimatic predictors

available moisture indexx( dimensionless) (Prentice et
al., 1993) calculated as the ratio of annual actual to equi-
librium evapotranspiration. Actual evapotranspiration is
calculated by a soil moisture-accounting scheme as the
daily integral of the lesser of a demand term (PET)
and a supply term which is 1 mnThtimes current soil
moisture (as a fraction of available water-holding capac-
ity). The calculation is based on monthly climatological
data, interpolated to a daily time step, and repeated over
a sequence of years until the annual cycle of soil mois-
ture converges.

— Three additional dimensionless variables were selected
to reflect the seasonal concentration (seasonality) and
the sine (Timingin) and cosine (Timing,y of the tim-
ing of maximum precipitation (Harrison et al., 2003).
Seasonality ranges from 0 (uniform through the year) to
1 (all in one month). Timing ranges from 0O (for precipi-
tation centred on January) througl2 (April), = (July),
37/2 (October) and back ta2(January). The cosine of
timing thus ranges from-1 (summer dominant) to +1
(winter dominant) while the sine ranges froal (au-
tumn dominant) to +1 (spring dominant).

— We also included two variables (NRR: and NPRyug,
ing Cm2a1), which are estimates of annual potential
net primary production (NPP) based on the light- and
water-use efficiency models (Wang et al., 2012), fitted
independently to an extensive forest production data set
(Luo, 1996).

The digitized vegetation map of China at the scale ofLl1
million was used to obtain vegetation data. Fifty-five plant
communities (48 natural plant communities and seven crop-
ping systems) were aggregated into 16 vegetation classes
(Table 1) based on their bioclimatic context kymeans
clustering (Hartigan and Wong, 1979) of the 20 predictor
variables. We performed the clustering withset at dif-
ferent values, and selectdd=12 as a compromise be-

used to construct models for each vegetation class: annual accumiween (_jetail and tractqbility. T”?means method, in.CO_m'
lated temperature above’ G (GDDyp), mean temperature of the pe- Mon with most clustering algorithms, tends to avoid iden-
riod above C (mGDDs), and the Cramer—Prentice index of plant- tifying classes with very few members. Some further ad-

available moistured().

growing season, taking® and 5°C respectively as the

base temperature

— total (PAR), molphoton n12; PARs, molphoton
m~2) and mean (MPAR mol photon nT2; mPARs,

mol photon nT2) photosynthetically active radiation

justments were accordingly made. A few vegetation classes
with anomalous climatic distributions within each of the 12
machine-identified clusters were separated. The temperate
desert communities from twb-means clusters were merged
together as one vegetation class. “Temperate needleleaf for-
est” was identified as a single-type vegetation class due to its
unique bioclimatic space (low to median energy, medium to
high moisture). (Names of vegetation types here refer to the

during the growing season, defined as the period abovgnglish—language legend of the vegetation map.) “Temperate

0°C and B°C respectively

— annual equilibrium evapotranspiration (PET, mnig

microphyllous deciduous woodland” and “temperate grass-
forb community” were all considered to be temperate xeric
vegetation, with quite similar bioclimatic spaces, and were

moisture index (MI, dimensionless) defined as the ra-grouped together. Three cultivation systems (“one crop annu-

”.ou

tio of MAP to PET, and the Cramer—Prentice plant- ally and cold-resistant economic crops”; “one crop annually,

Biogeosciences, 10, 5813830 2013
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Table 1. Allocation of observed plant communities from the Vegetation Atlas of China at a scalelafillion (Hou, 2001) to vegetation
classes, based dameans clustering with modifications as described in the text.

Vegetation classes

Plant communities

Sparse alpine vegetation

Alpine tundra and steppe

Boreal and subalpine forest
and shrubland

Temperate deciduous forest
complex

1) Alpine sparse vegetation;
2) alpine cushion dwarf semi-shrubby desert;
3) alpine cushion vegetation
4) Alpine tundra;
5) alpine grass, carex steppe;
6) alpine Kobresia spp., forb meadow
7) Cold-temperate and temperate mountains needleleaf forest;
8) subalpine broadleaf deciduous scrub;
9) subalpine broadleaf evergreen sclerophyllous scrub;
10) subalpine broadleaf needleleaf evergreen scrub;
11) alpine swamp
12) Temperate mixed needleleaf and broadleaf deciduous forest;
13) temperate broadleaf deciduous forest;
14) temperate grass-forb meadow steppe;
15) temperate grass and forb meadow;
16) temperate grass, carex and forb swamp meadow;
17) subtropical and tropical mountains needleleaf forest;
18) cold-temperate and temperate swamp;
19) one crop annually short growing period cold-resistant crops

Temperate woodland and dry 20) Temperate microphyllous deciduous woodland;

grassland

Temperate needleleaf forest

Temperate steppe

Temperate desert

Subtropical montane forest

Subtropical forest complex

Subtropical deciduous and
mixed forest

Tropical monsoon forest
complex

Tropical rainforest complex

Cold-resistant crops
Cold-resistant crops with
deciduous orchards
Temperate crops

21) temperate grass-forb community
22) Temperate needleleaf forest

23) Temperate needlegrass arid steppe;
24) temperate dwarf needlegrass, dwarf semi-shrubby desert steppe;
25) temperate broadleaf deciduous scrub

26) Temperate dwarf semi-arboreous desert;
27) temperate shrubby desert;
28) temperate shrubby steppe desert;
29) temperate semi-shrubby and dwarf semi-shrubby desert;
30) temperate succulent holophytic dwarf semi-shrubby desert;
31) temperate annual graminoid desert;
32) temperate grass and forb holophytic meadow

33) Subtropical mountains mixed needleleaf, broadleaf evergreen and deciduous forest;
34) subtropical broadleaf evergreen sclerophyllous forest

35) Subtropical needleleaf forest;
36) subtropical broadleaf evergreen forest;
37) subtropical monsoon broadleaf evergreen forest;
38) subtropical and tropical bamboo forest and bamboo scrub;
39) subtropical and tropical broadleaf evergreen and deciduous scrub;
40) subtropical and tropical evergreen xeromorphic succulent thorny scrub;
41) subtropical and tropical grass-forb community;
42) subtropical and tropical swamp;

43) two crops containing upland and irrigation annually, evergreen and deciduous orchards, economic forest;
44) two crops or three crops containing upland and irrigation rotate crops annually (with double-cropping rice),

evergreen orchards and subtropical economic forest

45) Subtropical broadleaf deciduous forest;

46) subtropical mixed broadleaf evergreen and deciduous forest

47) Tropical monsoon rainforest;

48) tropical mangrove;

49) three crops annually, tropical evergreen orchards and economic forest
50) Tropical rainforest;

51) tropical needleleaf forest;

52) tropical coral limestone broadleaf evergreen succulent scrub and dwarf forest
53) One crop annually and cold-resistant economic crops

54) One crop annually, cold-resistant economic and deciduous orchards

55) Three crops two years and two crops annually non-irrigation, deciduous orchard

www.biogeosciences.net/10/5817/2013/
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cold-resistant economic and deciduous orchards”; and “three(b) In a few cases, inclusion of quadratic terms resulted
crops two years and two crops annually non-irrigation, de- in a U-shaped (rather than Gaussian) fitted distribu-
ciduous orchards”) in north China were separated from the  tion to a particular variable. This result led to the re-
clusters to which they had been assigned, as the climatic  jection of mGDL; as a predictor for temperate desert.
moisture range occupied by these types (due to irrigation) Sparse alpine vegetation, boreal and subalpine forest
exceeds that of otherwise bioclimatically similar natural veg- and shrubland also showed initial fitted U-shaped re-
etation types. Except for “one crop annually short growing sponses ta. In these cases just the quadratic term was
period cold-resistant crops”, with a similar climatic space to rejected, leading to a realistic (sigmoid) response.to

the temperate deciduous complex, all the other cultivation
systems are typical of south China and share the same biol¢
climatic space as the natural plant communities there. These
cultivation types were therefore kept within their machine-

identified vegeFation classes (tropical monsoon forest com- \wjth the estimated regression coefficients and intercept
plex or subtropical forest complex). from the final fitted GLM, a predictive model is obtained for

Accurate fractional areas of each class were extracted iach vegetation class. This can be written in a simple generic
ArcGIS from the digitized vegetation map at 0drid reso-  form:

lution. The bioclimatic data were up-scaled from the original '
0.07° grid to the same 0°1grid by simple averaging. In 1 —IP< =ay+ by x a+ b, x a’+ cj x mGDDs Q)
L

2.3 Data analysis +ch x MGDD? + dj x GDDp x 1072
+d} x GDD? x 10°°,

) Terms for which the coefficients were not significant at
P < 0.05 were rejected. These cases were few because
of the very large sample size.

Canonical correspondence analysis (CCA; Ter Braak and
Prentice, 1998) was carried out based on 94 510 records fowvhere P; is the GLM-predicted probability for vegetation
the 16 vegetation classes and (as predictors) the 20 predict@tassi anda, b, ¢, d are parameters specific for each veg-
variables, for an initial exploration of the relationships be- etation class and for each of three predictor variabdes:
tween climate and vegetation. Non-vegetation grid cells (thenGDDs and GDLy. The parameter values for the finally ac-
white area in Fig. 1), such as glaciers, bare ground, and lakesepted models are listed in Table 2.
were excluded. The Akaike information criterion was usedto A simple linear calibration was used to relate fitted prob-
select the three most important among the bioclimatic vari-abilities optimally to observed frequencies, as follows. For
ables for further analysis. each vegetation type, we performed the following ordinary
Generalized linear modelling (GLM) was applied to each linear regression of the GLM-predicted class probabilities
vegetation class separately, using the logit link function and(P;) on the observed class frequenci@”ﬁ)(with m1 andmsy
assuming a binomial distribution of the class frequencies.as the regression parameters.
This analysis is equivalent to multiple logistic regression. ) ) 0
The input data were the frequency of the class, and valuedi =m1+ms X f; 2

of the three selected bioclimatic predictors, at the grid cells., . : : . .
. L : T This regression relationship was then inverted as Eg. (3) to
In each case, we fitted an initial model including linear and . - ; ; .
. T . obtain the weighting factordi(and/5, Table 3) to be applied
quadratic terms for each bioclimatic variable. In some cases

one or more terms were excluded after this initial step, and ato the GLM-predicted probabiliiest) and the calibrated

new model fitted. Three criteria determined the exclusion ofpreo_llcted proba_bllmesﬂ. ) Wh'Ch were fmally used n gen.-
. ] erating the predicted vegetation distribution map (Fig. 1):
particular terms:

_— o [ =l P (3)
(a) Terms whose inclusion led to unrealistic partial relation-

ships. This situation was sometimes encountered due tdegative values arising from this step were set to zero. The
high correlation between mGDQDand GDL in both predicted vegetation class at each grid cell is then the one
the coldest and the warmest range of climates. The inwith highest predicted probability after weighting, i.e. the
clusion of both predictors resulted in sparse alpine veg-one with highestf*. We also predicted the potential natu-
etation, alpine tundra and steppe apparently respondingal vegetation class at each grid cell by applying the same
positively to GDL, although they are more abundant criterion but excluding agricultural classes from considera-
in colder climates. We therefore rejected GpBs a  tion.

predictor in these cases. Conversely, mGDiZas re- There is a strong correlation (and therefore statistical
jected as a predictor for tropical forests, since the GLM- confounding) between winter and summer temperatures in
predicted probability curve against mGbPpeaked ata  China, particularly in the eastern forest belts where both gra-
very low value compared with the real distribution of dients run from north to south. We added one additional
tropical forests. constraint to the model, namely that the MTCO for tropical

Biogeosciences, 10, 5813830 2013 www.biogeosciences.net/10/5817/2013/
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Table 2. Parameters used in Eq. (1) for each vegetation class. All parameters are statistically significar@.801 excepb, andb, for
subtropical montane forest significantzat 0.05.

Vegetation classes ay b1 bo c1 c2 dq do
Sparse alpine vegetation 0.851 —-1.988 0.008 —0.828 0.008 0.000* 0.00¢
Alpine tundra and steppe —2.544 9.306 —7.724 0.785 —0.219 0.008 0.00¢
Boreal and subalpine forest and shrubland —8.728 6.847 0.000 1.591 —0.136 —1.202 0.008
Temperate deciduous forest complex —14.037 16.486 —7.496 0.826 —-0.043 1.817 —1.000
Temperate woodland and dry grassland —20.334 14.252 -11.166 0.185 0.000 5.672 —0.782
Temperate needleleaf forest —35.632 57.222 -37.023 0.000 0.00F 5.174 —0.649
Temperate desert —-1.625 —9.357 —-2580 0.008 0.00¢8 3.25 —0.525
Temperate steppe —9.703 19.535 —20.431 1.639 —0.087 —0.878 0.008
Subtropical montane forest —21.705 23.719 —12.058 0.000 —0.091 5783 —0.694
Subtropical forest complex —22.758 9.465 0.06006 0.00¢ 0.00¢¢ 4.930 -0.392
Subtropical deciduous and mixed forest —23.936 15.091 0.060 0.00# 0.00F 2.998 —0.361
Tropical monsoon forest complex —30.611 10.898 0.000 0.00* 0.008 2.385  0.008
Tropical rainforest complex —36.660 22.428 -—22.769 0.008 0.00¢8 7.442 —0.435
Cold-resistant crops —44.721 30.824 —-20.914 0.008 0.00¢¢ 20.973 —3.316
Cold-resistant crops with deciduous orchards-20.898 17.351 —15.347 0.008 0.00¢ 8.471 —1.228
Temperate crops —51.822 23.104 -19.350 0.008 0.006#@ 18.966 —1.946

aandP distinguish predictor terms excluded due to lack of realism in the fitted model and statistical significance, respectively. See text for further explanation of
these criteria.

rainforest complex must exceed IR. The calibrated pre- Table 3.Parameters used in Eqg. (3) for each vegetation class.
dicted probability f* for this vegetation class was reset to

zero whenever this constraint was not met. The constraint has Vegetation Ih Iz
no effect on the predicted present distributions but was intro- -~ gp4rse alpine vegetation _0.059 2.257
duced in order to eliminate the unrealistic prediction of trop-  Alpine tundra and steppe -0.071 1524
ical rainforest in dry inland areas under some climate change Boreal and subalpine forest and shrubland —0.055 2.123
scenarios. The constraint is consistent with the known re- Temperate deciduous forest complex —0.094 1.885
quirement of tropical trees for warm winters. Temperate woodland and dry grassland —0.123 13.06
Temperate needleleaf forest —0.064 16.426
. . Temperate desert —0.049 1.347
2.4 Assessing goodness of fit Temgerate steppe _0116 2223
Subtropical montane forest —0.011 6.574
The kappa statistic (Cohen, 1960; Prentice et al., 1992) was suptropical forest complex _0.058 1.285
used to quantify the similarity between the predicted and ob- Subtropical deciduous and mixed forest ~ —0.07  13.75
served vegetation maps. Kappa is a suitable measure to com- Tropical monsoon forest complex —-0.009  2.007
pare two maps where the variable mapped is a multi-class, Zg';";ggg;‘:t’rgzt Csomp'ex _8-823 g-;ii
qualitative variable. Kappa ranges from zero to one. O,ne Cold-resistant crogs with deciduous orchards-0.191  7.970
means perfect agreement; zero means agreement that is N0 temperate crops _0.056 1.890

better than would be expected by chance, i.e. by random as-
signment of classes to grid cells.

water use efficiency (Keenan et al., 2013), which is equiva-
lent to increasing water availability. To estimate this equiv-

[CO2] does not vary significantly in space, and cannot there-alence’ we fitted a '.““'“p'e regression of th? logarithm of
fore be used as a predictor in the development of empiricall)/‘or(:"s‘t NPP (data as in Wang et_al., .201.2) againshGDDs
based models for vegetation and productivity. As a measur nd GDDb. The log transformatllon lmplle§ for the underly-
of the effect of increased [Cpon vegetation distribution, mglr_n(I)_deI_tha'Erthhe e:]fects ofl;:hmatatvzr_lables_ Orll NPP are
we estimated the increasedrthat would produce the same muttip |cat|veé. _lent e contribution of (dimensionless) to
gain in NPP, according to a process-oriented light-use ef“fi-NPP (gCm=a™) can be expressed as

ciency (LUE) model that has been fitted independently to any Npp= ¢ x « + b. 4)
extensive forest production data set (Wang et al., 2012). This

approach is based on the assumption that the major effedtlere,a is the fitted partial regression coefficient tor with

of elevated [CQ] on vegetation distribution is to enhance a = 1.15, andb represents all other effects from intercept,

2.5 Inclusion of a CO effect
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mGDDs and GDLy together, which will then be eliminated
in deriving “effective” « at elevated [C@)|. Figure 3 shows
the relationship between In NPP agad 707
The LUE model of Wang et al. (2012) is used to estimate )
the effect of elevated [C£&) on NPP, indicated by the ratio 85
(x) of NPP (gCnr2al) at elevated (NP and reference
(NPRy) [COy]. According to this model, the ratio is depen-
dent on the leaf-internal [C£at reference [CG] (¢;, ppm),
the leaf-internal [CQ)] at elevated [CQ] (], ppm) and the 55
CO, compensation pointI{, ppm), which is temperature-
dependent (Bernacchi et al., 2003): 50

In NPP

6.0 1

NPP (¢, —T)x(¢;+2xT) ‘ ‘ , ,

X = = . (5) 0.2 0.4 0.6 0.8 1.0

NPRy  (c;+2xT)x(¢;—T) a
The “effective” value ofx at elevated [C@] («’) isthen given  Fig. 3. Partial residual plot (Breheny and Burchett, 2013) of ob-
by served NPP (natural log scale) against the Cramer—Prentiwex
of plant-available moisture. The partial regression line with confi-
dence band as shown was based on a multiple regression of In NPP
againsir, GDDg and mGDL.

/

1
a'=—-xInx+a. (6)
a

2.6 Sensitivity analysis

Sensitivity analysis was carried out to investigate the re-€: both dry and cold conditions are incompatible with high

sponse of the predicted vegetation pattern to the separal%mducw'ty‘ The two precipitation timing variables point to-

and combined effects of a large increase in temperature inyvard:s the high-productivity vertex, consistent with the fact

crease or decrease in precipitation and increase obJCO that both cold and dry vegetation classes are associated with

applied uniformly across the region. For comparability with strong summer or autumn rainfall maxima. Precipitation sea-

; ; . sonal concentration points away from the high-productivity
previously published results using the global BIOME4 mOdelvertex, consistent with the negative effect of a prolonged

(Wang et al., 2011), we applied the same environmental .
changes as in that paper. Thus the mean temperature of ea [y season on total annual productivity. As the length of the
ermal growing season declines towards cold climates, both

month was increased by 5K, the mean precipitation of eac . )
month was increased or decreased by 30 %, anc]@@s .mF.)ARO aqd MPAR increase (because the growing season
is increasingly restricted to the summer, when solar radia-

doubled from a reference value of 376 to 732 ppm. Thesetion is at a maximum). Therefore, the direction of MRAR
changes were applied separately and in combination. is almost opposite to MTCO. That the direction of mRAR

is somewhat different to that of mPARs consistent with

3 Results the fact that the cold-resistant vegetation types tend to have
cloudy conditions when temperatures exceé@ bwhereas
3.1 Data analysis xeric vegetation types tend to have more sunny conditions.

The three variables GDJ) mGDDs and o collectively
The triangular pattern illustrated by the CCA biplot summa- can predict almost exactly the same pattern as in Fig. 4a
rizes the climate—vegetation relationship in China (Fig. 4a).(see Fig. 4b). GDB expresses the direction towards high-
The vertex of the triangle to the right of the biplot rep- productivity vegetationy expresses the direction away from

resents the extreme of high temperature, rainfall and progry conditions; mGDR expresses the direction towards cold
ductivity in south China. The other two vertices repre- ¢onditions.

sent the dry and cold extremes, respectively, exemplified

by the interior deserts (upper left) and the high eleva-3.2 Model testing

tions of the Tibetan Plateau (lower left). Energy-related

variables (mGDBR, MTWA, mGDDy, PARs, PARy, PET, Table 2 summarizes the GLMs fitted to the frequencies of

GDDg, GDDs, MAT) and primary production (NRReg and each vegetation class as a function of these three variables.
NPRyug) tend to align together, pointing towards the high- These models were used with the calibration procedure (see
productivity vertex. Moisture-related variables (Ml,MAP) Table 3 for the calibration parameters for each vegetation

point in a direction opposite to the dry vertex. The shapeclass) to generate maps of the predicted geographic distribu-
of this diagram indicates the fundamental trade-off betweertion of each class with the highest calibrated predicted proba-
high annual productivity (associated with climates that arebility ( f;*). Comparison of predicted and observed vegetation

both warm and wet) and tolerance of dry or cold conditions,distributions (Fig. 1) yielded a kappa value of 0.745, judged
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plex along the south coast and the tropical rainforest com-
plex in the lowlands to the southeast of the Tibetan Plateau
and on Hainan Island are successfully predicted as separate
classes. The temperate deciduous forest complex and temper-
ate steppe are successfully predicted as the two major natural
vegetation classes in north China, separated according to dry-
ness. Temperate desert is correctly predicted as the most ex-
tensive vegetation class in northwestern China. Alpine tundra
and steppe are correctly shown as occupying a large part of
the Tibetan Plateau, transitioning to sparse alpine vegetation
in the north and to boreal and subalpine forest and shrubland
in the east; boreal and subalpine forest and shrubland are also
distributed in the high-elevation area of northeastern China.

The primary agricultural systems in north China are also
predicted well with temperate crops dominant across the
North China Plain, cold-resistant crops and deciduous or-
chard on the Loess Plateau, and cold-resistant crops in a
large area of northeastern China. The scattering of crop-
lands at the foot of mountains in Xinjiang Province are also
captured. Temperate crops are also (incorrectly) predicted
in the Yungui Plateau of southwest China. The real vegeta-
tion there is the predicted potential vegetation, i.e. the sub-
tropical forest complex; see upper second panel in Fig. 5.
Other crop systems that are included in the natural vegeta-
tion classes (temperate deciduous forest complex, subtropi-
cal forest complex and tropical monsoon forest complex) are
implicitly predicted within the distribution of these natural
vegetation classes.

Predictions of potential natural vegetation in areas cur-
rently dominated by crops are as follows (Fig. 5): temper-
ate woodland and dry grassland, temperate steppe, temper-
ate deciduous forest complex and temperate woodland in the
temperate zone, and subtropical forest complex in the sub-
tropical zone. Temperate woodland and dry grassland, as a
transition between temperate steppe and temperate decidu-
ous forest complex, is predicted as the potential vegetation

Fig. 4. Biplot of plant communities and environmental variables With continuous and extensive distribution in the temperate
with all sample sites (grey dots) from canonical correspondencezOne.

analysis usindga) 20 predictor variables, an) a subset of 3 pre-

dictor variables selected using the Akaike information criterion. See3.3  Sensitivity analysis
text for the abbreviations of environmental variables, and Table 1

for the code numbers of plant communities. Vegetation classes ar@agylts of the sensitivity experiments are shown in Fig. 5. In-
distinguished with colours as in the legend of Fig. 1.

creasing temperature by 5K shifts the predicted boundaries
of most vegetation types northward and westward. Tropical
monsoon rainforest is predicted to occupy a large area in

as “substantial” agreement according to the criteria of Cohersouth China and a small area in the Sichuan Basin. Across the
(1960) and “good” (but very close to “excellent”) agreement greater part of the Tibetan Plateau, alpine tundra and steppe
according to Monserud (1990). are predicted to be replaced by temperate steppe in the south
The predicted vegetation map successfully captures thand in the north, and the temperate deciduous forest com-
distributions and boundaries of most vegetation types inplex, boreal and subalpine forest and shrubland in the east.
China. The distribution of the subtropical forest complex (the In this scenario, cold-resistant crops and deciduous orchards
most widely distributed forest class in China) is slightly over- become suitable for planting along the river valleys in the
estimated, extending into areas occupied by tropical rainforsouthern part of the plateau.
est along the south coast and northward into the temperate Changes in precipitation by-30% shift the bound-
crop region in the north. The tropical monsoon forest com-aries of mesic versus xeric vegetation with respect to a
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Recent [CO,]
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Double [CO,]
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- sparse alpine vegetation |:| temperate steppe :| tropical monsoon forest complex
| alpine tundra and steppe temperate desert cold-resistant crops

boereal and subalpine forest and shrubland - subtropical montane forest cold-resistant crops with deciduous orchards
- temperate deciduous forest complex - subtropical forest complex temperate crops

temperate woodland and dry grassland subtropical deciduous and mixed forest - no prediction
,7_ temperate needleleaf forest tropical rainforest complex unchanged area

Fig. 5. Changes in predicted vegetation distribution at projected scenarios, with a reference distribution at the baseline scenario (left panels
for both natural and agriculture vegetation types, right panels only for natural vegetation type).

northeast—southwest axis where the current precipitation isvoody vegetation in the forest—grassland transition region

at intermediate levels. In the southern (high-elevation) part(Fig. 5). In the temperate zone, [G[2doubling produces a

of this axis, increased precipitation causes alpine tundra anghift from temperate steppe to temperate woodland and dry

steppe to give way to boreal and subalpine forest whilegrassland, and to temperate deciduous forest complex. On

spreading slightly northward into the area currently occu-the Tibetan Plateau, [C{doubling favours boreal and sub-

pied by alpine sparse vegetation. In the northern part of thisalpine forest and shrubland over alpine tundra and steppe.

axis, increased precipitation benefits the mesic vegetation

(boreal and subalpine forest and shrubland, the temperate de-

ciduous forest complex, temperate woodland and dry grass4 Discussion

land) at the expense of xeric vegetation (temperate steppe,

temperate desert). The effects of decreasing precipitation aré.1 Comparison with previously published results

broadly opposite to the effects of increasing precipitation. In-

creased precipitation also leads to more heterogeneous vedhe prediction for current vegetation distribution is broadly

etation on the Loess Plateau, with temperate woodland angonsistent with those made previously with the global

dry grassland, temperate needleleaf forest and a temperaBOME4 model. However, apart from slightly overestimat-

deciduous forest mosaic all widely distributed. In the rest ofing the extent of the subtropical forest complex (called warm-

China, where precipitation is either very low or high, the veg- temperate forest in BIOME4), the new empirical model cap-

etation distribution responds to precipitation changes mucHures some vegetation boundaries more accurately than the

less strongly. The boundaries of tropical forest and temperBIOME4 simulation. We successfully distinguished sparse

ate desert remain almost the same whether precipitation iglpine vegetation (tundra in BIOME4) from alpine tundra

increased or decreased, while the northern boundary of thand steppe (dry tundra in BIOME4) on the Tibetan Plateau.

subtropical forest complex shifts slightly to the north or to The distributions of these classes are unrealistically sim-

the south. ulated by BIOME4. The empirical model also more suc-
[CO;] doubling is estimated to have effects similar to cessfully captures the boundary between temperate steppe

those of increasing precipitation by 30 %, favouring more (grassland and dry shrubland in BIOME4) and the temper-
ate deciduous forest complex (temperate forest in BIOME4).
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BIOME4 overestimates the distribution area of temperate The empirical model makes no prediction about the veg-
steppe at the expense of temperate forest. By refining thetation on the North China Plain when temperature increase
categories of forest vegetation, the empirical model also prois combined with precipitation decrease under recentJCO
vides more detailed information about the most economicallyThis is the most severe scenario for mesic vegetation. The
productive semi-natural vegetation in China. Most impor- region in question was identified as a sensitive area by
tantly, the ability of the empirical model to predict cropland BIOME4, which predicted a transition to grassland and dry
distributions points towards a way to assess the changinghrubland. The empirical model makes no prediction because
suitability of agricultural systems under scenarios of changeshe climate under this scenario is outside the range that the
in climate and [CQ]. empirical models could predict based on current observa-
As also shown by BIOMEA4, the transition region between tions. The actual vegetation is temperate croplands, which
mesic and xeric vegetation along a northeast—southwest axigre adapted to the climate with the help of irrigation. How-
is the region most likely to experience major vegetation ever, the North China Plain is one of the most water-scarce
changes as a result of climate change. Warming is generregions in the world (having less than half the water availabil-
ally expected to favour woody vegetation there. The effectsity per person than water-scarce Egypt, in relation to its pop-
depend on the trajectory of precipitation changes; withoutulation). The observed warmer and drier climate over the last
an increase in precipitation, some regions suffer drought andour decades, combined with increasing water requirements
thus a decline in forests. However the positive effect seemdboth for industrial production and in daily life, has already
much stronger than the negative one, since water limitatiorexerted considerable pressure on irrigation systems. Most cli-
is not severe in the majority of this region. On the Tibetan mate models suggest that precipitation should increase in this
Plateau, where energy is the key limitation for woody plants,region, but this is not certain and not predicted by all models
boreal and subalpine forest and shrubland are predicted t@Cruz et al., 2007). Thus irrigated agriculture in the North
expand in response to warming, causing alpine tundra an€hina Plain represents a potential area of vulnerability to
steppe to retreat westward. In the central part, temperatehanges in climate and water supply.
woodland and dry grassland tend to expand at the expense
of temperate steppe, while the subtropical forest complex ex4.2 The climate sensitivity of agriculture
pands at the expense of temperate woodland. In semi-arid re-
gions in the north, warming benefits temperate woodland andy including crops in our analysis, we could investigate
dry grassland at the expense of temperate steppe, but alsdimate-dependent shifts in agricultural zones. Generally,
temperate steppe expands into the current distribution areaarming is projected to shift agricultural zones significantly
of the temperate deciduous forest complex, due to droughtorthward. This is directly demonstrated for the major crop-
Changes in plant water availability, either directly due to ping systems in north China, and implicitly indicated by
changes in precipitation or indirectly due to [génduced  the projected shift of natural vegetation types that include
changes in water use efficiency, are predicted to modify thesome agricultural types. These findings are consistent with
effects of warming by influencing the competition between data from the Chinese National Bureau of Statistics (2009)
woody and herbaceous plants. showing that, during the period from the early 1980s to
The Tibetan Plateau is identified both here and in the ear2007, warming enabled a significant northward expansion
lier study with BIOME4 as a region liable to experience of rice planting in the northernmost region, between 48 and
large changes in vegetation as a result of climate changes2° N. By 2007 the planted area of winter wheat in northern
Both models predict that warming will cause alpine vegeta-China moved northward by nearly 100 km compared with
tion to retreat to the colder and drier areas toward the norththe 1960s. Paddy rice, the new dominant crop in the origi-
But BIOME4 suggests that alpine vegetation will be replacednal corn-planting areas, has greatly expanded in Heilongjiang
mainly by forests, while the empirical model suggests that itProvince (Li and Wang, 2010). However, our analysis also
will be replaced by temperate steppe. The vegetation aroun@oints to the strong dependence of the cropland area in north
the eastern edge of the plateau was predicted by BIOME4China on precipitation, and the importance of irrigation re-
as being quite resistant to precipitation changes, but our newuirements that could be limited by water supply. Unlike
empirical model identifies this region as particularly sensitiverainfed crops, decreased runoff with climate change could
to precipitation changes. become an important limitation for the shift of irrigated crops
The present study indicates that the northern boundary ofn some areas.
the tropical monsoon forest complex would move northward  Agricultural systems that were included in natural vegeta-
by as much as“of latitude and even emerge in the Sichuan tion classes showed relatively minor responses to precipita-
Basin. BIOME4 did not show this movement, probably be- tion change, with one exception: “one crop annually short
cause of the strong minimum temperature constraint apgrowing period cold-resistant crops”, which was included
plied to tropical forests in that model. The northward move-in the temperate deciduous forest complex. The effects of
ment predicted here is probably more realistic than the stasifCO,] on crop distribution cannot realistically be assessed
shown by BIOMEA4. in this framework, however, because the main mechanism
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would be via the total increase o @rop productivity due  of seven global climate model outputs, to assess likely di-
to CQO; fertilization as well as water saving, rather than the rections of change in vegetation distribution and productivity
effects of enhanced water use efficiency mediated by compeduring the 2070s (Wang 2013).
tition. Due to the equilibrium assumption, the approach we ap-
Topography could limit agricultural expansion. Although plied here entails some unavoidable limitations. The fitted
crops are predicted by the model in the Yungui Plateau, anémpirical models do not predict when changes in vegeta-
their area of suitability predicted to expand, the actual veg-tion are likely to happen. The predicted responses of veg-
etation there today is forest. This area is well known for its etation distributions to climate could be achieved in reality

karst topography which makes agriculture difficult. only some decades to centuries after the new climate state has
been established. Also, since we focused on the primary con-
4.3 Regional variations in the response to uniform trols of mean climatic conditions on large-scale patterns of
perturbations of climate and [CO5] vegetation distribution, processes related to vegetation suc-

cession and migration, such as fire disturbances and dispersal
According to projected climate trends summarized in Cruz etconstraints, are not modelled. But despite these limitations,
al. (2007), warming over all of China is likely to be greater the method described here makes good use of extensive ob-
during winter than summer, and the warming is likely to be servational data sets applying to the specific region of inter-
especially strong on the Tibetan Plateau and in semi-aricest. The results should therefore be a reliable guide to the
regions. Mean precipitation will likely increase in most of general direction and magnitude of changes to be expected in
China but decrease in some western areas. Thus, woody vegjae region in response to the prescribed scenarios of change
etation will be favoured by future climate, as well as by el- in [CO,] and climate.
evated [CQ]. In other words, forests with their important
functions in carbon sequestration, water retention and high
biodiversity will likely continue to be the predominant nat- Supplementary material related to this article is
ural vegetation cover in a large area of China, and the aredvailable online at: http://www.biogeosciences.net/10/
suitable for forests is likely to expand into regions currently 9817/2013/bg-10-5817-2013-supplement.pdf
occupied by grasslands. The Tibetan Plateau and some in-
land desert areas are projected to experience large vegetation
changes.

AcknowledgementsThis work was supported by a National Basic
4.4 Caveats Research Program of China grant (2010CB951303) and an award
to J. Ni from the One Hundred Talents Program of the Chinese

The prediction skill of our empirical model for the present Academy of Sciences. We thank the China Scholarship Council
climate is inevitably highly reliant on the accuracy of the (CSC) and Macquarie University for supporting H. Wang to study
gridded climate data used to develop and run the model. Onet Macquarie.
problematic region is the lower-elevation area to the south-
east of the Tibetan Plateau (Zangnan area, a disputed territofgdited by: V. Brovkin
between China and India) where the gridded climate data are
not well constrained by observations. This data problem is
probably the cause of the model’'s underestimation of trop-
ical rainforest in this region, and means that the projectionantle, J., Apps, M., Beamish, R., Chapin, T., Cramer, W., Frangi,
of climate change effects here should be treated with scepti- J., Laine, J., Erda, L., Magnuson, J., Noble, I., Price, J., Prowse,
cism. T., Root, T., Schulze, E., Sirotenko, O., Sohngen, B., and Sous-

Here, we have shown results of climate change in the sana, J.: Ecosystems and Their Goods and Services, in: Climate
form of stylized sensitivity experiments, rather than plausi- Change 2001: Impacts, Adaptation and Vulnerability, Contribu-
ble scenarios of the future. The idea was to understand how a tion of Working Group Il to the Third Assessment Report of
uniform perturbation of climate would affect vegetation pat-  the Intergovernmental Panel on Climate Change, edited by: Mc-
terns. It remains to be seen how realistic climate change sce- C&t: J. J., Canziani, O. F., Leary, N. A., Dokken, D. J., and
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