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Abstract

Grassland ecosystems act as a crucial role in the global carbon cycle and provide vital ecosystem services for many

species. However, these low-productivity and water-limited ecosystems are sensitive and vulnerable to climate per-

turbations and human intervention, the latter of which is often not considered due to lack of spatial information

regarding the grassland management. Here by the application of a model tree ensemble (MTE-GRASS) trained on

local eddy covariance data and using as predictors gridded climate and management intensity field (grazing and cut-

ting), we first provide an estimate of global grassland gross primary production (GPP). GPP from our study compares

well (modeling efficiency NSE = 0.85 spatial; NSE between 0.69 and 0.94 interannual) with that from flux measure-

ment. Global grassland GPP was on average 11 � 0.31 Pg C yr�1 and exhibited significantly increasing trend at both

annual and seasonal scales, with an annual increase of 0.023 Pg C (0.2%) from 1982 to 2011. Meanwhile, we found that

at both annual and seasonal scale, the trend (except for northern summer) and interannual variability of the GPP are

primarily driven by arid/semiarid ecosystems, the latter of which is due to the larger variation in precipitation.

Grasslands in arid/semiarid regions have a stronger (33 g C m�2 yr�1/100 mm) and faster (0- to 1-month time lag)

response to precipitation than those in other regions. Although globally spatial gradients (71%) and interannual

changes (51%) in GPP were mainly driven by precipitation, where most regions with arid/semiarid climate zone,

temperature and radiation together shared half of GPP variability, which is mainly distributed in the high-latitude or

cold regions. Our findings and the results of other studies suggest the overwhelming importance of arid/semiarid

regions as a control on grassland ecosystems carbon cycle. Similarly, under the projected future climate change, grass-

land ecosystems in these regions will be potentially greatly influenced.
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Introduction

Carbon cycle in terrestrial ecosystems has been

attracted considerable attention by scientists in recent

years (Nemani et al., 2003; Piao et al., 2008; Zhao &

Running, 2010; Ahlstr€om et al., 2015; Liang et al., 2015;

Wolf et al., 2016; Yang et al., 2016b), given that the land

is currently absorbing about one-third of carbon diox-

ide (CO2) emissions from fossil fuel burning (during

the period 2000–2008) (Le Quere et al., 2009). As the lar-

gest global carbon flux (Battin et al., 2009; Beer et al.,

2010), gross primary production (GPP) drives several

ecosystem functions, such as respiration and vegetation

growth. GPP is the basis for food, fiber, and wood pro-

duction; thus, it can be in favor of human welfare (Beer

et al., 2010). Consequently, understanding the spa-

tiotemporal patterns of GPP and how environmental

factors drive its variability are crucial to account for

their present status and predict their future status.

Most previous studies on ecosystem carbon fluxes

have focused on forests (G€ok et al., 2000; Goulden et al.,

2010; Christian et al., 2015; Yang et al., 2016b), because

of their potential to sequester large amounts of carbon.

However, as one of the most widespread vegetation

types worldwide (covers approximately 20–40% of the

world’s land surface) (Scurlock & Hall, 1998; Suttie
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et al., 2005), grasslands provide vital ecosystem services

such as carbon storage, forage production, and habitat

critical for many species (Piao et al., 2007; Chou et al.,

2008; Chang et al., 2013; Fry et al., 2013; Fu et al., 2014;

Mowll et al., 2015). More than 180 million people

depend on livestock supported by grasslands for their

livelihoods in the developing world (Kruska et al.,

2003). More importantly, these low-productivity and

water-limited ecosystems are generally assumed to be

mostly sensitive and vulnerable to climate perturba-

tions and human intervention (e.g., livestock grazing

and cutting) (Knapp & Smith, 2001; Novick et al., 2004;

Ponce-Campos et al., 2013; Yang et al., 2016a), which in

turn will feed back on atmospheric CO2 concentrations

(IPCC, 2007, 2013). Meanwhile, the uncertainty with

regard to the role of grasslands in the carbon cycle is

largely associated with their sensitivity and response

rate to climate change (Chou et al., 2008; Marcolla et al.,

2011), which is normally depended on the geographical

locations. Accordingly, in the context of global climate

change projected in the future (IPCC, 2013; Donat et al.,

2016), a systemic analysis of the grassland GPP patterns

in different zones and its climate controls is critical not

only for terrestrial carbon cycle, but also for grassland

resources sustainability (Piao et al., 2007; Wu et al.,

2009; Guo et al., 2015).

A range of carbon flux studies have begun to concen-

trate on grassland biome at regional and continental

scales (Novick et al., 2004; Marcolla et al., 2011; Zhang

et al., 2016). Nevertheless, these researches historically

focused on net ecosystem exchange of carbon (NEE).

Until recently, few studies have reported in quantifying

grassland ecosystems GPP. For example, based on CO2

flux measurements from 20 European grassland sites,

Gilmanov et al. (2007) found that European grassland

GPP ranges from 1700 g CO2 m�2 yr�1 in dry seminatu-

ral pastures to 6900 g CO2 m�2 yr�1 in intensively man-

aged Atlantic grasslands. Li et al. (2007) estimated the

seasonal dynamics of GPP of the three alpine grasslands

in the Tibetan Plateau using the moderate resolution

imaging spectroradiometer (MODIS) images and cli-

mate data. At global scale, a recent modeling study esti-

mated an annual sum of ~40 Pg C GPP from tropical

savannas and grasslands, and temperate grasslands and

shrublands, accounting for 32.7% of the global terrestrial

GPP (Beer et al., 2010). However, to our knowledge, the

total amount of global grassland GPP remains uncertain,

and its pattern and variability has not been comprehen-

sively and systematically characterized based on obser-

vations owing to the lack of adequate methods.

It is impossible to monitor directly GPP at large spa-

tial scales. Alternatively, two main spatially explicit

approaches have been used. The first one is to apply

process-driven land surface models. These models are

complex and bear uncertainty from model structure

and parameter values. Parameters related to plant traits

are most often given fixed values per plant functional

type. In the case of grasslands, where species composi-

tion changes fast in response to environmental drivers

on subseasonal to multiannual scales, a parametric and

rigid description of phenology and photosynthetic

traits is a limitation of the ability of process models to

simulate GPP distribution. This was proved by Mac-

bean et al. (2015) who found that calibrated parameters

in a dynamic ecosystems model (i.e., ORCHIDEE) have

predictive value for forests, but poor performances for

grasslands, in particular C4 grasslands. A complemen-

tary approach is to use data-driven models, such as

remote sensing-based models. The MODIS GPP, which

applies the maximum light-use efficiency (LUE) (Mon-

teith, 1972; Monteith & Moss, 1977), provides a quanti-

tative and dynamic measurement of vegetation

productivity (Running et al., 2004). This algorithm is

straightforward and simple, but exists many uncertain-

ties, because it assumes that LUE is constant or it is

modeled from ancillary meteorological variables (Goetz

& Prince, 1999; Yang et al., 2013, 2014a,b). Another

data-driven model is machine learning approach. The

advantage of this method is that the results depend less

on theoretical assumptions (Beer et al., 2010), but it

should be kept in mind that nothing replaces real mea-

surements and that the extrapolation of data-driven

models far from their range of calibration can also

cause biases in their results.

Among machine learning interpolation algorithms,

model tree ensemble (MTE) pioneered by Jung et al.

(2009) was used to scale up CO2 and energy fluxes over

the entire globe when the global network of eddy

covariance sites (www.fluxdata.org) reached in the late

2000s a sufficient density to cover the climate space of a

large range of biomes. MTE products derived from

eddy covariance networks were the first of that kind for

GPP (Beer et al., 2010), and delivered new insights on

evapotranspiration trends (Jung et al., 2009, 2011; Zeng

et al., 2014), so that they found users in a large commu-

nity of carbon cycle and land surface modelers for

model benchmarking, and are also used to explore the

drivers of energy and CO2 fluxes (Yang et al., 2015;

Murray-Tortarolo et al., 2016). To our knowledge, data-

driven models extrapolating GPP and energy fluxes

based on eddy covariance networks do not differentiate

between ecosystem types, and rather scale fluxes using

the same geostatistical relations between flux and pre-

dictors across ecosystems and biomes. Further, it is a

fact that management intensity strongly affects ecosys-

tem fluxes (Soussana et al., 2007; Chang et al., 2016),

while in current MTE models this driver is merely (im-

plicitly) included through the use of satellite greenness

© 2017 John Wiley & Sons Ltd, Global Change Biology, 23, 2720–2742

GLOBAL ESTIMATION OF GRASSLAND GPP 2721

http://www.fluxdata.org


data as predictors. As grassland GPP depends primar-

ily on management (Wohlfahrt et al., 2008; Chang et al.,

2013), and the intensity of management varies strongly

between regions, application of MTE to this biome is

expected to benefit from gridded management informa-

tion, which was only established recently by Chang Jin-

feng (personal communication) from Herrero et al.

(2013).

The objectives of this study were to (1) evaluate the

performance of the model tree ensemble (MTE) that

takes into account the grassland management (hereafter

MTE-GRASS) in estimating the global grassland GPP;

(2) characterize the mean annual and seasonal GPP of

grassland ecosystem; (3) investigate the changes (in-

cluding trend and interannual variability (IAV)) in

grassland GPP at both annual and seasonal scales from

1982 to 2011; and (4) explore the relationship between

GPP and climate variables (i.e., precipitation, tempera-

ture, and short-wave radiation (SWrad)) across global

grassland ecosystems.

Materials and methods

MTE-GRASS model

In order to estimate monthly gridded global grassland GPP,

the model tree ensemble (MTE) approach, which is a machine

learning algorithm, was applied. Model trees were developed

from, but has proven superior to, classification and regression

tree (Wang & Witten, 1997; Vens & Blockeel, 2006; Jung et al.,

2009), given that target variable (GPP in this study) is pre-

dicted by a set of multiple linear regressions from explanatory

variables. Each regression model is only valid within certain

conditions defined by a model tree. In general, two steps are

required to produce global GPP from flux tower local mea-

surements: (1) The MTE is trained against eddy covariance

GPP estimates at site level using satellite-derived fraction of

absorbed photosynthetically active radiation (fPAR) and meteo-

rological data as explanatory variables and (2) using gridded

information about all these explanatory variables in combina-

tion to the trained MTE GPP to predict global GPP pattern. A

flowchart of the modeling global grassland GPP is shown in

Fig. 1, and details are described in the following sections.

Data processing

First, the observed GPPs with different time resolutions

(30 min, 1 h, and weekly) from eddy covariance flux tower

(www.fluxdata.org), which vegetation type is grass according

to International Geosphere-Biosphere Program definition

(IGBP GRA), were aggregated to monthly values. Then, they

were used to parameterize the models together with the dri-

vers either obtained at the site (precipitation and temperature)

or extracted at the flux tower location (gridded data). In total,

30 explanatory variables of five general types from 45 stations

(1416 site-months) were used to train MTE (Table 1). These

data were randomly divided into five groups (four for training

and one for test). Here, we evaluated the performance of MTE

based on fivefold cross-validation. The observed GPP for each

of these five groups was predicted based on the training using

the remaining four groups.

MTE-GRASS construction

The MTE for grassland (MTE-GRASS) construction can be

generally divided into two steps, that is, the initial model tree

establishment and trees pruning and random growth. The ini-

tial large tree is grown based on recursive partitioning. The

critical step of model tree training is to identify which leaf

node is split and the best split for a given node. For the for-

mer, all nodes attempted to split, and calculated the Bayesian

Information Criterion (BIC) value of all possible new trees and

old one (before split). Then, which leaf node is split for each

time is determined by the largest decrease in BIC value

between old tree and new tree. For the latter (split location),

each split variable (30 variables) tended to all possible splits,

and we found the location where the sum of squared errors

(SSE) of the model in the right and left child is minimal (min

SSEleft + SSEright) by multiple linear regressions. Variables

selected for these regressions were based on the minimal BIC

value from the tenfold cross-validation. The above procedure

is repeated until <40 samples are left in the final leaf node or

that the BIC value of old tree minus new tree is below 0.05.

The formula of the BIC and SSE could be found in supporting

materials.

Once a tree evolved by the approach above, we further

developed many trees using this tree. First, this tree was

pruned at a randomly chosen interior node (child leaf node

number >2), and random splits were occurred in this interior

node. Then according to the minimal BIC and minimal SSE

described above, the tree continued to growth until it stops

again.

We stored these trained trees in a workspace, and each

tree was randomly selected to be pruned. However, the

selection probability was determined by the BIC value, with

lower BIC value being more easily selected. Then, we

repeated the trees pruning and random growth processes,

and a large numbers of trees (1000 in this study) were

evolved. The 1000 trees were sorted by BIC value in ascend-

ing order, and then we calculated the correlation coefficient

(R2) between the observed GPP and the mean modeled GPP

from selected trees until we see diminishing improvements.

Finally, the best trees are selected for the model tree ensem-

ble (24 trees).

Global grassland GPP estimation

The trained model trees were extended to a global grassland

domain using gridded information on the explanatory vari-

ables during the period 1982–2011. The computations were

only carried out for grassland ecosystems according to the def-

inition of the Global Land Cover 2000 Project (GLC2000). Each

estimated gridded grassland GPP was given as the mean

value of the 24 best-independent trees.

© 2017 John Wiley & Sons Ltd, Global Change Biology, 23, 2720–2742
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Partitioning of interannual variations

To partition the contribution of individual climate zone to

interannual variability (IAV) in global GPP, we applied a

method proposed by Ahlstr€om et al. (2015). For a given flux

(GPP), the contribution of the IAV of a grid cell or climate

zones j to the global GPP IAV is defined as:

fj ¼
P
t

xjt Xtj j
Xt

P
t

Xtj j ; ð1Þ

where xjt is the flux anomaly (departure from a long-term

trend) for region j at time t (in years) and Xt is the global flux

anomaly, so that Xt = ∑jxjt. This method enables a comparison

of their relative importance (contribution) in driving global

GPP IAV. Regions with high scores drive the overall varia-

tions, while regions with low scores contribute less. More

details about this method can be found in the supplementary

materials from a recent work by Ahlstr€om et al. (2015).

Windowed cross-correlation

As the impact of climate factors on GPP is expected to show

some time lags due to the variability in temporal response of

vegetation to climate variables (Chen et al., 2014; Yang et al.,

2014a,b; Liang et al., 2015), a windowed cross-correlation

(WCC) was applied between monthly GPP and precipitation

anomalies to determine the time lag in the response (Boker

et al., 2002). The common cross-correlation of two time series

(X, Y) at lag ς (month) is calculated as follows:

cðX;Y; 1Þ ¼ 1

N � 1

XN�1

t¼1

ðXt � lXÞðYt � lYÞ
rXrY

; ð2Þ

where t indicates time in months, ranging from 1 to N; lX and

lY are the averages of X and Y; rX and rY are the standard

deviations of X and Y, respectively.

Grassland map and management data

To depict the spatial pattern of GPP, it is essential to have a

grasslands distribution map. Here, the grassland map with 1/12

degree spatial resolution was derived from the ‘grassland’

class obtained from the Joint Research Center (JRC) of Euro-

pean Commission under the project of GLC2000 on board the

SPOT 4 satellite, without consideration of temporal changes in

grasslands distribution (Fig. 2). In the GLC2000, grasslands

Fig. 1 Flowchart for estimating global grassland gross primary production (GPP) based on a model tree ensemble approach. [Colour

figure can be viewed at wileyonlinelibrary.com].
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are defined as herbaceous cover, closed-open and sparse

herbaceous or sparse shrub cover, which are aggregated from

regional classes using Food and Agriculture Organization of

the United Nations (FAO) Land Cover Classification System

(LCCS). The total area of grasslands is 2.71 9 107 km2, which

mainly includes rangelands, steppes, and Arctic tundra.

Global grids of annual grassland management intensity

dataset (0.5° 9 0.5°) used for training were from Chang Jin-

feng (personal communication) (Fig. S1). This dataset includes

the proportions of extensively as well as of intensively man-

aged grasslands (grazing and cutting) from 1982 to 2011, con-

strained by the total forage requirement of grass-fed livestock

numbers. More details about this dataset, including the calcu-

lation of the forage requirement and the fraction of animals

that receive complementary crop feed products, can be found

in Chang et al. (2015a). The management intensity data at each

flux tower site used for training are not available; alterna-

tively, we extracted these data at each grid where these sites

are located.

Meteorological data

Meteorological data (including precipitation, temperature,

SWrad and wet day frequency, and relative humidity) and

Table 1 List of explanatory variables used for training the model tree ensemble (MTE)*

Variables Type Type of Variability Source/Reference

Climate (for data stratification)

Mean annual temperature Split Static CRU

Mean annual precipitation sum Split Static CRU

Mean annual climatic water balance Split Static CRU

Mean annual potential evapotranspiration Split Static CRU

Mean annual incoming radiation Split Static CRU-NCEP

Mean annual number of wet days Split Static CRU

Mean annual relative humidity Split Static CRU

Mean monthly temperature Split Monthly but static over years CRU

Mean monthly precipitation sum Split Monthly but static over years CRU

Mean monthly climatic water balance Split Monthly but static over years CRU

Mean monthly potential evapotranspiration Split Monthly but static over years CRU

Mean monthly incoming radiation Split Monthly but static over years CRU-NCEP

Mean monthly number of wet days Split Monthly but static over years CRU

Mean monthly relative humidity Split Monthly but static over years CRU

Vegetation structure

Maximum fraction of absorbed

photosynthetic active radiation (fPAR) of year

Split Years Zhu et al., 2013;

Minimum fPAR of year Split Years Zhu et al. (2013)

Max-Min fPAR of year Split Years Zhu et al. (2013)

Mean annual fPAR Split Years Zhu et al. (2013)

Sum of fPAR over the growing season Split Years Zhu et al. (2013)

Mean fPAR of the growing season Split Years Zhu et al. (2013)

Growing season length derived from fPAR Split Static Zhu et al. (2013)

Meteorology

Temperature Split & Regression Monthly Flux tower sites

Precipitation Split & Regression Monthly Flux tower sites

fPAR Split & Regression Monthly Zhu et al. (2013)

Short radiation Split & Regression Monthly but static over years CRU-NCEP

Human activity

Grassland management intensity Split Years Personal communication

Vegetation status

fPAR * Short radiation Split & Regression Years Zhu et al. (2013)

Sum of fPAR * Short radiation of year Split Years Zhu et al. (2013)

Maximum of fPAR * Short radiation of year Split Years Zhu et al. (2013)

*In ‘Type’ column, ‘Split’ denotes the variable used for data stratification and ‘Split & Regression’ represents the variable used for

data stratification and regression. In ‘Type of variability’ column, ‘Monthly’ variables are continuously updated for each month;

‘Static’ variables remain constant across all months and years; ‘Monthly but static over years’ variables change monthly, but the

monthly values are repeatedly used across all years; and ‘Yearly’ variables have the same value within a year, but this value is

updated for each year.

© 2017 John Wiley & Sons Ltd, Global Change Biology, 23, 2720–2742
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potential evapotranspiration calculated from these meteoro-

logical variables with spatial resolution of 0.5° 9 0.5° during

the period 1982–2011 were interpolated from weather station

data from Climatic Research Unit (CRU) TS3.1 (Mitchell &

Jones, 2005) and the CRU National Centers for Environmental

Prediction (NCEP) product (http://dods.extra.cea.fr/data/

p529viov/cruncep). CRU-NCEP is a climate dataset produced

by adding to the CRU TS3.1 monthly climate data from the

submonthly normalized variability of the NCEP reanalysis

(Kanamitsu et al., 2002).

Site selection for training

Grassland GPP observations at site level were derived by

eddy covariance measurements from 45 flux sites (1416 site-

months) (Fig. 2), spanning years from 1998 to 2006. These

observed data can be obtained from the open access flux data-

base (www.fluxdata.org). The data were processed with stan-

dard methodologies, including quality filtering and

partitioning of NEE into the two components (GPP and respi-

ration) (Anav et al., 2015). Details about the geographical and

climate information of these sites are listed in Table S2.

Other data

Vegetation-related variables (fPAR) with a spatial resolution of

1/12 degree and a temporal resolution of 15 days during the

period 1982–2011 are obtained from Zhu et al. (2013). Similar

to management data, we extracted grassland fPAR data at each

grid where flux sites are located. World map of K€oppen-Gei-

ger climate classification, which is one of the most widely used

climate classification systems, was obtained from Kottek et al.

(2006). This classification combines average annual and

monthly temperature and precipitation, and the seasonality of

precipitation (Mcknight & Hess, 2000). It further divides cli-

mates into five main groups, namely tropical, arid/semiarid,

temperate, continental, and polar/alpine climate zones

(Fig. 2), and each has several subtypes (Table S1). For compar-

ison with the same kind of simulation method of GPP, a global

annual GPP product generated by Jung et al. (2011) (hereafter

JUNG11) with a spatial resolution of 0.5° 9 0.5° was used.

These data were also produced with MTE but without separa-

tion of different ecosystems.

Results

Validation of the MTE-GRASS

Among site. Figure 3 shows the comparison between

the MTE-GRASS and eddy covariance flux measure-

ments in GPP at the monthly and annual scales. In gen-

eral, on both time scale, the MTE-GRASS performed

fairly well in estimating GPP. Specially, at the monthly

scale, the estimated GPP was comparable to measured

ones in 45 flux towers across 1416 site-months, with a

modeling efficiency (NSE) of 0.85, R2 of 0.85, and a

root-mean-square error (RMSE) of 36.5 g C m�2

month�1 (Fig. 3a). The mean bias (defined as modeled

mean minus observed mean) of the estimated GPP was

0.9 g C m�2 month�1, suggesting that the MTE-GRASS

slightly overestimated GPP in these sites. Statistical

Fig. 2 Map showing locations of the 45 filed plots of grassland gross primary production (GPP) measurements used for MTE-GRASS

calibration and validation (a total of 1416 site-months). Different colors indicate different climate zones. The inset map shows the frac-

tions of global grasslands (1/12 degree spatial resolution). [Colour figure can be viewed at wileyonlinelibrary.com].

© 2017 John Wiley & Sons Ltd, Global Change Biology, 23, 2720–2742

GLOBAL ESTIMATION OF GRASSLAND GPP 2725

http://dods.extra.cea.fr/data/p529viov/cruncep
http://dods.extra.cea.fr/data/p529viov/cruncep
http://www.fluxdata.org


details of model performance for each site (at least two

years must be available) presented in Table S3 showed

that the slopes of the linear regressions of the MTE-

GRASS against observed GPP ranged from 0.21 at US-

Wkg to 1.05 at FR-Lq2 (50% ranged from 0.8 to 1.0),

while the intercepts ranged from �12.34 g C

m�2 month�1 at UK-EBu to 56.59 g C m�2 month�1 at

CZ-BK2. NSE ranged from 0.51 to 0.97, except for CZ-

BK2 and US-Wkg (0.21 and 0.36, respectively); R2 ran-

ged from a low of 41% at US-Wkg to 97% at CN-HaM.

At the annual scale, with a NSE of 0.96 and a R2 of 0.96,

the MTE-GRASS was more accurate at reproducing

observed GPP (Fig. 3b). Furthermore, our results

yielded a RMSE/mean of 9%, lowering than that from

JUNG 11, which includes all ecosystem types (29%).

Time series. In order to further test the robustness of

the MTE-GRASS for estimating GPP in various cli-

mate conditions, the comparison between monthly

time series of observed GPP and estimated ones in

arid/semiarid, temperature, and continental zones

was made (each zone was equal-weighted average).

As shown in Fig. 4, the time-series variations in GPP

of these sites were well captured by the MTE-GRASS,

with NSE or R2 ranging from 0.69 in arid/semiarid to

0.94 in continental areas and RMSE ranging from

15.8 g C m�2 month�1 to 18.3 g C m�2 month�1. This

comparison demonstrated that the MTE-GRASS was

more consistent for temperate and continental regions

(Fig. 4b,c) than that for the arid/semiarid ones

(Fig. 4a). This was expected because there were only

seven sites (185 site-months) that could be available

in arid/semiarid grassland regions. For the other two

climate types (i.e., tropics and polar/alpine climate

zones), due to the data length limit (<2 years), we

could not assess the performance. All in all, the over-

all good performance, as indicated by higher NSE, R2,

and lower RMSE and bias, implies a good potential

of the MTE-GRASS to be used for analyzing global

GPP patterns.

Mean annual and seasonal grassland GPP. Spatial pattern

The spatial pattern of mean annual GPP for the period

1982–2011 is shown in Fig. 5a. Overall, global grassland

GPP presented a prominent geographical heterogene-

ity. Annual GPP was generally higher than

1500 g C m�2 yr-1 in southern Brazil where the climate

was characterized with abundant precipitation and

warm temperature (Fig. S2a,f). In comparison, lowest

values (<50 g C m�2yr-1) were found in Arctic and

Tibetan Plateau as a result of low temperature or lim-

ited SWrad (Fig. S2k), or areas with relatively lower

precipitation amount limiting the vegetation produc-

tion, especially in Saudi Arabia, Iran, southwestern

South Africa, Australia and a west-to-east band below

the Sahara. Moreover, a typical longitudinal gradient in

northern Eurasia with GPP decreasing toward the east

was detected, which is related to increasingly continen-

tal climate (Beer et al., 2010).

The seasonal spatial patterns of GPP were similar

to those on the annual scale but with different mag-

nitudes (Fig. 5b–e). North America and Eurasia (ex-

cept southwestern Asia) experienced distinct

seasonal changes, with higher value (above

200 g C m�2 yr�1) during JJA (June, July, and

August) and lower value (near-zero) during DJF

(December, January, and February) when precipita-

tion and temperature do not benefit vegetation

growth (Fig. S2e,j). Further support can be found by

analyzing fPAR value, being minimal during DJF in

these regions. During MAM (March, April, and

May) and SON (September, October, and Novem-

ber), grassland GPP was also relatively small in the

Northern Hemisphere (NH), reflecting foliage phe-

nology to a certain extent. In contrast, no obvious

seasonal cycles were observed in the Southern

Fig. 3 MTE-GRASS-estimated vs. flux-observed GPP at different time scales: (a) monthly scale and (b) annual scale. [Colour figure can

be viewed at wileyonlinelibrary.com].
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Hemisphere (SH), including South America, central

and southern Africa, and Australia. Moreover,

except for Chile, GPP was high (above

300 g C m�2 yr�1) throughout the whole year in the

South America. Higher GPP was also found in

Madagascar during DJF and New Zealand during

SON (Fig. 5d,e).

Different climate zones. Using the MTE-GRASS, we cal-

culated the annual average GPP of global grasslands

over the past 30 years. The average annual global GPP

from 1982 to 2011 was 532 � 11 g C m�2 yr�1 or a total

amount of 11 � 0.3 Pg C yr�1, accounting for 9% of the

total global GPP (119 � 0.3 Pg yr�1) given in Jung et al.

(2011) and recent multimodel analysis based on flux

data of 123 � 8 Pg C yr�1 (Beer et al., 2010). At the sea-

sonal scale, the average annual (1982–2011) GPP during

MAM, JJA, SON, and DJF was 2.82 Pg C, 4.10 Pg C, 2.37

Pg C, and 2.11 Pg C, respectively.

For different climate zones (Fig. 5f), it was shown

that temperate regions account for the largest propor-

tion of the total global GPP (26%, 2.98 Pg C yr�1) at the

Fig. 4 Monthly time-series comparisons between MTE-GRASS-estimated and flux-observed GPP in different climate conditions: (a)

arid/semiarid; (b) temperate; and (c) continental. [Colour figure can be viewed at wileyonlinelibrary.com].

Fig. 5 (Left) spatial distributions of average annual and seasonal global GPP, and (right) GPP of each climate zone (including tropical

(TROP), arid/semiarid (ARSR), temperate (TEMP), continental (CONT), and polar/alpine (POAL)), and its contribution to global GPP

during the period 1982–2011. (a and f) Annual; (b and g) March, April, and May (MAM); (c and h) June, July, and August (JJA); (d and

i) September, October, and November (SON); and (e and g) December, January, and February (DJF). The inset shows the frequency.

[Colour figure can be viewed at wileyonlinelibrary.com].
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annual scale. Continental regions had the second lar-

gest GPP (24%, 2.73 Pg C yr�1), followed by arid/semi-

arid (23%, 2.61 Pg C yr�1), tropical (23%, 2.59

Pg C yr�1), and polar/alpine climate zones (4%, 0.49

Pg C yr�1). However, in terms of GPP flux, the highest

GPP occurred in tropics, with an average annual value

of 1648 g C m�2 yr�1, which is seven times of that in

arid/semiarid regions (223 g C m�2 yr�1). As expected,

polar/alpine had the lowest annual GPP (133 g

C m�2 yr�1), which can be mainly related to the lower

temperature in the region (Fig. S2f). Arid/semiarid

regions had a relatively lower GPP, but considering

total amount, it had higher GPP which can primarily lie

in the large area (1.3 9 107 km2, 50% of the global total

grasslands area). In addition, distinct seasonal cycles of

GPP could be found in continental regions. For exam-

ple, mean annual GPP from this region during JJA was

1.75 Pg C m�2 yr�1, while this value was only 0.05

Pg C m�2 yr�1 during DJF (Fig. 5g,j).

Changes in grassland GPP

GPP Trends. Figure 6 shows the spatial distributions of

the GPP trends for the past 30 years. About 68% of the

pixels showed an increasing trend in GPP, with 28%

being significant (Table S4). The highest increase in

GPP occurred in the high-latitude regions of the NH

(>60° N), the Rocky Mountains, western Europe,

west-to-east band below the Sahara, northwestern and

southeastern China, and northern Australia (Fig. 6a). In

contrast, only 32% of the pixels showed a decreasing

trend, mainly in South America, central Eurasia, and

southeastern Africa. For pixels showing decreasing

trends in GPP, only about 7% have statistically signifi-

cant values (P < 0.05) (Table S4). However, after

normalizing the trends by their mean value, more obvi-

ous increasing trend (over 0.05% per year on average)

were observed in relative drier regions, that is, south-

ern Africa, central western Asia, and the majority of

Australia (Fig. 6h), suggesting that arid/semiarid

regions had the largest increasing rate in GPP.

At the seasonal scale, positive trends were found

about 70%, 59%, 63%, and 56% pixels for MAM,

JJA, SON, and DJF, respectively (Table S4). Negative

trends were detected for all seasons over central South

America. During MAM, positive trends of larger than 2

g C m�2 yr�2 mainly concentrated in the southern of

South America, western Europe and western Turkey,

the area between Black Sea and Caspian Sea, southern

China, and northern Australia (Fig. 6b). During JJA,

both negative and positive trends were found, with

20% of grid cells having significantly (P < 0.05) positive

trends and 9% significantly negative trends (Table S4).

High northern latitude regions and central western

America have the largest increase in GPP

(>2 g C m�2 yr�1). By contrast, the largest decline was

in GPP mainly located in central Eurasia and Texas

(Fig. 6c). In SON and DJF, except for South America,

southern Africa, and northeastern Australia, most areas

around the world have relatively flatter increase in GPP

(Fig. 6d,e).

The annual total global terrestrial grassland GPP pre-

sented an increasing trend from 1982 to 2011 (Fig. 7a),

with a regression slope of 0.023 Pg C yr�2 or 0.2%

(P < 0.0001), accounting for about 25% of trend in glo-

bal GPP including all biomes from JUNG11 (0.094

Pg C yr�2). The overall significantly increasing trends

in GPP were also consistent among different climate

zones (except tropical regions), but with different

changing rate (Fig. 7f). The largest positive trend in

GPP was found in arid/semiarid climatic zones (0.012

Pg C yr�2), which accounted for 54% of the global

increase in GPP, exceeding continental (0.006

Pg C yr�2, 27%), polar/alpine (0.003 Pg C yr�2, 11%),

and temperate ones (0.002 Pg C yr�2, 9%). For tropical

regions, a slightly nonsignificantly decreasing trend

was observed (�0.0002 Pg C yr�2). Nevertheless, in

terms of the increasing rate (normalized by the mean

value through the time series), polar/alpine and arid/

semiarid regions showed the largest values by 0.50%

and 0.48% per year, respectively. Continental zones

had the third increasing rate (0.22%), followed by tem-

perate (0.07%) and tropical areas (�0.01%).

For different seasons (Fig. 7b–e), it showed a signifi-

cantly positive trend (P < 0.05) during all seasons at the

global scale, with an annual increasing rate of 0.007

Pg C yr�1, 0.007 Pg C yr�1, 0.004 Pg C yr�1, and 0.004

Pg C yr�1 for MAM, JJA, SON, and DJF, respectively.

In other words, 63% of global GPP increase comes from

MAM and JJA. Moreover, similar to that in the annual

scale, arid/semiarid climate zones dominated the glo-

bal GPP increasing trend in all seasons (average 66%),

particularly for DJF (87%), except for JJA in which con-

tinental areas dominated this increasing trend (47%).

Further analysis showed that global annually positive

trend in GPP was primarily attributed to arid/semiarid

ecosystems in MAM and DJF (33% in total). In addition,

polar/alpine showed the largest increasing rate at an

average rate of 0.54% per year in all seasons (Fig. 7g–i),
except for the winter season (DJF) in the NH.

Interannual variability in GPP. Here, we used the coeffi-

cient of variation (CV) to indicate the magnitude of

GPP’s IAV during 1982–2011. As shown in Fig. 8a, GPP

had a higher IAV in Mexico, Africa, southwestern Asia,

and Australia (above 0.50 on average), while other

regions had a relatively lower IAV of below 0.15. JJA

reproduced the same spatial pattern, but with a lower
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Fig. 6 Spatial distributions of annual and seasonal trends in global grassland GPP during the period 1982–2011. Right panels (f–j) are

normalized trend (normalized by the mean value through the time series). The inset shows the frequency. [Colour figure can be viewed

at wileyonlinelibrary.com].
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Fig. 7 (Left) interannual variations in total terrestrial grassland GPP during the period 1982–2011, and (right) GPP trends in each cli-

mate zone and its contributions to global GPP. (a and f) Annual; (b and g) MAM; (c and h) JJA; (d and i) SON; and (e and g) DJF. The

numbers in brackets are normalized trend. *** P < 0.01; ** P < 0.05. Trend with no asterisk is not significant (P > 0.1). [Colour figure

can be viewed at wileyonlinelibrary.com].
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Fig. 8 (Left) spatial distributions of average annual and seasonal coefficient of variation (CV) for global GPP, and (right) for each cli-

mate zone and its contribution to global GPP IAV during the period 1982–2011. (a and f) Annual; (b and g) MAM; (c and h) JJA; (d and

i) SON; and (e and g) DJF. [Colour figure can be viewed at wileyonlinelibrary.com].
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magnitude in the variability (Fig. 8c). Similarly, MAM

and SON shared the same pattern with higher IAV in

the high latitude of the NH, Mexico, Africa, and Aus-

tralia, while lower IAV in South America and central

Eurasian continent (Fig. 8b,d). For the winter in the NH

(Fig. 8e), except for South America, some areas in

Africa and northern China, almost the whole world,

experienced a higher IAV (CV > 0.3).

For different climate zones, IAV was generally lower

in tropics than that in arid/semiarid and polar/alpine

regions. At the annual time scale (Fig. 8f), arid/semi-

arid areas had the highest IAV (CV = 0.07) and

accounted for the largest fraction, 63%, of global GPP

IAV (methods). Similar results could be almost

obtained from the seasonal scale (Fig. 8g–j), suggesting
arid/semiarid vegetation production emerges clearly as

the most important factor driving global grassland GPP

IAV. By contrast, although polar/alpine regions had

higher GPP IAV, its contribution to global one was the

lowest, which could be related to the lower amount of

GPP. Furthermore, as a result of monsoon circulation,

GPP IAV of continental areas during JJA acted almost

equal role in driving global GPP IAV with that of arid/

semiarid zones (38%).

GPP in relation to climatic factors

Interannual control. In order to further investigate the

interannual controls of grassland GPP by climate, a par-

tial correlation analysis between annual GPP series and

climatic variables during the period 1982–2011 was con-

ducted. As illustrated in Fig. 9a, there was positive par-

tial correlation coefficient (r) between GPP and

precipitation at 37% of pixels (P < 0.05). The highest

positive r values are primarily in Australia, southern

South America, southwestern North America, Africa,

central of Asia, and southern Europe. Compared with

precipitation, temperature was positively correlated

with GPP in the cold regions, for example, northern

Canada, Siberia, and areas around the Tibetan Plateau,

because boreal and arctic ecosystems are cold and

rarely water limited (Piao et al., 2014). In addition, tun-

dra ecosystem in the high latitudes appeared to be col-

imited by temperature and SWrad (Fig. 9d). A

summary of the dominant climatic driving factors with

the largest positive r value showed that precipitation is

the dominant control of GPP variability of 51% pixels.

In comparison, temperature and SWrad control 31%

pixels and 18% pixels, respectively.

Figure 10 shows the correlation analysis between

annual GPP series and climate variables for each cli-

mate zone of 1982–2011. Averaged over the whole

world, results showed that annual GPP was posi-

tively correlated with annual precipitation (r = 0.21),

whereas the r between annual GPP and temperature

and SWrad was only 0.04 and �0.02, respectively,

suggesting that the interannual variation in tempera-

ture and SWrad has limited effects on that in GPP

globally. However, the relationships between annual

GPP and climate variables vary greatly among cli-

mate zones. Precipitation was the major controlling

factor on interannual variation in GPP in arid/semi-

arid (r = 0.47) and temperate (r = 0.2) ecosystems,

whereas temperature showed significant (P < 0.05)

and positive correlation with GPP in polar/alpine

regions. Furthermore, in tropical regions, all climatic

variables (precipitation, temperature, and SWrad)

present negative correlation with GPP. This may

arise from the fact that nutrient availability acts as a

crucial role in promoting plant growth in areas

without water and temperature stresses (Donohue

et al., 2009; Yang et al., 2016a).

Response of GPP to climate. To investigate the response

of GPP to climate change, the sensitivity of GPP to cli-

mate change was quantified as the slope of the linear

regression function. It should be noted that only pixels

with significant r (P < 0.05) between GPP and climate

variables are considered in this analysis. As illustrated

in Fig. 11a, in general, an increase in annual precipita-

tion by 100 mm will result in an increase of

26 g C m�2 yr�1 in GPP with arid/semiarid regions

increasing 33 g C m�2 yr�1 compared to a decrease of

�9 g C m�2 yr�1 in the tropics. In comparison, an

increase in annual mean temperature by 1 °C will cause

a 13 g C m�2 yr�1 decrease in GPP (Fig. 11b). The

highest negative temperature sensitivity was observed

in tropical regions, with 1 °C increase in temperature

relating to 73 g C m�2 yr�1 decrease in GPP, followed

by 59 g C m�2 yr�1 in arid/semiarid and

6 g C m�2 yr�1 in temperate regions. However, for

other climate regions, an increase in annual mean tem-

perature by 1 °C in continental and polar/alpine

regions would lead to an increase in GPP by

18 g C m�2 yr�1 and 13 g C m�2 yr�1, respectively. In

comparison with precipitation and temperature, GPP

was correlated with SWrad at much fewer areas (9% of

pixels). Results showed that averaged over all climate

zones, an increase in annual SWrad by 100 MJ will

cause a 28 g C m�2 yr�1 decrease in GPP (Fig. 11c).

This overall negative sensitivity between SWrad and

GPP is largely driven by the arid/semiarid and temper-

ate regions (38 g C m�2 yr�1 and 25 g C m�2 yr�1

decrease in GPP by a 100 MJ increase in SWrad, respec-

tively), whereas GPP–SWrad relationship was found

positive. The highest positive SWrad sensitivity was

observed in tropics ((48 g C m�2 yr�1)/100 MJ), fol-

lowed in a descending order by polar/alpine
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((38 g C m�2 yr�1)/100 MJ) and continental areas

((9 g C m�2 yr�1)/100 MJ). Moreover, spatial variabil-

ity in each zone was also obvious as indicated by higher

standard deviation.

Because precipitation played an important role in

governing global GPP IAV, to further explore the GPP–
precipitation relationship at shorter time scale, we con-

ducted time lag analysis between precipitation and

GPP in month scale. Results showed that, for most

regions, the maximum correlation was obtained when

precipitation is concurrent with GPP or preceded GPP

by 1 month (Fig. 12). Larger time lags (lag ≥ 3 months)

corresponded to maximum correlations in the high lati-

tude of the NH, northern South America, and southern

China where temperature variation is the major driving

factor in these regions.

For individual climate zone, correlation coefficients

(r) varied considerably with different time lags

(Fig. 13). In tropics, time lag results showed that neg-

ative correlation was mostly strong when precipita-

tion was concurrent with GPP. This may stem from

the fact that tropical grasslands is primarily dis-

tributed in northern South America (as shown in

Fig. 2), where climate is characterized with high

annual precipitation. More precipitation would usu-

ally result in a reduction in incoming solar radiation

(Piao et al., 2014). Further support can be found in

the negative GPP–precipitation relationship (Fig. 10).

By contrast, in precipitation-dominated regions, that

is, continental, arid/semiarid, and temperature areas,

the maximum correlation was obtained when precipi-

tation preceded GPP by 1 month or was concurrent

with GPP (no time lag), indicating that grasslands in

these areas responded to precipitation were more

Fig. 9 Interannual partial correlation coefficients (r) between GPP and (a) precipitation; (b) mean air temperature; and (c) short-wave

radiation (SWrad) during the period 1982–2011. (d) Interannual variation in GPP of the dominant climatic driving factors with the lar-

gest positive r value. [Colour figure can be viewed at wileyonlinelibrary.com].

Fig. 10 Correlation coefficient (r) between GPP and precipita-

tion, temperature, and SWrad at the annual scale for individual

climate zone. [Colour figure can be viewed at wileyonlinelibrar-

y.com].
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rapid. Similarly, precipitation changes will greatly

influence carbon sequestration in these regions. As

for polar/alpine climate zones, the maximum correla-

tion coefficient was obtained when GPP preceded

precipitation two months (Fig. 13d). Regarding tem-

poral changes in the monthly GPP–precipitation rela-

tionship, all climate zones showed a relatively

constant correlation coefficient for the past 30 years.

Discussion

Comparison with other methods

Generally, the spatial distribution of MTE-GRASS GPP

is similar to JUNG11 (Fig. S3). However, this study

tends to underestimate GPP than JUNG11 in regions

with high latitudes or drier climate, particularly in cen-

tral Australia and Saudi Arabia where JUNG11 predicts

mean annual GPP of 100–300 g C m�2 yr-1, while MTE-

GRASS has weaker GPP, typically below 50 g C m�2

yr-1(Fig. S3a,b). This difference may result from grass-

land definition. Take Australia for an example, the

majority of areas in MTE-GRASS were covered by

grasses. In comparison, in JUNG11, besides grasslands,

about 40% of the land cover was defined as shrubs

(Jung et al., 2006), which generally has relatively higher

productivity than grasslands. Then again, the propor-

tion of grasslands in each pixel may also cause a dis-

crepancy. This could be further proved as follows. By

calculating the fraction of grasslands in each grid for

land cover map used in both MTE-GRASS and

JUNG11, we made a comparison when this fraction is

above 0.7, 0.8, 0.85, and 0.9, respectively. It was shown

that GPP from MTE-GRASS and JUNG11 tends to be

more consistent with higher proportion of grasslands

(Fig. S4). Another major reason may lie in the grassland

management intensity. In regions with relatively higher

intensity, for example, southwestern North America,

Central Europe, and China’s coastal regions, MTE-

GRASS usually produced lower GPP than that in

JUNG11 (Figs S1 and S3c). Overall, measured GPP from

eddy covariance flux agrees well with that from both

MTE-GRASS and JUNG11 (Fig. S5), showing that MTE

algorithm is feasible and able to reproduce the grass-

lands GPP. However, MTE-GRASS tends to have a rela-

tively greater index of agreement (IOA) (Willmott et al.,

1985), indicating that it is necessary to consider man-

agement intensity in estimating grasslands GPP.

Investigating changes in grassland GPP is of great

significance to better understanding of global carbon

cycle because this ecosystem is greatly sensitive to cli-

mate change and human activities (Scurlock & Hall,

1998; Knapp & Smith, 2001; Piao et al., 2007). At the glo-

bal scale, process-driven models provide an important

tool to estimate vegetation productivity. Nevertheless,

in addition to suffering from numbers of parameters

that are often not possible to obtain, most of these mod-

els failed to consider extreme climate and the vegeta-

tion productivity–climate feedbacks (Piao et al., 2014;

Smith et al., 2015). Alternatively, data-driven models

provide new insights into scientific research. With the

promotion of the global scientific programs, it has accu-

mulated abundant observation data, and scientific

Fig. 11 GPP sensitivity to (a) precipitation variability;

(b) temperature variability; and (c) SWrad variability in differ-

ent climate zones. [Colour figure can be viewed at

wileyonlinelibrary.com].

Fig. 12 Spatial distribution of time lag between precipitation

and GPP. Positive numbers in lag indicate that precipitation

precedes GPP. [Colour figure can be viewed at

wileyonlinelibrary.com].
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research has already entered an era of ‘Big data’. Under

this context, research methodology has been gradually

changed from hypothesis-driven into data-driven. A

report from National Research Council (2012) stated

that high-accuracy and high-stability observation data

are essential for better understanding of climate system

behavior, extreme events formation mechanism, and

long-term trend of climate change. Among several

data-driven methods, MTE, which uses observed flux

data as training sample, has an obvious advantage in

mining data relations and provides a feasible and better

way to capture the actual details of global grassland

productivity.

Distribution of grassland GPP

At the global scale, the spatial gradient of vegetation

productivity was primarily limited by suboptimum cli-

matic conditions such as insufficient precipitation,

lower temperature, and cloudiness (Nemani et al., 2003;

Anav et al., 2015). Indeed, our results showed that low-

productivity grassland ecosystems mainly correspond

to cold regions with negative mean annual temperature

ranging from 0 to �20 °C, or arid/semiarid areas

where the evaporative demand greatly exceeded the

amount of annual precipitation as a result of high tem-

perature (above 25 °C). By contrast, higher productivity

(>1500 g C m�2 yr�1) was generally found in tropics

followed by humid temperate areas (Fig. 5) where the

climatic condition is featured by sufficient precipitation

(>1200 mm yr�1), warm temperature (ranging between

20 and 30 °C), and moderate radiation (6000–
7000 MJ yr�1).

Water resources is a dominant control on plant

growth and production, and the availability of which

influences more than half of the primary production of

the world’s terrestrial ecosystem (Heimann & Reich-

stein, 2008). At the continental scale (North America),

aboveground net primary production (ANPP) is

detected strongly correlated with annual precipitation

with a R2 of 0.55 (Knapp & Smith, 2001). Similarly,

Nemani et al. (2003) showed that water availability

most strongly limits vegetation productivity over 40%

of the world vegetation. However, the relationship

between precipitation and vegetation production was

much stronger in grassland ecosystems. By regression

Fig. 13 Windowed cross-correlations between monthly GPP and precipitation anomalies over different climate zones. Positive

numbers in lag indicate that precipitation precedes GPP. The inset on the right shows the average correlation coefficients of each lag.

[Colour figure can be viewed at wileyonlinelibrary.com].
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annual GPP against annual precipitation across all cli-

mate zones, we found that 71% of the spatial variability

in annual GPP can be explained by that in precipitation

(Fig. S6), which was partially supported by work based

on long-term data from the Inner Mongolia steppe

region (Bai et al., 2008) and by analysis of 9500 sites

data from the central United States (Sala et al., 1988),

suggesting the overwhelming importance of water

availability as a control on grassland productivity. This

can be explained by the fact that about 62% of grass-

lands were distributed in arid/semiarid zones (Fig. 2),

where moisture availability is commonly recognized as

a primary resource limiting terrestrial biological activ-

ity (Huxman et al., 2004; Biederman et al., 2016).

Changes in grassland GPP

As stated earlier, terrestrial GPP of global grasslands

increased at an annual rate of 0.023 Pg C y�1 for the

past 30 years, of which the trend is dominated by arid/

semiarid ecosystems (54%), being consistent with a

recent work by Ahlstr€om et al. (2015). However, our

study further found that this dominated role was also

in all seasons (except for JJA), especially in summer of

the SH (Fig. 8j). This situation is also exemplified by the

vast inland regions of Australia, the driest inhabited

continent. Many researches have pointed that Australia

experienced an increase in greenness derived from

satellite remote sensing over recent decades (Donohue

et al., 2009; Fensholt et al., 2012). It could be explained

that GPP had significant positive correlations with total

precipitation, and a wet trend over the past three dec-

ades increased GPP in these regions (Figs 10 and S7a,

e). Besides, altered precipitation frequency and inten-

sity may also be responsible for the greening trend in

arid/semiarid regions (Donohue et al., 2009).

In the last 30 years, global grasslands GPP does not

show a monotonic trend, with two jumps in 1997 and

2010 (Fig. 7), a 4.4% and 5.9% increase compared to the

1982–2011 mean annual GPP, respectively. More than

61% (60%) of the grasslands worldwide experienced

positive annual GPP anomalies in 1997 (2010). As

shown in Fig. 14, almost the whole North America,

most of China, eastern Siberia, and eastern Australia

had a positive increase in GPP of more than 1.5 stan-

dard deviations, and even larger in 2010 (Fig. 14b). The

positive anomaly of GPP over the high latitude in

North America and eastern Siberia may be associated

with the warming temperature (Fig. S8c,d). By contrast,

the other areas with increased GPP could be ascribed to

the increased precipitation (Fig. S8a,b). Further investi-

gation suggests that about half of the global GPP

anomalies could be explained by just arid/semiarid

regions (Table S5). Seasonal GPP anomalies in 1997

(2010) over these regions ranged from 8.7% (15.5%) in

MAM, 2.3% (11.1%) in JJA, and 17.1% (17.1%) in SON

to 24.7% (22.4%) in DJF, with almost all anomalies

being prominent extremes compared with a 2.6–6.8%
(5.6–11.7%) interannual variability over the past

30 years. Obviously, 38% (43%) of the pixel in the arid/

semiarid ecosystems experienced positive annual GPP

anomalies in 1997 (2010) of more than 3 standard devia-

tions. These large positive grassland GPP anomalies in

these regions in 2010, especially in Australia, can be

attributed to an expected consequence of the response

of drought-adapted vegetation to a strong rainfall pulse

in the preceding year (Haverd et al., 2016), which is

related to La Ni~na events characterized by intense and

abundant rainfall. For example, northeastern Australia

2010/2011 rainfall was 84% above average in response

to 2010/2011 La Ni~na events (Ummenhofer et al., 2015).

In addition, our analysis showed that global GPP

IAV is largely driven by arid/semiarid ecosystem

which is very sensitive to precipitation variations

(Figs 8 and 11a). These findings partly support the

results of previous study by Ahlstr€om et al. (2015), who

found that the GPP anomalies of semiarid ecosystems

alone contribute to 39% in LPJ-GUESS and a median of

65% in the TRENDY model ensemble to global NBP

(net biome production) IAV. Likewise, a recent study

found that the global carbon sink anomaly of 2011 was

driven by growth of semiarid vegetation in the South-

ern Hemisphere (Poulter et al., 2014). Compared with

the previous research, our study further revealed that

arid/semiarid ecosystems dominated the variability of

the GPP for all seasons, suggesting that this ecosystem

has becoming an important driver of global carbon

cycle interannual variation. Such a dominated role may

result from the fact that variability of temperature and

SWrad is generally far lower than that of precipitation

at the annual scale (Fig. S9); therefore, temperature-con-

trolled and SWrad-controlled GPP variability regions

have lower GPP IAV (Fig. 8a,f). On the other hand,

most of these regions either have high biological activ-

ity with small areas or have high biological activity

with large areas but with low productivity (tundra

ecosystem). By contrast, in the arid/semiarid regions

that are dominated by precipitation, GPP has larger

variability due to the larger variation in precipitation.

Although evidences from both flux tower and field

experiment have shown that precipitation is the domi-

nant climatic driver of global grassland ecosystems

(Merbold et al., 2009; Cherwin & Knapp, 2012), our

study highlights that temperature and radiation

together shared half of the world grassland GPP vari-

ability (Fig. 9d). However, compared with precipita-

tion, the impact of temperature on vegetation has been

mixed with positive effect, negative effect, and little

© 2017 John Wiley & Sons Ltd, Global Change Biology, 23, 2720–2742
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effect depending on geographical position (Piao et al.,

2008; Fay et al., 2011). For example, summer warming

might be favorable for vegetation growth in arctic

regions (Figs 6c, 9d and S7 h), while negative in tem-

perate and arid/semiarid areas where soil moisture

limitations prevail (Ciais et al., 2005; Wolf et al., 2016),

owing to higher atmospheric water demand (i.e., higher

potential evapotranspiration), which requires more soil

water to support vegetation growth. The pattern of

trend in GPP during JJA presents high spatial hetero-

geneity, particularly in the NH, with the largest

decreasing trends in eastern Europe and Central Asia

(Fig. 6c). This decline in GPP can be ascribed to the

increased water stress from increased temperature and

decreased precipitation (Figs S7c and 7h), which is

partly in line with previous studies in which current

decrease in vegetation productivity observed across the

NH is due to recent hotter and drier summer climate

(Angert et al., 2005; Park & Sohn, 2010).

The interannual variability of vegetation productivity

may be caused by both climate change and ecosystem

responses (Zhang et al., 2016). Ecosystem adaptation to

altered climatic availability may change the sensitivity

of vegetation productivity to temporal variation in cli-

mate change (Biederman et al., 2016). For example,

Marcolla et al. (2011) determined that alpine mea-

dow has the ability to acclimatize and to limit the

IAV of carbon fluxes induced by climate variability.

Likely, Piao et al. (2014) reported that the relationship

between interannual variability of northern vegetation

activity and temperature greatly declined over the

recent 30 years. However, our result shows that, at the

monthly scale, all regions have a relatively unchanged

relationship between GPP and precipitation during the

study period (Fig. 13), indicating that the impact of

water availability on grassland GPP is almost constant

throughout the 30 years. Moreover, the maximum cor-

relation coefficient was found when GPP preceded pre-

cipitation two months in polar/alpine climate zones

(Fig. 13e). These regions are featured by cold climate;

average annual temperature is below �15 °C (Fig. S2),

and thus, temperature dominated the variation in GPP.

The current year precipitation (July to September) will

be quickly frozen and could not be used for vegetation

growth. Once temperature exceeds zero °C (around

July), the frozen water starts to thaw and therefore pro-

vides water for vegetation use in the next year.

Implications for carbon cycle

The concentration of global atmospheric CO2 has

increased by nearly 100 ppm over the last 150 years, an

increase of ~35% above the preindustry (Raupach et al.,

2007). Only less than half of the anthropogenic CO2

emissions remained in the atmosphere, while the rest

was absorbed by the oceans (29%) and terrestrial (26%)

biosphere (Le Quere et al., 2009). The growth rate of

atmospheric CO2 was found to be paused since the start

of the twenty-first century, which is primarily associ-

ated with increases in the terrestrial sink induced by

the combined effect of CO2 fertilization effect and the

retarded rate of warming on global respiration (Keenan

et al., 2016). As a critical component of the terrestrial

ecosystem, grassland ecosystems play an important

role in regulating the terrestrial carbon cycle and the

climate system. Grassland GPP from MTE-GRASS has

increased over the past several decades, implying that

this ecosystem has become important sinks for atmo-

spheric CO2 to some extent. In comparison with the

global terrestrial ecosystem average, our estimated GPP

increasing trend is much higher (0.2% vs. 0.07%), sug-

gesting that grassland has been playing an ever-increas-

ing role in global carbon sequestration.

Another important finding of this study is that the

trend of global GPP was dominated by arid/semiarid

regions, which are often considered to be fragile and

sensitive to strong interactions between human activi-

ties and climate changes (Kaptu�e et al., 2015). The

Fig. 14 Spatial distributions of standardized anomalies (anomalies/standard deviation) of grassland GPP in (a) 1997 and (b) 2010. The

anomalies are with respect to the period of 1982–2011 long-term annual average. [Colour figure can be viewed at wileyonlinelibrary.com].
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desertification of global drylands mainly came from

livestock (Mabbutt, 1984), while some other studies

concluded that drought rather than grazing is responsi-

ble for the land degradation of the Sahara (Nicholson

et al., 2010). Anyhow, in some sense, the increase in

productivity of these dry regions can enhance livestock

carrying capacities, and thus, it can greatly strengthen

the social system stability. However, the variability of

global grassland GPP was mainly controlled by arid/

semiarid regions, implying a high susceptibility of

grassland ecosystems productivity to projected changes

in precipitation over the twenty-first century (Intergov-

ernmental Panel on Climate Change, 2007, 2013).

Uncertainties of GPP estimation

To our best knowledge, in current MTE models, the

information of management activities was only

reflected by satellite greenness data (e.g., normalized

difference vegetation index (NDVI)), which may not

exactly simulate the actual grassland productivity. To

that end, we trained a new model, MTE-GRASS, with

two critical grassland management practices being con-

sidered. This model performs well with observed GPP,

especially in temperate and continental regions

(Fig. 4b,c). However, it is worthwhile to further analyze

the uncertainties in MTE-GRASS GPP. A core limitation

in the MTE method is that it has a low capacity in

extrapolating to completely different environmental

conditions, and depends on the availability of sufficient

data (Beer et al., 2010). Therefore, additional data espe-

cially in Australia, Africa, and tundra regions should

be further collected and produce more robust map for

global grassland GPP in the future. On the other hand,

site-specific information such as soil properties, topog-

raphy, nutrient availability, and grass species is not

taken into consideration in the MTE-GRASS, which

reduces its ability to capture the actual details of the

spatial distribution of grassland productivity (Chang

et al., 2015b). In addition, as discussed by Jung et al.

(2009) and Piao et al. (2013), variables that reflect the

trends in climate, rather than mean climate, could be

considered as additional predictors in the future.

Another important limitation in the MTE-GRASS

may be that this model assumes CO2 level constant.

CO2 is a primary substrate for photosynthesis for all

terrestrial higher plants, and the increased atmospheric

CO2 concentration has been verified as having a fertil-

ization effect on photosynthesis (Donohue et al., 2013;

Yang et al., 2016b) and influences the GPP estimation to

some extent. It was reported that global emission of

CO2 from fossil fuel combustion and cement produc-

tion has continued to grow by 2.5% per year on average

over the past decade, and will exceed 700 mol mol�1

by 2100 (Watson et al., 1990; Friedlingstein et al., 2014).

Although this CO2 fertilization effect can be partly

reflected through remotely sensed fPAR, the underlying

mechanism may be complex given the interactions

between climate, vegetation, and soil moisture condi-

tions (Donohue et al., 2013). Therefore, CO2 fertilization

effect should be included in future training.

Uncertainties also come from the grassland map. With

regard to the economy and public awareness develop-

ment, grassland area may increase from large-scale eco-

logical restoration (e.g., The Grain-for-Green project in

China). However, because we do not have access to

grassland maps of equal quality and accuracy for the

entire study period, it is assumed that the distribution of

grassland is constant in our study, which may be another

type of uncertainties in the estimation of GPP.
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Supporting Information

Additional Supporting Information may be found in the online version of this article:

Data S1 Statistical Analysis Methods.
Table S1. Five climate zones according to K€oppen-Geiger climate classification.
Table S2. Descriptions of 45 grassland sites trained in this study, including site number (No.), site ID, country, latitude (Lat), longi-
tude (Lon), elevation (m), climate zone (K€oppen-Geiger climate classification), and management intensity. Climate zone 1–4 repre-
sent tropical, arid/semiarid, temperate and continental climate, respectively.
Table S3. Descriptions of the flux sites validated in this study, including site number (No.), site ID, climate zone (K€oppen-Geiger
climate classification), slope of regression (a), linear regression intercept (b), modeling efficiency (NSE), determine coefficient of
determination (R2), root mean square error (RMSE) and the bias (defined as modeled mean minus observed mean). Climate zone 2–
4 represent arid/semiarid, temperate and continental climate, respectively.
Table S4. Statistic summary of the percentages of pixels showing trends in annual and seasonal GPP. Significant level is 95%.
Table S5. GPP anomalies (Pg C yr�1) for each climate zone. The annual GPP anomalies for 1997 and 2010 are calculated relative to
the period 1982–2011. GPP anomalies in the arid/semiarid regions are provided in bold text.
Figure S1. Spatial distribution of global grassland management intensity (1982–2011).
Figure S2. Spatial distributions of annual and seasonal (a-e) precipitation, (f-j) temperature and (k-o) short wave radiation (SWrad)
for grasslands.
Figure S3. Spatial distribution of (a): MTE-GRASS GPP, (b) JUNG11 GPP, and (c) relative discrepancy between them expressed as
(MTE-GRASS-JUNG11)/JUNG11 (%) during the period 1982–2011.
Figure S4. Comparison between MTE-GRASS and JUNG11 monthly GPP of grasslands. Each point represents averaged GPP during
the period 1982–2011. 0.9, 0.85, 0.8 and 0.7 refer to the fractions of global grasslands of each grid, respectively (0.5° spatial resolu-
tion).
Figure S5. Index of agreement (IOA) for GPP between observation and simulation by JUNG11 and MTE-GRASS at 33 grassland
sites. IOA varies from 0.0 to 1.0, with higher values indicating better model-data agreement.
Figure S6. Relationship between average annual precipitation and average annual GPP for global grasslands.
Figure S7. Spatial distributions of annual and seasonal trends in (a-e) precipitation, (f-j) temperature, and (k-o) SWrad during the
period 1982–2011.
Figure S8. Spatial distributions of anomalies of (a and b) precipitation, (c and d) temperature, and (e and f) SWrad in 1997 and 2010.
Figure S9. Spatial distributions of the coefficient of variation (CV) in (a) precipitation, (b) temperature, and (c) SWrad of the global
grasslands.
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