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Abstract Terrestrial gross primary production (GPP) is the largest carbon flux entering the biosphere
from the atmosphere, which serves as a key driver of global carbon cycle and provides essential matter
and energy for life on land. However, terrestrial GPP variability is still poorly understood and difficult to
predict, especially at the annual scale. As a major internal climate oscillation, El Niño‐Southern Oscillation
(ENSO) influences global climate patterns and thus may strongly alter interannual terrestrial GPP variation.
Using a remote sensing‐driven ecosystem model with long‐term satellite and climate data, we
comprehensively examined the impacts of ENSO on global GPP dynamics from 1982 to 2016, focusing on lag
effects of ENSO and their spatial heterogeneity. We found a clear seasonal lag effect of previous‐year ENSO
indices on current‐year global GPP variability. The composite Oceanic Niño Index in the previous‐year's
August‐October showed the strongest correlation with global annual GPP (R = −0.51, p < 0.01). Spatially,
20.1% and 11.7% of vegetated land area showed significant negative and positive correlations with the
ENSO cycle, respectively. ENSO effects on annual GPP exhibited diverse seasonal evolutions, and the
timings of peak ENSO influences were heterogeneous across the globe. Annual GPP from TRENDY land
surface model ensemble did not capture the major lag effects of ENSO identified in the satellite‐derived
GPP and top‐down‐based land sink. Despite the complexity of the climate system, our efforts linking ENSO
with global GPP dynamics provide a simple framework to understand and project climatic influences
on the terrestrial carbon cycle.

1. Introduction

Terrestrial gross primary production (GPP) quantifies the total amount of carbon fixed by plants from the
atmosphere through photosynthesis (Running et al., 2004). As the largest carbon flux entering the biosphere,
terrestrial GPP serves as a major driver of the global carbon cycle (Beer et al., 2010) and a key mechanism to
partially offset anthropogenic CO2 emissions (Houghton, 2007). In addition, terrestrial GPP provides
essential matter and energy for all ecosystems (Chapin et al., 2002), supporting the base of the terrestrial food
chain (Waring & Running, 2010). However, global terrestrial GPP is still one of the most uncertain variables
in Earth's carbon budget (Le Quéré et al., 2018; Running et al., 2004), particularly the dynamics and drivers
of its interannual variability (Anav et al., 2015; Campbell et al., 2017; Jung et al., 2017; Luo et al., 2015;
Welp et al., 2011).

The El Niño‐Southern Oscillation (ENSO) is the periodic fluctuation between anomalously warm (El Niño)
and cold (La Niña) sea surface temperatures (SSTs) in the tropical Pacific driven by interactions between
atmospheric and oceanic circulations (McPhaden et al., 2006). Coupled with tropical atmospheric
circulations and other pervasive teleconnections (Wang & Picaut, 2004), ENSO exerts a major influence
on climate patterns across the world (McPhaden et al., 2006). During El Niño events, most of Earth's land
surface tends to be much warmer and drier than normal, particularly in tropical regions (Dai & Wigley,
2000). Other regions, such as western North America (Ropelewski & Halpert, 1986) and East Asia (Wu
et al., 2003), tend to be cooler and wetter. La Niña generally shows opposite influences on surface climate
(Diaz et al., 2001). Overall, climate influences of ENSO vary regionally and depend on the strength and
timing of SST anomalies (Dai & Wigley, 2000; Diaz et al., 2001). Given that El Niño and La Niña recur
periodically (usually every 2 to 7 years), the global climate variability induced by ENSO could strongly
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shape terrestrial GPP dynamics and appears to be a major source of interannual GPP variability (Hashimoto
et al., 2004; Jones et al., 2001).

In general, global GPP tends to be lower than normal during El Niño years (Bastos et al., 2018), and vice
versa in La Niña years (Bastos et al., 2013). However, the heterogeneous relationships between climate varia-
bility induced by ENSO and terrestrial ecosystem productivity, especially regarding the extent, amplitude,
and underlying mechanisms, are still not well understood (Gonsamo et al., 2016; Wang et al., 2018; Zhu
et al., 2017). Previous studies have been largely conducted at regional (Dannenberg et al., 2015; Moore
et al., 2018; Parazoo et al., 2015) or continental scales (Baker et al., 2010; Ciais et al., 2009; Zhang et al.,
2017). Global‐scale studies were mainly based on the short MODIS record (Bastos et al., 2013; Luo et al.,
2018), only normalized difference vegetation index rather than estimated GPP (Gonsamo et al., 2016;
Kogan & Guo, 2017), or solely based on modeled results with no remote sensing inputs (Ahlström et al.,
2015; Zhu et al., 2017). Some global‐scale studies based on various sources of GPP models were mainly
focused on only a small sample of El Niño/La Niña events (Bastos et al., 2018; Wang et al., 2018). In addition,
most of these studies investigated ENSO influences with either a fixed ENSO period (typically during north-
ern hemisphere winter) or with lag effects that were fixed at a few equal‐interval periods (e.g., 3 or 6 months;
Gonsamo et al., 2016; Zhu et al., 2017).

Coupling ecosystem models and remotely sensed observations, each with complementary strengths and
weaknesses, provides a promising way to explore global GPP dynamics and its linkage with ENSO (Anav
et al., 2015; Beer et al., 2010). The Advanced Very High Resolution Radiometer (AVHRR) sensors onboard
the National Oceanic and Atmospheric Administration (NOAA) satellite series provide the longest contin-
uous spectral measurements on the land surface since 1981 (Pettorelli et al., 2005). Based on the combined
use of long‐term AVHRR data (Zhu et al., 2013) and a newly developed ecosystemmodel (Zhang et al., 2016;
Zhang et al., 2019), we comprehensively examined the impacts of ENSO on global GPP dynamics from 1982
to 2016. The specific aims of our study are (1) to explore the time‐lag effect of ENSO on annual GPP variation
and its spatial heterogeneity, (2) to quantify how the diverse GPP responses to ENSO across climatic zones
determined the global GPP anomaly, and (3) to test if land surface models without remote sensing inputs
(i.e., TRENDY) showed comparable ENSO effects on global GPP as the remote sensing‐driven model. Our
study linking the ENSO cycle to spatiotemporal variations of GPP could improve our understanding of inter-
annual variability and climatic drivers of global GPP, potentially leading to improvements of both short‐term
forecasts of vegetation productivity and longer‐term projections of climatic influences on the carbon cycle.

2. Data and Methods
2.1. Teleconnection Indices

SST anomalies over the tropical Pacific Ocean are usually used to quantify the state of ENSO. In this study,
we constructed an Oceanic Niño Index (ONI; https://ggweather.com/enso/oni.htm) as the 3‐month running
mean SST anomaly for the Niño 3.4 region (i.e., 5° N–5° S, 120–170° W). We first obtained the original
monthly SST values from NOAA's Extended Reconstructed Sea Surface Temperature (ERSST) V5 data set
over this region from 1980 to 2016. To better reflect interannual ENSO variability, we detrended themonthly
ONI by removing the mean seasonal cycles and long‐term trends and then calculated the 3‐month running
mean ONI anomalies during the study period.

In addition to ENSO, previous studies have shown that the Atlantic Multidecadal Oscillation (AMO) and
Pacific Decadal Oscillation (PDO) can also influence land surface climate (Wise, 2010) and global carbon
fluxes (Zhu et al., 2017). Therefore, we also included these two teleconnection patterns in our study. The
monthly indices for AMO and PDO from 1980 to 2016 were downloaded from NOAA (http://esrl.noaa.
gov/psd/) and the University of Washington (http://research.jisao.washington.edu/pdo/), respectively.
Given that PDO and AMO have already been detrended, we simply constructed their 3‐month running
means similar with ONI.

2.2. Global GPP Data Set

We estimated terrestrial GPP based on a newly developed ecosystem model, the Coupled Carbon and Water
(CCW)model (Zhang et al., 2016; Zhang et al., 2019). This model estimates GPP based on light‐use efficiency
theory and accounts for biome‐specific environmental constraints, such as low/high temperature, moisture
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stress, and light saturation. Using the up‐to‐date global eddy covariance flux tower data (i.e.,
FLUXNET2015), the version of CCW used in this study has been comprehensively calibrated and evaluated
and can be effectively applied over large scales (Zhang et al., 2019).

Based on CCW, we estimated global GPP at a monthly scale with a spatial resolution of 1/12° from 1982 to
2016. Global inputs for CCW included monthly fraction of photosynthetically absorbed radiation (FPAR)
derived from AVHRR GIMMS NDVI3g based on an artificial neural network (Zhu et al., 2013), land use
and land cover data from MODIS (2001; Friedl et al., 2002), and climate data (i.e., solar radiation, air tem-
perature, and vapor pressure deficit [VPD]) from CRU‐NCEP (Viovy, 2018). The GIMMS leaf area index
(LAI; Zhu et al., 2013) and CRU‐NCEP precipitation (Viovy, 2018) were also used for subsequent analyses.
To match the spatial resolution of the GIMMS FPAR3g, we rescaled the 0.5° CRU‐NCEP data using bilinear
interpolation and aggregated the 1‐kmMODIS land cover data based on themajority rule in each 1/12° pixel.

To compare our results with other global GPP models, we used global GPP simulations during the study per-
iod from 16 land surface models in the TRENDY V6 ensemble (Bastos et al., 2018; Sitch et al., 2015). The
selected models are shown in supporting information Table S1. We also derived annual land carbon sink
during the same period using a top‐down approach, that is, the balance of atmospheric CO2 growth rate,
CO2 emissions from fossil fuel combustion and land use change, and ocean carbon sink from the Global
Carbon Budget 2017 (Le Quéré et al., 2018).

2.3. Analysis Methods

To separate the net effect of climate variations from other long‐term factors, such as atmospheric CO2

fertilization, nitrogen deposition, and land use change, we detrended all the annual data including GPP,
greenness indicators (FPAR and LAI), and climate at the pixel level by removing their long‐term linear
trends. We then examined the seasonal patterns of ENSO influences on annual GPP anomalies using corre-
lation analysis. Pearson's correlation coefficients were calculated between annual GPP and the 3‐month run-
ning means of ONI during the 24‐month period starting from the previous calendar year through the current
calendar year (hereafter the month of ONI is referred to as the “ending month”: e.g., ONI in September is the
composite ONI from July to September). The time of strongest ENSO influence on annual GPP (hereafter
referred to as “peak time”) was identified by the maximum correlation coefficient (hereafter referred to as
“peak correlation”) both at the global and pixel scales. To identify the likely proximate drivers of ENSO influ-
ences at the peak time, we also calculated the correlations between ONI and potential GPP derivers (i.e.,
climate, LAI, and FPAR). To better reflect the seasonal evolution of ENSO effects on GPP at the plot level,
we randomly selected 14 sites across different climate zones in both hemispheres (Figure S1 and Table S2).

To identify the major El Niño and La Niña years, we calculated annual integrated ONI from July in the
previous year to May in the current year when ENSO signals showed significant correlations with global
GPP (p < 0.05; shown in section 3.1). We identified five La Niña years with annual ONI < −1.0 (i.e., 1989,
1999, 2000, 2008, and 2011) and four El Niño years with annual ONI > 1.0 (i.e., 1983, 1992, 1998, and
2016), all of which were labeled as “strong” or “very strong” ENSO events according to NOAA's classification
(https://ggweather.com/enso/oni.htm). We then calculated multiyear averaged GPP anomalies from all
those major El Niño and La Niña years and then compared their spatial patterns.

To compare the results based on the CCWmodel, we conducted similar correlation analyses on lag effects of
ENSO on global annual GPP from the TRENDY ensemble and land carbon sink fromGlobal Carbon Budget.
To control the potential effects of PDO and AMO, we further repeated the lag effect analysis for global
annual GPP from both CCW and TRENDY and land sink using partial correlation analyses (dependent fac-
tor: GPP/land sink; independent factor: ONI; control factors: PDO and AMO).

3. Results
3.1. Long‐Term GPP Dynamics Linked With ENSO

Global detrended GPP from CCW showed considerable variability with a standard deviation (SD) of 1.66 Pg
C/year from 1982 to 2016 (Figure 1a). Positive anomalies of annual GPP were registered in all five strong La
Niña years (1989, 1999, 2000, 2008, and 2011), while negative GPP anomalies appeared in two (1983 and
2016) of four strong El Niño years. In the strong El Niño year of 1998, annual GPP was slightly above aver-
age, but this still represented a large reduction compared to the previous year (−1.73 Pg C/year or −87.8%).
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Overall, the strong El Niño year of 1983 corresponded to the highest negative GPP anomaly (−3.75 Pg C/year
or −2.3 SD), while the strong La Niña year of 1989 was linked with the second largest positive GPP anomaly
(i.e., 2.43 Pg C/year or +1.5 SD). Notably, the CCW‐modeled global GPP also showed a significant
correlation with land carbon sink data during the study period (R = 0.42; p < 0.01; Figure 1a), which
appeared to have a similar association with El Niño and La Niña events (Figure 1a).

3.2. Lag Effects of ENSO on Global GPP Variability

ENSO showed a clear lag effect on global annual GPP variability from the previous year to the current year
(Figure 1b). The correlation between ONI and annual GPP appeared to be significantly negative (p < 0.05)
starting in July of the previous year. After that, the strength of the correlation soon reached its peak in
October of the previous year (R = −0.51, p < 0.01) and stayed nearly stable until March of the current year.
After that, the correlation strength started to sharply decrease, becoming insignificant in June of the current
year. A similar ENSO influence but with an opposite sign was found in both global annual air temperature
(highest R = 0.60, p < 0.01) and VPD (highest R = 0.53, p < 0.01). Interestingly, annual total precipitation
appeared to be most strongly associated with ONI in July of the current year, absent of the lag effect seen
in GPP. ENSO signals did not significantly correlate with global total surface radiation. During the study per-
iod, ENSO showed similar but slightly stronger significant effects on land carbon sink when compared with
GPP (Figure 1b).

3.3. Spatial Heterogeneity of ENSO Effects on GPP

Based on the seasonal evolution of ENSO effects (Figure S2), we derived the spatial pattern of the peak cor-
relation between the annual GPP and monthly composite ONI during the previous year to current year
(Figure 2a). Annual GPP showed diverse responses to ENSO signals across different regions. Strong negative
correlations between ONI and GPP (p< 0.05) were mainly observed in the tropics and southern hemisphere,

Figure 1. Interannual variability of global carbon fluxes linked with El Niño‐Southern Oscillation from 1982 to 2016 (a) and lag effects of El Niño‐Southern
Oscillation on global carbon fluxes and climate variables (b). Annual ONI in (a) is the annual mean of monthly ONI from preceding July to current May,
shown with a reversed axis. Red bars represent strong El Niño years with ONI > 1, while blue bars represent strong La Niña years with ONI < −1. Annul GPP here
was simulated by the CCWmodel while land carbon sink from Global Carbon Budget. The correlations in (b) represent Pearson correlation coefficients of 3‐month
average ONI from the previous to current years with other current annual climate variables, such as RAD, TMP, PRCP, and VPD. Two horizontal dotted
gray lines indicate the 95% significance level. RAD = radiation; TMP = air temperature; PRCP = precipitation; VPD = vapor pressure deficit; ONI = Oceanic Niño
Index; GPP = gross primary production.
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particularly in Africa, Australia, central South America, and south Asia, while strong positive correlations
(p < 0.05) were mostly clustered in midlatitude northern hemisphere such as central and western North
America, central Asia, and southern China. Globally, 20.1% of land vegetated area exhibited significant
negative linkage with ONI, composed of arid (7.0%), tropical (6.6%), boreal (3.8%), and temperate (2.7%)
zones. By comparison, 11.7% of land area showed significant positive ONI linkage, composed of arid
(3.9%), temperate (3.2%), boreal (3.0%), and tropical (1.5%) zones.

The time corresponding to the peak correlation (or peak time) showed a heterogeneous spatial pattern
(Figure 2b). Peak time in the previous year suggests a strong lag effect of ENSO on annual GPP. These
regions accounted for 41% of the total land area with significant correlations (p < 0.05), which mainly
occurred in the tropical regions, central Asian, and northern Australia. Peak time in the current year indi-
cates a more synchronous coupling of ENSO with GPP. This pattern occurred throughout much of the tem-
perate, arid, and boreal regions. Overall, the ONI signals of the current year's March‐May and previous year's
September‐November were two major seasons with the strongest correlations with the annual GPP, which
accounted for 22% and 16% of the total significant land area (p < 0.05; Figure S3), respectively. However, the
typical northern hemisphere “winter” season (i.e., December‐February) was only responsible for 8% of the
total significant peak correlations (Figure S3), which mainly appeared in central tropics and parts of

Figure 2. Spatial patterns of El Niño‐Southern Oscillation effects on annual GPP variability in terms of the peak
correlation (a) and the corresponding time (b). The legends Sig ++ and Sig −− in (a) indicate significant positive and
negative correlations (p < 0.05), respectively, while Sig + and Sig − represent nonsignificant correlations (p > 0.05).
ONI = Oceanic Niño Index; GPP = gross primary production.

10.1029/2019JG005117Journal of Geophysical Research: Biogeosciences

ZHANG ET AL. 2423



arid/semiarid regions. Of note, about 7% of the total significant peak correlations occurred at the end of the
current year (i.e., December), which were mainly seen in the southern Australia and represented
synchronous coupling of the ENSO system with the southern hemisphere growing season.

The seasonal evolution of ENSO effects on GPP was more diverse at the plot scale (Figure 3). The randomly
selected 14 sites across different climate zones and vegetation types (Figure 2b and Table S2) exhibited quite
different seasonal trajectories and peak time in their linkage between ENSO and GPP (Figure 3). For exam-
ple, two tropical sites in Asia (S13 and S14) showed the same peak time but opposite seasonal trajectories. In
contrast, two tropical sites in South America (S3 and S4) showed similar seasonal trajectories but quite
different peak times. Other pairs of arid sites (S2 and S7), boreal sites (S1 and S11), and temperate sites
(S10 and S12) all showed different seasonal trajectories with different peak times.

3.4. Underlying Mechanisms of ENSO Effects on GPP

ENSO was intrinsically linked with GPP through its effects on surface climate variability and canopy struc-
tural change (Figures 3 and 4). At the peak correlation time with GPP, the ONI showed significant correla-
tions with annual total surface radiation, air temperature, and total precipitation over 10.2%, 24.8%, and

Figure 3. Seasonal evolution of El Niño‐Southern Oscillation effects on annual GPP in terms of correlation at randomly selected sites. The red vertical line indicates
the peak correlation during the previous to current years. The location of each site was shown in Figure 2b. Other site information including climate zones
and biome types were seen in Table S2. Two horizontal dotted lines indicate the 95% significance level. GPP = gross primary production; RAD = radiation;
TMP = air temperature; PRE = precipitation; VPD = vapor pressure deficit; LAI = leaf area index.
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18.4% of global vegetated area, respectively (Figure 4). ENSO‐induced variability in temperature and
precipitation further affected annual VPD variations over 21.2% of land area (Figure S4). As a result,
14.3% of land area exhibited significant correlations between ONI and annual mean LAI (Figure 4d),
which further determined the potential rate of photosynthesis through FPAR (Figure S4). Overall, ENSO‐
induced climate and canopy structure changes occurred over 47.5% of vegetated land area (Figure 4e), of
which 55.5% were identified to directly influence annual GPP variability (Figure 4f). Among those major
GPP influencing factors, the composite ONI tended to positively correlate with annual temperature (10.2%
of total area) but negatively correlate with annual precipitation (3.5% of total area) and LAI (4.2% of total
area; Figure 4f).

3.5. Average GPP Anomalies in El Niño and La Niña Years

Multiyear averaged GPP anomalies (Figure 5) were derived from all strong El Niño and La Niña years
(Figure S5). As expected, annual GPP anomalies showed quite different spatial patterns in the two events,

Figure 4. Spatial patterns of El Niño‐Southern Oscillation effects on climate variables and greenness index at the peak time (Figure 2). Climate variables included
(a) annual total surface RAD, (b) surface TMP, and (c) surface total PRE. The legends Sig ++ and Sig −− in (a)–(d) indicate significantly positive and negative
correlations with p < 0.05, respectively, while Sig + and Sig − insignificantly correlations with p > 0.05. Major factors in (e) were identified by comparing corre-
lations of Oceanic Niño Index with factors in (a)–(d). The insignificant correlations in (e) were masked as gray color. According to insignificant El Niño‐Southern
Oscillation influences in Figure 2a, major factors in (e) were further masked to yield the subfigure in (f). The values in legend parentheses in (e) and (f) show the
area relative to total vegetated land area. RAD = radiation; TMP = air temperature; PRE = precipitation; VPD = vapor pressure deficit; LAI = leaf area index.
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and the identified strong ENSO effect regions (Sig ++ and Sig−− seen in Figure 2a) tended to exhibit higher
GPP fluctuations (Figure 5). For the El Niño years, the negative and positive ENSO effect areas, respectively,
showed total GPP anomalies of−1.62 and 0.54 Pg C/year, resulting in a total negative global GPP anomaly of
−1.08 Pg C/year (Table S2). In contrast, for the La Niña years, the same two kinds of areas, respectively,
exhibited total GPP anomalies of 1.90 and −0.26 Pg C/year, together yielding a positive global GPP
anomaly of 1.63 Pg C/year (Table S2). Overall, El Niño/La Niña tended to influence the global GPP
anomaly primarily through tropical and arid/semiarid regions, whereas temperate and boreal regions, to
some degree, buffered the negative effects of El Niño and positive effects of La Niña on global GPP
(Figure 5 and Table S3).

3.6. Comparison of ENSO Effects on Global GPP From CCW and TRENDY

The seasonal evolution of ENSO effects on global annual GPP variability showed a relatively large discre-
pancy between CCW and TRENDY (Figure 6a). Among 16 TRENDY models, six models did not show any
significant correlations between global annual GPP and monthly ONI from the previous to the current years
(Figure S6). The remaining models exhibited significant linkages between GPP and ONI mainly in June‐July
of the previous year or May‐August of the current year (Figure S6). However, the strong ENSO effects from
August of the previous year to April of the current year identified by CCW and by the top‐down Global
Carbon Budget were not reflected in TRENDY (Figures 6 and S6). Controlling the possible effects of telecon-
nections from AMO and PDO did not decrease this discrepancy (Figure 6b). During the study period, global
annual GPP from the ensemble mean of TRENDY was not significantly correlated with annual GIMMS
LAI3g (R = −0.22, p > 0.05) and land carbon sink (R = 0.23, p > 0.05), which is different from CCW GPP
(i.e., exhibiting strong correlations with LAI3g [R = 0.77, p < 0.01] and land sink [R = 0.42, p < 0.01];
Figure S7). Regional differences in ENSO effects from CCW and TRENDY are shown in Figures S8 and
S9. Overall, TRENDY was less responsive to ENSO in tropical and arid/semiarid regions compared to
CCW (Figure S8).

Figure 5. Spatial patterns of multiyear averaged GPP anomalies in El Niño (a) and La Niña (b) years, and their change amplitudes (c–d). The separate annual
anomaly data were seen in Figure S5. (c) is the change amplitude between (a) and (b). (d) is the Z value indicating the ratio of the change amplitude in
(c) relative to the multiple‐year GPP standard deviation during the study period. GPP = gross primary production.
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4. Discussion

Global GPP estimated by the CCW model exhibited considerable inter-
annual variability over the past 35 years (Figure 1a). However, we showed
that ENSO fluctuations explained up to 26% of interannual variation in
global GPP (p < 0.01), with below average GPP following strong El Niño
years but above average following strong La Niña years (Figure 1b). We
also found substantial lags between ENSO conditions and their influence
on terrestrial GPP, suggesting the potential for forecasting terrestrial vege-
tation productivity based on ENSO indices in advance of the growing sea-
son. Previous studies usually adopted the boreal winter season index to
assess the influence of ENSO on global vegetation productivity, given that
the ENSO amplitude (i.e., the actual tropical SST variability) tends to be
greatest at that time (Bastos et al., 2013; Dannenberg et al., 2015;
Gonsamo et al., 2016). However, we showed that the boreal winter season
is not the only time window to exhibit significant influence on global GPP
nor is it necessarily the season with the strongest influence on terrestrial
GPP. In contrast, ENSO cycles are significantly correlated with global
GPP as early as July of the previous year, with peak in October of the pre-
vious year (Figure 1b). Such a relationship could be used to forecast global
annual GPP anomalies up to 9 months prior to the growing season,
though the timing of the lag effect varies regionally (Figure 2). Given
ENSO could be forecasted within a range of 1 to 9 months in advance
(Tippett et al., 2012), such a prediction for global GPP could be
even earlier.

Spatially, ENSO exhibited contrasting influences on annual GPP anoma-
lies (Figure 2a), with a greater proportion of the land surface responding
negatively (61%) than positively (39%) to the ONI. Therefore, ENSO‐
induced GPP anomalies in some regions could be partially compensated
by the opposite GPP response in other regions (Bastos et al., 2018;
Woodward et al., 2008). Our study indicates that, in the strong El Niño

years, tropical and arid/semiarid regions tend to be dominated by negative climate impacts on GPP, while
temperate and boreal regions partly offset this response, together resulting in overall negative anomalies
at the global scale (Figure 5a and Table S2). However, in the strong La Niña years, relatively small negative
GPP anomalies mainly from temperate and boreal regions are largely overcome by positive GPP anomalies
in tropical and arid/semiarid regions, yielding a strong positive anomaly in global GPP (Figure 5b and Table
S2). Overall, the long‐term satellite‐driven data clearly depict the spatial association between ENSO events
and global GPP anomalies and highlight tropical and arid/semiarid regions as the most sensitive regions
to ENSO (Ahlström et al., 2015; Hashimoto et al., 2004; Hilker et al., 2014; Piao et al., 2009).

The linkage of ENSO with global annual GPP fluctuations appeared to be mainly via its influences on tem-
perature and thus VPD but less from other factors (Figure 2b). For precipitation and incoming radiation, this
is likely due to the aggregation of regional anomalies with opposite signs, which cancel each other out at the
global scale, whereas the temperature and VPD responses to ENSO tend to bemore ubiquitous across Earth's
land surface. However, the mechanisms behind the linkage between GPP and ENSO are much more com-
plex at regional scales (Figure 4). Given that CCW is not a general circulation model that integrates the phy-
sical links between ENSO and climate (Guilyardi et al., 2009), we could not directly separate ENSO‐induced
climate influences on GPP using traditional factorial experiments to minimize covariance effects of climate
variables (e.g., Piao et al., 2009). However, the empirical correlation analysis in our study identified close lin-
kages between ENSO and dominant climatic and canopy structural variables, which appeared to be core-
sponsible for diverse GPP responses across different climate zones (Figures 4 and S4). Of note,
temperature‐related water stress (controlled by a combination of temperature, VPD, and precipitation) is
a major driver of ENSO‐induced regional GPP variability, especially in tropical and arid/semiarid areas
(Ahlström et al., 2015; Hashimoto et al., 2004; Hilker et al., 2014; Humphrey et al., 2018). Canopy greenness
indices such as LAI and FPAR appeared to be less responsive to ENSO (Figures 4d and S4b), indicating that

Figure 6. Comparisons of the lag effects of El Niño‐Southern Oscillation on
annual GPP from CCW and TRENDY models and top‐down approach‐
based land sink. (a) Simple correlation of the composite ONI with annual
GPP and land sink; (b) partial correlation by controlling the effects of
AtlanticMultidecadal Oscillation and Pacific Decadal Oscillation. Error bars
for TRENDY indicated the standard deviations of correlations for the
selected 16 models seen in Table S1. The horizontal dotted line indicated the
95% significance level. ONI = Oceanic Niño Index; CCW= Coupled Carbon
and Water; GPP = gross primary production.
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they may not fully reflect the linkage of GPP with ENSO without explicitly accounting for climate con-
straints (Gonsamo et al., 2016; Woodward et al., 2008; Zhang et al., 2015).

As the most prominent driver of year‐to‐year internal climate variation on Earth, ENSO carries several char-
acteristics such as nonlinearity, seasonality, and memory effects (Chen et al., 2016), which may shape its
influences on GPP. We showed that ENSO effects on annual GPP exhibited diverse seasonal evolutions
across Earth's ecosystems (Figures 3 and S2), and the times for the maximum influences were heterogeneous
worldwide (Figure 2b). This also indicates that attempts at forecasting annual GPP based on boreal winter
ONI may not be successful in some regions if the peak time for ENSO influence occurs at a different time.
Our results suggest that ENSO could be a valuable tool for forecasting annual ecosystem productivity varia-
tion, particularly if the time lags used for forecasting are optimized for the specific region of interest. In some
regions, on the other hand, forecasting based on ENSOmay be less successful due to short lag times between
ENSO and ecosystem GPP. For example, some arid and semiarid regions, such as those in southern
Australia, showed peak time in the boreal winter/austral summer of the current year (Figure 2b), demon-
strating synchronous effects of ENSO on the climate and subsequent GPP. Given the close relationships
between GPP and vegetation biomass/yield (Bradford & Crowther, 2013), these types of forecasts identified
in our study could also potentially be useful for regional agriculture management, crop yield estimation, and
rangeland usage (Chen et al., 2017; Iizumi et al., 2014).

The TRENDY land surface model ensemble has been widely used to explore anomalies of terrestrial carbon
fluxes in association with climate change/variation (Ahlström et al., 2015; Sitch et al., 2015; Zhang et al.,
2018). However, these land surface models, even driven by observed climate, appeared to miss the major
lag effects of ENSO on global annual GPP identified based on the remote sensing‐driven GPP simulation
(Figure 6a) and the top‐down based land sink (Figures 1b and 6a). Our study further confirmed a poor cor-
relation of TRENDY GPP with global GIMMS LAI3g and land carbon sink when compared with CCW
(Figure S7). Although sharing the same CRU‐NCEP climate inputs, land surface models from the
TRENDY ensemble largely underestimate ENSO effects on global GPP compared to CCW, probably due
to the lack of constraint from remote sensing inputs (MacBean et al., 2015; Richardson et al., 2012) and/or
the model deficiency or biases in representing climatic effects (Anav et al., 2015; Sitch et al., 2015; Wang
et al., 2014). This finding agrees with the study byWang et al. (2014), who found that most land surface mod-
els failed to capture the recent enhanced carbon cycle sensitivity to ENSO‐related climatic variations. The
strong role of temperature (via its nonlinear effects on VPD) revealed in our study reflects the regulation
of moisture status on temperature sensitivity of GPP in related to ENSO (Figures 4 and S2), especially in tro-
pical and arid/semiarid regions, which provides further clarification of the processes responsible for the
model underestimation of observed climatic sensitivity (Gonsamo et al., 2016; Wang et al., 2014). In addi-
tion, the identified seasonal evolution of ENSO effects on GPP in our study could be further used to constrain
other land surface models (e.g., CMIP5).

Notably, when controlling for variations of AMO and PDO using partial correlation analyses, seasonal lags
between ENSO and global GPP did not change substantially (Figure 6), suggesting the leading role of ENSO
over other teleconnections on the global scale (Alexander et al., 2002; Zhu et al., 2017). However, currently,
the mechanisms behind how ENSO influences climate variability in or beyond tropics through atmospheric
circulations and/or teleconnections are still not very clear (Diaz et al., 2001; Gershunov & Barnett, 1998; Yeh
et al., 2018), and ENSO may interact with other teleconnections to coinfluence regional surface climate
(Seager et al., 2010; Wise et al., 2015) and vegetation productivity (Dannenberg et al., 2018; Gonsamo
et al., 2016; Zhao et al., 2018; Zhu et al., 2017). Future efforts in examining such interactions would help
us to better understand ENSO‐induced GPP variability.

Variation of the land carbon sink—driven by uptake of CO2 through GPP and release through ecosystem
respiration—was also strongly linked to ENSO (Figures 1 and 6). The highly matched peak times and seaso-
nal trajectories of ENSO effects between annual GPP and the land sink suggest the dominant role of global
GPP in determining the response of the land carbon sink to ENSO (Ahlström et al., 2015; Zhang et al., 2018).
The slightly stronger peak influence of ENSO on the land sink than on GPP may be caused by the modifica-
tion of ecosystem respiration, which strongly depends on temperature, moisture condition, and the accumu-
lated substrate available for decomposition (Chen et al., 2015; Migliavacca et al., 2011). The altered land
carbon sink by ENSO would further determine the atmospheric CO2 anomaly (Bastos et al., 2018; Liu
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et al., 2017). Despite the complexity of the climate system, we show that ENSO can be used as a simple tool
for understanding and predicting climatic influences on global carbon cycles (McPhaden et al., 2006; Zhu
et al., 2017). Greenhouse warming could result either in changes in the mean state of ENSO (McPhaden
et al., 2006; Vecchi et al., 2008) or in a more variable and extreme ENSO cycle (Cai et al., 2014; Cai et al.,
2015; Power et al., 2013), though there is still substantial uncertainty around the direction and magnitude
of changes due to the complexity of atmospheric and oceanic feedbacks (Collins et al., 2010). Given the glo-
bal effect of ENSO on GPP identified by our study, such future changes of ENSOmay strongly influence ter-
restrial ecosystem productivity and thus the global carbon cycle and its feedbacks to the climate system
(Friedlingstein, 2015; Kim et al., 2017).

5. Conclusions

Based on a remote sensing‐driven GPP model and global climate data, we comprehensively examined the
impacts of ENSO on long‐term global GPP variability, focusing on the time‐lag effect and its spatial hetero-
geneity. We found a clear seasonality of ENSO influences on global GPP variability, with peak correlations
occurring between global annual GPP and ENSO conditions during August‐October of the previous year (R
= −0.51, p < 0.01). Spatially, 20.1% and 11.7% of land vegetated area exhibited significantly negative and
positive correlations to ONI, respectively. ENSO effects on annual GPP exhibited diverse seasonal evolutions
across Earth's land surface, with high regional variation in the timing of peak ENSO influence on GPP.
ENSO was intrinsically linked with the variability of major climate and canopy structural changes that
potentially regulated GPP. Overall, El Niño and La Niña tended to influence global GPP anomalies primarily
through tropical and arid/semiarid regions, though temperate and boreal regions, to some degree, buffered
the negative effects of El Niño and positive effects of La Niña on global GPP. Compared to the remote
sensing‐derived GPP estimates, annual GPP from the TRENDY land surface model ensemble appeared to
largely underestimate the influence of ENSO on global GPP and missed the major lag effects of ENSO.
Despite the complexity of the climate system, our results suggest that annual GPP dynamics can be predicted
months in advance of the growing season for many regions based on ENSO conditions, thus providing a sim-
ple framework for understanding and forecasting climatic influences on the terrestrial carbon cycle.
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