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Abstract Indian Ocean Dipole (IOD), a major climate variability in the tropics which drives the 
abiotic stress associated with heavy rainfalls and severe droughts, is not much understood in terms of 
its role in the carbon cycle, while El Niño-Southern Oscillation (ENSO)-related terrestrial carbon cycle 
variation has been intensively studied. Here, we investigate IOD's impact on land photosynthesis over 
the Indian ocean rim countries during austral spring using satellite-based gross primary productivity 
(GPP) and Earth System Model simulations produced in the Coupled Model Intercomparison Project 
Phase 6 (CMIP6). IOD independently affects GPP with significant positive partial correlation coefficients 
(pcor) over most of Africa and India, and negative pcor over southern China, Indo-China peninsula, 
maritime continent, and Australia, mostly driven by precipitation variations; this obviously differs from 
the widespread significant negative pcor pattern induced by ENSO. The recent extremely positive IOD in 
2019 caused the canonical IOD-affected GPP patterns, however, with its extreme impacts. Furthermore, 
though large inter-model spreads exist, the CMIP6 multimodel median can basically capture the main 
characteristics of IOD-affected precipitation and GPP patterns. Importantly, IOD is predicted to occur 
more frequently in future warming scenarios. Model future projections suggest that it will exert larger 
impacts on GPP variations over central and eastern Africa, Sumatra, western and southeastern Australia 
with stronger pcor and enhanced explained variance, but less impacts over southern Africa, east India, 
Indo-China peninsula, and northeastern Australia. Therefore, besides ENSO, understanding the IOD 
impacts can provide us new insights into regional and global carbon cycle interannual variability.

Plain Language Summary Indian ocean dipole (IOD) is a major climate variability in the 
tropics, acting as an important determinant of regional climate variations. However, its role in the carbon 
cycle received less attention. Here we explore the impact of IOD events on land photosynthesis over the 
Indian ocean rim countries during austral spring based on satellite-based gross primary productivity 
(GPP) and historical and future simulations in 10 Earth System models. We suggest that IOD can 
positively impact on GPP over most of Africa and India, but negatively impact over southern China, 
Indo-China peninsula, maritime continent, and Australia, which are mostly driven by heavy rainfalls and 
severe droughts associated with its two sea surface temperature poles. The recent extremely positive IOD 
in 2019 resulted in the canonical but extreme IOD-affected GPP patterns. Furthermore, multimodel future 
projections suggest that the occurrence of IOD events will be more frequent in future warming scenario. 
IOD will exert larger impacts on GPP variations over the central and eastern Africa, Sumatra, western and 

WANG ET AL.

© 2021. The Authors.
This is an open access article under 
the terms of the Creative Commons 
Attribution-NonCommercial License, 
which permits use, distribution and 
reproduction in any medium, provided 
the original work is properly cited and 
is not used for commercial purposes.

Modulation of Land Photosynthesis by the Indian Ocean 
Dipole: Satellite-Based Observations and CMIP6 Future 
Projections
Jun Wang1,2 , Meirong Wang3, Jin-Soo Kim4 , Joanna Joiner5 , Ning Zeng6 , 
Fei Jiang1,2 , Hengmao Wang1,2, Wei He1,2 , Mousong Wu1,2 , Tiexi Chen7, Weimin Ju1,2, and 
Jing M. Chen8 

1International Institute for Earth System Science, Nanjing University, Nanjing, China, 2Jiangsu Provincial Key 
Laboratory of Geographic Information Science and Technology, Key Laboratory for Land Satellite Remote Sensing 
Applications of Ministry of Natural Resources, School of Geography and Ocean Science, Nanjing University, Nanjing, 
China, 3Joint Center for Data Assimilation Research and Applications/Key Laboratory of Meteorological Disaster, 
Ministry of Education/Joint International Research Laboratory of Climate and Environment Change (ILCEC)/
Collaborative Innovation Center ON Forecast and Evaluation of Meteorological Disasters, Nanjing University of 
Information Science and Technology, Nanjing, China, 4Department of Evolutionary Biology and Environmental 
Studies, University of Zurich, Zurich, Switzerland, 5Laboratory for Atmospheric Chemistry and Dynamics, 
National Aeronautics and Space Administration (NASA) Goddard Space Flight Center (GSFC), Greenbelt, MD, 
USA, 6Department of Atmospheric and Oceanic Science and Earth System Interdisciplinary Center, University of 
Maryland, College Park, MD, USA, 7Collaborative Innovation Center on Forecast and Evaluation of Meteorological 
Disaster, School of Geographical Sciences, Nanjing University of Information Science & Technology, Nanjing, China, 
8Department of Geography, University of Toronto, Toronto, ON, Canada

Key Points:
•  Indian Ocean dipole can exert 

contrasting impacts on gross primary 
productivity (GPP) over Indian 
Ocean rim countries driven by 
precipitation variations

•  The recent extremely positive Indian 
Ocean Dipole (IOD) in 2019 caused 
the canonical but extreme IOD-
affected GPP patterns

•  Multimodel future projections 
suggest that IOD will occur more 
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1. Introduction
Climate variabilities associated with their teleconnections can exert large impacts on terrestrial ecosystems 
and their carbon cycle. The well-known El Niño-Southern Oscillation (ENSO) dominates the interannual 
variability of the terrestrial carbon cycle (Bousquet et  al.,  2000; Kim et  al.,  2017; Piao et  al.,  2020; Ro-
denbeck et al., 2018; Wang, Zeng, Wang, Jiang, Chen, et al., 2018; Zeng et al., 2005), although the dom-
inant climatic driver remains debatable (Ahlstrom et al., 2015; Humphrey et al., 2018; Jung et al., 2017; 
Wang et al., 2013, 2016; Zeng et al., 2005). The interplay between the North-Atlantic Oscillation (NAO) and 
East-Atlantic pattern can take the control of the multi-annual variability of European net biome productiv-
ity (Bastos et al., 2016). The Pacific Decadal Oscillation and the Atlantic Multidecadal Oscillation are also 
highly correlated with global and continental carbon fluxes (Zhu et al., 2017).

Indian Ocean Dipole (IOD), the ENSO's neighbor, is an independent air-sea interaction process, acting as an 
important determinant of regional climate variations on the interannual timescales (Behera et al., 2006; N. 
H. Saji et al., 1999). Though ENSO and IOD are significantly corelated (N. Saji & Yamagata, 2003), a study 
(Ham et al., 2016) revealed their weakened coupling in recent decades. Moreover, the frequency of extreme 
IOD events may increase under the future greenhouse warming (Cai et al., 2014). In the IOD positive phase 
(denoted as “pIOD”), it shows a pattern with anomalously cool sea surface temperature (SST) off Sumatra 
and warm SST over the western Indian Ocean during boreal summer and fall, resulting in severe precipi-
tation (floods) in eastern Africa and droughts in Indonesia (Kim et al., 2019; Preethi et al., 2015; N. H. Saji 
et al., 1999). Further studies suggested that it actually can impact the climate of various parts of the world, 
especially the Indian Ocean rim countries (Ashok et al., 2004; Cai et al., 2011; Guan et al., 2003; N. Saji & 
Yamagata, 2003).

However, compared with ENSO events, the impacts of IOD on terrestrial ecosystem and the carbon cycle 
received less attention. Williams and Hanan (2011) suggested that IOD events can induce large anomalies 
of photosynthesis across Africa, based on an offline model simulation. They also pointed out that the in-
terference between ENSO and IOD can suppress or even reverse their independent effects. Cai et al. (2009) 
pointed out that the pIOD event can provide the precondition for the bushfires over the southeast Australia.

More recently, an extreme IOD event occurred in 2019, which was the strongest pIOD in the past two dec-
ades. It took large responsibility for the out-of-control mega-bushfires over the eastern Australia in 2019–
2020 (Nolan et al., 2020; Phillips & Nogrady, 2020; Wang et al., 2020). Inspired by this extreme event, here 
we demonstrate the different impacts of IOD and ENSO on terrestrial gross primary productivity (GPP) 
and investigate the impacts of the recent extreme pIOD, mainly based on climate observations and a newly 
satellite-based GPP product. Further, we will utilize historical simulations and future projections of 10 
Earth System Models (ESM) participating in the Coupled Model Intercomparison Project Phase 6 (CMIP6) 
(Eyring et al., 2016; C. D. Jones et al., 2016) to investigate the changes of IOD-induced impacts with future 
greenhouse warming. We expect that this study can give us some new insights into the interannual variabil-
ity of the terrestrial ecosystem carbon cycle on the global and regional scales.

2. Materials and Methods
2.1. Datasets

Monthly NOAA Optimum Interpolation Sea Surface Temperature (OISST) V2 (Reynolds et al., 2002) was 
used in this study to illustrate the SST variations with the resolution of 1 × 1°. This data set is produced by 
using in situ and satellite SST observations with the gaps filled in by interpolation.

Global U and V winds at 1,000 and 200 hPa used the Modern-Era Retrospective analysis for Research and 
Applications, Version 2 (MERRA-2) (Gelaro et al., 2017), which is a NASA atmospheric reanalysis data set 
utilizing the newer microwave and hyperspectral infrared radiance observations. The MERRA-2 data set 

WANG ET AL.

10.1029/2020EF001942

2 of 14

southeastern Australia, but lower impacts over southern Africa, east India, the Indo-China peninsula, and 
northeastern Australia. Understanding the IOD impacts can provide us new insights into regional and 
global carbon cycle interannual variability.
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has the horizontal resolution of 0.625 × 0.5° and can be retrieved from the Goddard Earth Sciences Data 
and Information Services Center (GES DISC).

Land precipitation and surface air temperatures are from the Climatic Research Unit gridded Time Series 
(CRU TS) v. 4.04 at 0.5° resolution (Harris et al., 2020) which is derived by the interpolation of monthly 
climate anomalies from weather station observations.

The soil moisture was from the NASA Global Land Data Assimilation System (GLDAS) Noah Land Surface 
Model L4 monthly V2.1 data set at 0.25° resolution (Rodell et al., 2004). GLDAS-2.1 is forced with a combi-
nation of model and observation data including Global Precipitation Climatology Project (Adler et al., 2003) 
version 1.3 from 2000 to present. The soil moisture in this study refers to the total soil moisture content from 
surface to the depth of 2 m in the unit of kg m−2.

The global terrestrial GPP is from the FluxSat product version 1 (Joiner et al., 2018) that uses satellite data 
from the MODerate-resolution Imaging Spectroradiometer (MODIS) within a simplified light-use efficien-
cy (LUE) framework at 0.5° resolution from 2000 to present. It does not depend on other meteorological 
inputs. Unlike traditional LUE-based model, this data-driven satellite-based GPP product does not use an 
explicit parameterization of LUE to reduce the value under the limitations such as water and temperature 
stress. FluxSat performs as well as or better than other state-of-the-art satellite-derived products.

To further verify GPP variations, we additionally used the MODIS MOD13C2 enhanced vegetation index 
(EVI) in the main text (Didan,  2015) and OCO-2 sun-induced fluorescence (SIF) in the supplementary 
(Sun et al., 2018). MODIS EVI is a greenness indicator, which conventionally can be used to monitor the 
terrestrial photosynthetic vegetation activity with good sensitivity over high biomass areas with the origi-
nal resolution of 0.05°. Satellite observed SIF shows strong relationship with terrestrial GPP (Frankenberg 
et al., 2011; Guanter et al., 2014). OCO-2 SIF retrievals, starting from September 2014, were aggregated into 
2.5 × 2.5° in the supplementary.

2.2. ESM Historical and Future Simulations in CMIP6

We here adopted 10 fully coupled ESM historical simulations and future projections in CMIP6 (Eyring 
et al., 2016; C. D. Jones et al., 2016) to illustrate the impact of IOD in the future greenhouse warming. In the 
“esm-hist” simulation which spans the period from 1850 to 2014, ESMs interactively simulated atmospheric 
CO2 concentration forced by anthropogenic CO2 emissions and other prescribed forcing such as non-CO2 
greenhouse gases (GHGs), solar forcing, aerosols, and land cover change. In the “esm-ssp585” simulation 
which starts from esm-hist simulation and runs up to 2100, ESMs are forced by the emission driven future 
scenario of Shared Socioeconomic Pathways (SSP)-based Representative Concentration Pathway (RCP) 
SSP5-8.5.

In detail, the 10 ESMs used here include ACCESS-ESM1.5 (Ziehn et  al.,  2017), BCC-CSM2-MR (Wu 
et al., 2019), CanESM5 (Swart et al., 2019), CanESM5-CanOE (Swart et al., 2019), CNRM-ESM2-1 (Séférian 
et al., 2019), MIROC-ES2L (Hajima et al., 2020), MPI-ESM1.2-LR (Mauritsen et al., 2019), MRI-ESM2-0 
(Yukimoto et al., 2019), NorESM2-LM (Seland et al., 2020), and UKESM1-0-LL (Sellar et al., 2019); the in-
formation of their land carbon components and horizontal resolutions can be found in Table 1.

In addition, considering the different model horizontal resolutions, we consistently interpolated their sim-
ulated variables into 2.5° × 2.5°, based on a first order conservative remapping scheme (P. W. Jones, 1999) 
via the Climate Data Operators tool which follows the equation:

F
A

fdAk

k

 
1

 (1)

where Fk  denotes the area-averaged destination flux, kA  represents the area of grid k, and f  is the flux in the 
original grid cell which has overlapping area A with the destination grid.
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2.3. Niño 3.4 Index and Dipole Mode Index

We used the Niño 3.4 index to identify the El Niño and La Niña events over the tropical Pacific Ocean. The 
Niño 3.4 index is defined as the area-averaged SST anomaly over 5°S–5°N, 170°W–120°W relative to the base 
period from 1981 to 2010. The 3-month running average of Niño 3.4 index is known as Oceanic Niño Index 
with five consecutive overlapping 3-month periods at or above +0.5° for El Niño and at or below −0.5° for 
La Niña.

The intensity of IOD is represented by dipole mode index (DMI) (N. H. Saji et al., 1999). The DMI is the 
anomalous SST gradient between the western equatorial Indian Ocean (10°S–10°N, 50°E–70°E) and the 
south eastern equatorial Indian Ocean (10°S–0°N, 90°E−110°E). For consistency, the base period is also 
from 1981 to 2010. We here defined the DMI in SON at or above 1-  for pIOD and at or below −1-  for 
nIOD.

2.4. Velocity Potential and Divergent Winds

In order to better understand the climate anomalies induced by the extreme pIOD in 2019, we here utilized 
the concept of velocity potential and divergent winds at 200 hPa to infer the vertical motions and divergence 
of the atmosphere. The relationship between velocity potential () and horizontal velocity vector (v) is as 
follows:

   
2 v (2)

We can hence derive the divergent wind components based on the velocity potential as:

     
    

, ,d du v
x y

 (3)

where du  and dv  represent the u and v components of divergent winds.

2.5. Statistical Analysis

In the anomaly calculation for observations, we first removed their long-term climatology, and then de-
trended them by using a linear regression. The formula of the simple linear regression is as follows:

    y x (4)

where y is the dependent variable and x is the explanatory variable.   and   denote the y-intercept, and 
slope, respectively. The term   denotes the residual error.
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Modeling group ESM Land carbon/biogeochemistry component Horizontal resolution Number of plant functional types

CSIRO ACCESS-ESM1.5 CABLE2.4 with CASA-CNP 1.875° × 1.25° 13

BCC BCC-CSM2-MR BCC-AVIM2 1.125° × 1.125° 16

CCCma CanESM5-CanOE CLASS-CTEM 2.81° × 2.81° 9

CCCma CanESM5 CLASS-CTEM 2.81° × 2.81° 9

CNRM CNRM-ESM2-1 ISBA-CTRIP T127 16

JAMSETC MIROC-ES2L MATSIRO (physics) VISIT-e (BGC) 2.81° × 2.81° 13

MPI MPI-ESM1.2-LR JSBACH3.2 T63 13

MRI MRI-ESM2-0 HAL1.0 1.125° × 1.12° 10

NCC NorESM2-LM CLM5 1.9° × 2.5° 22

UK UKESM1-0-LL JULES-ES-1.0 1.875° × 1.25° 13

Table 1 
Fully Coupled Earth System Models (ESM) Used in This Study
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For ESM simulated monthly data, considering the nonlinear trends in the long-term periods, we took two 
steps to get their interannual variability: (1) we made a 12-month running average on raw monthly data to 
remove the seasonal cycle, (2) we made a 84-month (7-year) running average on raw monthly data to retain 
their decadal variations and trends. Then the difference between (1) and (2) produces the interannual vari-
ability. We then used the anomalies for SON in our analysis.

To broadly understand the impacts of IOD on climate anomalies and GPP, we used partial correlations, as in 
a previous study (N. Saji & Yamagata, 2003), to investigate its possible impacts excluding the effect of ENSO. 
The definition of partial correlation coefficient (pcor) for x and y, controlling for z follows:




 
. 2 21 1

yx yz xz
yx z

yz xz

r r r
pcor

r r (5)

where yxr  is the simple correlation of the dependent variable y and the explanatory variable x (say DMI). 

yzr  is the simple correlation of y and z (say Niño 3.4 index), and xzr  is the simple correlation of x and z. The 
statistical significance of the result in each grid is estimated based on the two-tailed Student's t-test:

 



. 2

.

2
1yx z

yx z

n kt pcor
pcor

 (6)

where n represents the number of samples, and k represents the number of variables upon which we are 
conditioning. Simultaneously, the square of pcor, 2pcor , explains how much of the variance of y that is not 
estimated by z is estimated by x.

In CMIP6 ESM simulations, although they are driven by the same prescribed forcing, their simulated inter-
nal variabilities (IOD, ENSO etc.) are strongly dependent on each model. Therefore, we first calculated the 
pcor on each grid for each model and then derive their median pcor to do the analysis here.

Additionally, we also calculated the spatial correlation coefficient (scor) to compare their spatial patterns. 
Owing to higher correlation coefficients among the nearby grids, it is hard to determine the degrees of 
freedom in space to test the significance for the spatial correlation coefficient. We adopted 1,000 bootstrap 
estimates (Mudelsee, 2010) to derive the 95% confidence intervals.

3. Results
3.1. Contrasting Impacts of IOD and ENSO on Terrestrial GPP

We here utilized the Niño 3.4 index and DMI to determine the ENSO and IOD events (Figures 1a and 1b). 
The occurrence of IOD is less frequent than ENSO over the past almost 20 years. The pIOD events basically 
coincide with El Niño events, and negative IOD (denoted as “nIOD”) occur with La Niña events (Figure 1a). 
However, their correlation coefficient between the DMI during the September–November (SON) and Niño 
3.4 index during the December–February (DJF) is 0.37 (p = 0.13) for 2001–2019, confirming the result that 
the ENSO-IOD coupling weakened during the 2000s and 2010s (Ham et al., 2016). The recent extreme pIOD 
event in 2019 began in the boreal summer, gradually developed, peaked in October with a DMI of 2.3°C, 
and ended after December (Figure 1b). Concurrently, the Niño 3.4 index indicated a very weak El Niño in 
2019, which barely satisfied the criterion (Figure 1b). Considering the limited interference of this very weak 
El Niño event, this time period presents a good opportunity to investigate the individual influence of the 
extreme pIOD event on the terrestrial photosynthesis.

In Figure  1c, we examine the SST anomaly averaged from September to November (SON) in 2019 dur-
ing the extreme pIOD event. This extreme pIOD event is associated with anomalously high SSTs over the 
western tropical Indian ocean (WTIO) and low SSTs over the southeastern tropical Indian ocean (SETIO) 
(Figure  1c). Mechanistically, during a pIOD event, SSTs off Sumatra begin to decrease, associated with 
enhanced southeast trade winds. The enhanced easterly winds along the Equator (Figure 1c) interrupt the 
normal equatorial current, resulting in the cooling off Sumatra and warm water accumulation over the 
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WTIO. Moreover, the anomalous trade winds can result in reduced evaporation by enhancing convergence 
over the WTIO, additionally contributing to warm the SST (N. H. Saji et al., 1999).

Though IOD can influence the climate anomalies over different parts of the world via atmospheric telecon-
nections (Figure S1), we in this study focused on its impacts over the Indian ocean rim countries during its 
peak season of SON.

Figures 2a–2c show the pcor patterns between climate related or GPP anomalies and Niño 3.4 index, con-
trolling for the effect of DMI. The precipitation shows the significant negative pcor with Niño 3.4 index 
over most of Africa, India, the Indo-China peninsula, maritime continent, and northeast Australia (Fig-
ure 2a), whereas temperature basically has the significant positive pcor (Figure 2b) owing to the control of 
thermodynamics and the hydrological cycle (Zeng et al., 2005). These opposing pcor distributions indicate 
widespread warm and dry conditions over the tropics during El Niño events, reducing the terrestrial GPP 
(Wang et al., 2016; Zeng et al., 2005). Therefore, the pcor between GPP and Niño 3.4 index shows signif-
icant negative values in general over tropics, especially regions to the north of Lake Victoria over Africa, 
India, maritime continent, and northeast Australia (Figure  2c), consistent with previous studies (Wang 
et al., 2016; Zeng et al., 2005). As for the southern China, precipitation has significant positive pcor (Fig-
ure 2a) and temperature shows a weak negative pcor (Figure 2b), resulting in the positive pcor between 
GPP and the Niño 3.4 index (Figure 2c). Over this domain, the pcor values for precipitation and GPP show 
similar probability density distributions, with the positive skewness, while pcor values for temperature 
show negative skewness (Figure 2d).

In contrast, the spatial distributions of pcor between climate related or GPP anomalies and DMI, con-
trolling for the effect of the Niño 3.4 index, show obviously different patterns (Figures 2e–2g). Precipitation 
shows significant positive pcor with DMI over most of western, central, and eastern Africa, and India, but 
significant negative pcor over southern China, the maritime continent, and northeast and southeast Aus-
tralia (Figure 2e). And temperature shows the opposite pcor over Africa, southern China, and southeast 

WANG ET AL.

10.1029/2020EF001942

6 of 14

Figure 1. Sea surface temperature anomaly (SSTA). (a) Time series of Niño 3.4 index (top) and dipole mode index (DMI) (bottom). The color bars denote the 
ENSO and IOD events. And light-to-dark colors in the Niño 3.4 index represent the weak-to-strong ENSO events. (b) Zoom in of the time series from January 
2019 to April 2020. (c) Spatial pattern of SSTA averaged from September to November in 2019 with the anomalous winds at 1000 hPa over the tropical Indian 
Ocean. The black arrows denote the anomalous winds with speeds larger than 2.5 m s−1. The three black boxes show the regions that are used to calculate the 
Niño 3.4 Index and DMI. ENSO, El Niño-Southern Oscillation; IOD, Indian Ocean Dipole.
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Australia, dominated by thermodynamics and hydrological cycle again (Figure 2f). However, temperature 
over maritime continent and northeast Australia also shows a negative pcor, which could be largely tied to 
the local SST anomalies (Figures 1c and Fig. 2f). Correspondingly, the pcor between GPP and DMI shows 
the significant positive values over most of western, central, and eastern Africa, and India, while it shows 
significant negative values over southern China, the Indo-China peninsula, maritime continent, and south-
east Australia. The probability density distributions are also almost the same for precipitation and GPP pcor 
values, however, showing negative skewness, while pcor values for temperature show positive skewness 
(Figure 2h).

Additionally, we further calculated their scor in Figures 2d and 2h and find that correlation between GPP 
and precipitation pcor patterns has the scor = 0.33 for ENSO and 0.49 for IOD, with their 95% confidence 
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Figure 2. Patterns of partial correlation coefficients ( pcor). The pcor patterns between Niño 3.4 index and precipitation (a), temperature (b), and GPP (c), 
controlling for the effect of DMI; the pcor patterns between DMI and precipitation (e), temperature (f), and GPP (g), controlling for the effect of Niño 3.4 index. 
The hatched areas represent the significance at p < 0.05 based on the two-tailed Student's t-test. (d and h) show the spatial correlation coefficients (scor)  
between GPP and climate-related pcor patterns with Niño 3.4 index and DMI, respectively. The inserted figures in (d) and (h) represent the probability density 
distributions for precipitation (light blue), temperature (salmon), and GPP (green) pcor with Niño 3.4 index and DMI, respectively. DMI, dipole mode index; 
GPP, gross primary productivity.
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intervals of [0.32, 0.34] and [0.47, 0.50], respectively. The correlation between GPP and temperature pcor 
patterns produces scor = −0.17 for ENSO and −0.32 for IOD, with the 95% confidence intervals of [–0.20, 
−0.17] and [–0.33, −0.30], respectively. Therefore, the spatial anomalies of GPP during ENSO and IOD 
events are both more consistent with the patterns of precipitation anomalies than temperature anomalies, 
implying that precipitation plays a more important role in regional GPP variations, which confirms previ-
ous results (Bastos et al., 2018; Wang, Zeng, Wang, Jiang, Wang, & Jiang, 2018).

3.2. Responses to the Recent Extreme pIOD Event in 2019

Figure 3 shows standardized 2019 SON anomalies for climate, GPP, and EVI related to the extreme 2019 
pIOD. The warmed SST over WTIO (Figure 1c) resulted in the active convection (Figure 3a), causing more 
precipitation over western and eastern Africa, western part of central Africa, and India (Figure 3a), associ-
ated with lower temperatures (Figure 3b), whereas the cooled SST over SETIO (Figure 1c) was accompanied 
by subsidence over large areas of ocean and land (Figure 3a), causing less precipitation over southern Chi-
na, the Indo-China peninsula, maritime continent, and east-central Australia (Figure 3a), associated with 
higher temperatures except regions largely influenced by local SST anomalies such as northern Australia 
(Figure 3b). These spatial patterns of precipitation and temperature anomalies resemble their pcor distribu-
tions calculated with the long-term time series (Figures 2e and 2f), with their scor of 0.76 and 0.55 as well as 
the 95% confidence intervals of [0.76, 0.77] and [0.53, 0.56], respectively. These high scor values imply that 
impacts of the 2019 extreme IOD far outweighed impacts of the concurrent very weak El Niño event. Soil 
moisture (Figure 3c) is simultaneously affected by precipitation, evaporation, and the soil memory effect. 
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Figure 3. Standardized anomalies during SON in 2019. Climate anomalies for precipitation (a), surface air temperature (b), and soil moisture (c), associated 
with anomalies of GPP (d) and enhanced vegetation index (EVI) (e). The contour lines and arrows in (a) demonstrate the anomalies of velocity potential and 
divergent winds at 200 hPa with their respective units of 106 m2 s−1 and m s−1. The green and orange boxes in (d) represent two regions of “Region 1” and 
“Region 2," which are used to calculate the total GPP and area-averaged EVI variations. (f) standardized total GPP and area-averaged EVI time series over 
Region 1 and Region 2. EVI, enhanced vegetation index; GPP, gross primary productivity.
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Its pattern was more consistent with the precipitation anomaly with the scor of 0.47 and the 95% confidence 
interval of [0.45, 0.48].

The wet conditions (Figures 3a and 3c) regulated by warm pole greatly contribute to the enhanced GPP 
(Figure 3d). Specifically, most of the enhanced GPP over eastern Africa is larger than 2-  variation. In con-
trast, the dry conditions (Figures 3a and 3c) regulated by cool pole resulted in the obvious GPP reduction, 
especially over southern China and eastern Australia with amplitude less than –2-  variation (Figure 3d). 
This spatial pattern of anomalous GPP was further confirmed by the MODIS EVI (Figure 3e) and OCO-2 
SIF (Figure S2).

According to the contrasting impacts of IOD, we can separate the Indian ocean rim countries into two large 
regions (denoted as “Region 1” and “Region 2”) (Figure 3d). Over Region 1, the variation of total GPP for 
SON in 2019 shows the strongest positive anomaly from 2001 to 2019, with the departure stronger than 2-  
(Figure 3f). However, over Region 2, the variation of total GPP for SON in 2019 shows one of the strongest 
negative anomalies, comparable to the reduction induced by extreme El Niño in 2015 (Figure 3f). Also, the 
EVI variations over these two regions are consistent with GPP variations. These results suggest that the 2019 
extreme pIOD event caused extreme GPP anomalies regionally.

3.3. Projected IOD Impacts in Future Greenhouse Warming

We adopted 10 ESMs (Table  1) that participated in CMIP6 to explore the impacts of IOD in the future 
greenhouse warming, based on two sets of fully coupled simulations, namely “esm-hist” and “esm-ssp585” 
(C. D. Jones et al., 2016). We here compare the results in 1979–2019 and 2059–2099. Owing to the different 
strengths of simulated DMI in individual models, we standardized their DMI in SON to show the frequency 
of IOD occurrences in these two periods (Figure 4a). The multimodel median results suggest that IOD oc-
currences in 2059–2099 are more frequent than in 1979–2019, albeit a large inter-model spread exists, which 
is basically consistent with the result, based on CMIP5 multimodel simulations, that greenhouse warming 
will increase frequency of extreme IOD events (Cai et al., 2014). An increasing frequency of extreme IOD 
events results from a mean stage change, exerting stronger regulations on climate variabilities over affected 
regions.

In historical simulations, multimodel median pcor between precipitation and DMI, controlling for the ef-
fect of the Niño3.4 index, shows significant positive values over the WTIO and eastern Africa, but signifi-
cant negative values over SETIO, maritime continent and southeast Australia (Figure 4b). Resultantly, the 
multimodel median pcor between GPP and DMI shows significant positive values over eastern Africa, and 
western part of central Africa, but negative values over southern Africa, India, Indo-China peninsula, mar-
itime continent, and Australia (Figure 4c). These simulated patterns with contrasting influences controlled 
by two SST poles over the Indian ocean resemble the observations (Figures  2e and  2g), although some 
differences exist over India with negative pcor opposite to the observations, and Sahel and southern China 
without obvious correlations (Figures 4b and 4c). In individual ESM simulations, though large inter-model 
differences exist in magnitudes of pcor and spatial extent of IOD-related regulations, they basically capture 
the main characteristics of IOD-affected precipitation (Figure S3) and GPP patterns (Figure S5).

In the future, owing to the increased frequency of IOD occurrences (Figure 4a), multimodel median pcor 
between precipitation and DMI shows the same dipole patterns, but with higher correlations (Figure 4d), 
associated with higher explained variances over large areas (Figure 4f). Over the Indian ocean rim coun-
tries, it is worth mentioning that eastern Africa will experience the most prominent enhancement in pcor 
between precipitation and DMI with the explained variance enhanced by approximately 10% (Figures 4d 
and 4f). Accordingly, multimodel median pcor between GPP and DMI shows the higher positive values over 
eastern Africa, and lower negative values over Sumatra, western and southeastern Australia (Figure 4e), 
with the explained variance enhanced by approximately 10% (Figure 4g). This indicates that IOD events 
will play a more important role in GPP variations over these areas in a future with greenhouse warming. 
Simultaneously, pcor between GPP and DMI over southern Africa, east India, the Indo-China peninsula, 
and northeastern Australia was weakened (Figure 4e), indicating that IOD event in the future will exert a 
less important role in GPP variations there with reduced explained variance (Figure 4g). More details for 
individual model simulations can be found in Figures S4 and S6.
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4. Discussion
4.1. Interference Between IOD and ENSO

The IOD event can be triggered by various mechanisms, categorized as the external forcing or internal 
forcing within the Indian Ocean (Yang et al., 2015), such as the ENSO (Ashok et al., 2003; Guo et al., 2015), 
Madden Julian Oscillation (Rao et  al.,  2008), and the Southern Hemisphere Mechanism (SHM) (Zhang 
et al., 2020). The deep convection will weaken over the maritime continent along with the development 
of an El Niño event, enhancing the sea level pressure there associated with the anomalous pressure gra-
dient. This enhanced pressure gradient drives easterly wind anomalies over the equatorial Indian Ocean, 
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Figure 4. IOD historical and future impacts simulated by fully coupled Earth System Models (ESM) involved in CMIP6. (a) multimodel median probability 
density distributions of standardized SON DMI during 1979–2019 and 2059–2099. The gray error bars denote the 5% and 95% percentiles in 10 ESM simulations. 
The p-values are derived from the Wilcoxon rank-sum test. (b) multimodel median pcor pattern between precipitation and DMI during 1979–2019, controlling 
for the effect of the simulated Niño 3.4 index. (c) multimodel median pr pattern between GPP and DMI during 1979–2019. (d) multimodel median pcor pattern 
between precipitation and DMI during 2059–2099. (e) multimodel median pcor pattern between GPP and DMI during 2059–2099. The hatched areas denote the 
statistical significance at p < 0.1. (f and g) changes of the explained variance for precipitation and GPP in the unit of percentage. DMI, dipole mode index; GPP, 
gross primary productivity; IOD, Indian Ocean Dipole.
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replacing the weak climatological westerlies (Meyers et al., 2007). Thus, the El Niño event can trigger a 
pIOD event, which was regarded as the major external forcing. Therefore, as in Figure 1a, the pIOD events 
basically occur with El Niño events, and nIOD events occur with La Niña events, with their strong interfer-
ence. The IOD and ENSO events have the obvious opposite effects on terrestrial GPP variations over most 
of Africa, India, and Southern China, and same effects over the maritime continent and eastern Australia 
(Figures 2c and 2g). Therefore, if we only consider the ENSO events, we cannot fully understand these re-
gional GPP variations, as suggested by a previous study (Williams & Hanan, 2011). For a typical example in 
2019, a very weak El Niño event occurred. This event obviously cannot explain the warm and severe drought 
conditions over the eastern Australia, making the devastating bushfires (Boer et al., 2020; Nolan et al., 2020; 
Wang et al., 2020) and GPP reductions (Figure 3d). Taking both of ENSO and IOD events into account, we 
can better understand or even predict the variations of these regional ecosystems and carbon cycle.

4.2. Uncertainties in ESM Simulations

Though we suggest that IOD events will exert larger impacts on GPP variations over the central and eastern 
Africa, Sumatra, western and southeastern Australia, and lower impacts over southern Africa, east India, 
the Indo-China peninsula, and northeastern Australia, uncertainties remain in our results owing to large 
inter-model spreads among different ESM simulations (Figures 4a and Figures S3–S6). Figure S7 shows the 
Taylor diagram for the individual ESM pcor pattern against the multimodel median pcor pattern calculated 
from 2059 to 2099. Although they basically capture the main characteristics of IOD-affected GPP patterns 
(Figure S6), models are quite scattered here (Figure S7). We can clearly see that all but ACCESS-ESM1.5 
show higher spatial variations against the multimodel median value. Additionally, the weighted centered 
pattern correlation coefficients range from 0.22 for MPI-ESM1.2-LR to 0.77 for UKESM1-0-LL, indicating 
that there are large differences in model simulated pcor patterns, which lower the reliability of the multi-
model median result. However, McKenna et al. (2020) suggested that the inter-model spread in the frequen-
cy of the IOD has reduced in CMIP6 compared to CMIP5. It indicates that continuous developments of ESM 
can provide us more reliable results for the future projections, providing more opportunities for the further 
investigation and evaluation.

4.3. Further Work

In this study, we focused on the impact of IOD on terrestrial GPP in its mature phase (SON). The impact of 
IOD on the terrestrial carbon cycle in its entire life cycle remains unclear. Additionally, it is well known that 
canonical ENSO events can have lagged effects on the terrestrial carbon cycle, showing that the terrestrial 
largest carbon flux anomalies lag ENSO events by approximately 4–6 months due to the adjustments of soil 
moisture and temperature (Qian et al., 2008; Wang et al., 2016; Wang, Zeng, Wang, Jiang, Chen, et al., 2018). 
Considering the ENSO-IOD coupling, the obvious ENSO lagged effects may have parts of IOD signals. And 
the study of the lagged effect of IOD is suggested for future research.

5. Conclusion
In this study, we illustrate that IOD events can independently exert large impacts on climate anomalies and 
terrestrial GPP over the Indian ocean rim countries during its mature season of SON. The partial correlation 
coefficient (pcor) between GPP and DMI shows the significant positive values over western, central, and 
eastern Africa, and India, and significant negative values over southern China, the Indo-China peninsula, 
maritime continent, and Australia. This is obviously different from the widespread significant negative pcor 
pattern induced by ENSO events. The recent extreme pIOD event in 2019 caused the canonical IOD-affected 
GPP patterns with extreme impacts. Total GPP over the “Region 1” has the largest enhancement for the Sep-
tember-November period from 2001 to 2019 with a departure greater than 2-σ variation, while the variation 
of total GPP over “Region 2” shows one of the strongest reductions, comparable to the amplitude induced 
by the extreme El Niño in 2015.

Further, we utilized 10 ESM historical simulations and future projections to reveal that the occurrence of 
IOD events under the future greenhouse warming is very likely more frequent. The multimodel median 
captures the main characteristics of IOD impacts on precipitation and GPP. Importantly, the median results 
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suggest that IOD events will exert larger impacts on GPP variations over the central and eastern Africa, 
Sumatra, western and southeastern Australia with stronger pcor and enhanced explained variance (up to 
approximately 10%), whereas they will play a less important role in GPP variations over southern Africa, 
east India, the Indo-China peninsula, and northeastern Australia.
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