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An El Niño Mode in the Glacial Indian Ocean?
Kaustubh Thirumalai1,2,3 , Pedro N. DiNezio2 , Jessica E. Tierney3 , Martin Puy2 ,
and Mahyar Mohtadi4

1Department of Earth, Environmental, and Planetary Sciences, Brown University, Providence, RI, USA, 2Institute for
Geophysics, Jackson School of Geosciences, University of Texas at Austin, Austin, TX, USA, 3Department of
Geosciences, University of Arizona, Tucson, AZ, USA, 4MARUM-Center for Marine Environmental Sciences,
University of Bremen, Bremen, Germany

Abstract Despite minor variations in sea surface temperature (SST) compared to other tropical
regions, coupled ocean-atmosphere dynamics in the Indian Ocean cause widespread drought, wildfires,
and flooding. It is unclear whether changes in the Indian Ocean mean state can support stronger SST
variability and climatic extremes. Here we focus on the Last Glacial Maximum (19,000–21,000 years before
present) when background oceanic conditions could have been favorable for stronger variability. Using
individual foraminiferal analyses and climate model simulations, we find that seasonal and interannual
SST variations in the eastern equatorial Indian Ocean were much larger during this glacial period relative
to modern conditions. The increase in year-to-year variance is consistent with the emergence of an
equatorial mode of climate variability, which strongly resembles the Pacific El Niño and is currently not
active in the Indian Ocean.

1. Introduction
Year-to-year sea surface temperature (SST) variations in the equatorial oceans have tremendous climatic
impacts on tropical countries (Birkett et al., 1999; Tierney et al., 2015; Thirumalai et al., 2017) as well as
remote regions throughout the world (Klein et al., 1999; Timmermann et al., 2018). These fluctuations are
large in the Pacific and Atlantic Oceans, where strong equatorial upwelling and a shallow thermocline in
the east favor ocean-atmosphere interactions giving rise to the El Niño–Southern Oscillation (ENSO) and
the Atlantic Niño (Jin, 1996; Neelin et al., 1998; Zebiak, 1993). In contrast, the thermocline is consistently
deep across the equatorial Indian Ocean and upwelling is subdued (Schott et al., 2009), resulting in much
weaker seasonal and interannual climate variability. Instead, air-sea coupling is restricted to a small coastal
region over the southeastern side of the basin, giving rise to the Indian Ocean Dipole (IOD)—a mode of
variability that lacks an equatorial imprint, is much weaker than its Pacific and Atlantic counterparts and
is largely influenced by ENSO (Saji et al., 1999; Stuecker et al., 2017). The limited variability in the Indian
Ocean is ultimately tied to the direction of the prevailing winds and the underlying equatorial SST gradients;
unlike the Pacific or Atlantic oceans where a pronounced SST gradient drives easterly winds that shoal the
thermocline and fuel upwelling, the equatorial Indian Ocean has weak westerlies and warm SSTs across its
basin.

Can the Indian Ocean harbor stronger climate variability under altered mean states? According to climate
modeling studies, the Indian Ocean is expected to exhibit an enhanced east-west SST gradient as the west-
ern side of the basin warms faster than the east under greenhouse warming (Abram et al., 2008; Cai et al.,
2013, 2014; Roxy et al., 2014; Zheng et al., 2013). This pattern of warming could be conducive to stronger
climate variability and large impacts according to some model simulations (Cai et al., 2013, 2014), although
these projections remain highly uncertain (Cai et al., 2013, 2014; Li et al., 2016; Wang et al., 2017; Zheng
et al., 2013). Paleoclimate investigations over geological history provide opportunities to test whether such
large changes are possible. In particular, the Last Glacial Maximum (LGM) emerges as a promising inter-
val of study, as paleoclimate and modeling evidence suggest that the Indian Ocean experienced a similarly
enhanced east-west gradient, albeit under a cooler mean state (DiNezio et al., 2018). The LGM is a period
centered around 19,000 to 21,000 years ago when Pleistocene ice sheets reached their maximum extent,
global sea level was ∼130 m lower than present, and greenhouse gas concentrations were low (∼180 ppm).
Despite vastly different boundary conditions compared to future trajectories, the large changes at the LGM
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Figure 1. Changes in tropical Indian Ocean mean state and variability during the Last Glacial Maximum (LGM).
(a) Mean changes in sea surface temperature (SST; colors, K) and surface wind stress (vectors, Pa) along with simulated
changes (%) with proxy reconstructions of LGM SSTs (19), (b) seasonal, and (c) interannual sea surface temperature
variability between the preindustrial and LGM simulations from Community Earth System Model Version 1.2. Yellow
dots indicate the location of marine sediment core sites used in this study.

can help elucidate the response of variability in the Indian Ocean to climate forcing via changes in zonal
SST gradients.

2. Materials and Methods
2.1. IFA Measurements and Statistics
We reconstruct past climate variability during the LGM using individual foraminiferal analyses (IFA) of δ18O
on the planktic species Globigerinoides ruber. We picked G. ruber shells from Late Holocene (LH; 0–2 ka)
and LGM (19–21 ka) sediments in a series of Indian Ocean cores designed to capture spatial differences in
latitudinal variability (Figure 1). Although IFA has been applied previously to investigate past changes in
western Indian Ocean upwelling (Ganssen et al., 2011) and in the Pacific Ocean to reconstruct past changes
in ENSO (Leduc et al., 2009; Ford et al., 2015; Khider et al., 2011; Koutavas & Joanides, 2012), no records
have been developed from the eastern Indian Ocean to analyze changes in SST variance during the LGM.
Here we use piston cores SO189-119KL (3.52◦N, 96.32◦E; 808 m), SO189-39KL (0.78◦S, 99.90◦E; 517 m),
GeoB 10038-4 (5.94◦S, 103.25◦E, 1,819 m), and GeoB 10053-7 (8.68◦S, 112.87◦E; 1,375 m) collected offshore
Sumatra and Java (Figure 1 depicts core locations). Age models were constructed for each core using planktic
foraminiferal radiocarbon chronologies measured using accelerator mass spectrometry (Mohtadi et al., 2010,
2011, 2014). Given that our target sediment samples (i.e., LH and LGM) are approximately meters apart in
these cores taken from high-sedimentation regions, and considering the extensive number of age control
points delineating linear sedimentation rates at these sites, bioturbation is unlikely to influence our results.
Detailed descriptions regarding the age models of these cores (SO189-119KL—14 dates; SO189-39KL—112;
GeoB 10038-4—6 dates; GeoB 10053-7—19 dates) and associated mean-state paleoclimate reconstructions
are previously published (Mohtadi et al., 2010, 2011, 2014).

In the eastern tropical Indian Ocean, G. ruber is found throughout the year in the upper mixed layer
(Mohtadi et al., 2009); hence, its δ18O composition is primarily controlled by variations in SST and to a lesser
extent the δ18O composition of seawater (δ18Osw). Planktic foraminifera have a near-monthly lifespan, and
therefore, each IFA-δ18O measurement captures a snapshot of SST/δ18Osw conditions during an arbitrary
month within the time interval contained by the sediment sample (Spero, 1998). Whereas the average δ18O of
numerous individuals characterizes the climatic mean state, their distribution represents climate variability
within that time interval (Thirumalai et al., 2013).
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Figure 2. Reconstructed and simulated climate variability in the Indian Ocean. (a) Box plot comparisons of measured
δ18O in individual foraminifera (IFA-δ18O) between Late Holocene (LH; orange) and Last Glacial Maximum (LGM;
blue) samples in each core. Black dots indicate isotopic measurements of individual Globigerinoides ruber tests
(represented as swarms in 0.1 ‰ bins). The X axis is inverted to display warmer values to the right. Note that means
have been removed from each distribution so as to compare variability. Numbers of individual foraminifera analyzed
are as follows (from north to south): 119KL: LH = 63, LGM = 63; 39KL: LH = 58, LGM = 105; 38-4: LH = 58,
LGM = 137; 53-7: LH = 59; LGM = 62. (b) Percent changes in reconstructed and simulated standard deviation of
IFA-δ18O (%) at each site. Reconstructed changes are from IFA-δ18O between the LH and LGM samples whereas
simulated changes are calculated from forward-modeled IFA-δ18O between the preindustrial and LGM simulations
from Community Earth System Model Version 1.2. Solid fills indicate significant changes in variance (F test; p < 0.01).

δ18O measurements (n = 608) were performed on individual specimens of planktic species G. ruber from
each of the LH and LGM samples (Figure 2). We pooled these data for the LH and LGM time period compar-
isons. Individual specimens of the white variety of planktic foraminifer G. ruber were picked from the 300-
to 355-μm size fraction as well as the 355- to 425-μm fraction in each of the LH and LGM samples. These nar-
row size fraction windows minimize size-based ontogenetic effects (Sarkar et al., 1990). As far as possible,
we ensured that sensu stricto morphotypes of G. ruber or close variants were selected for analysis despite
equivalent δ18O values in both conventional foraminiferal analysis at modern and LGM periods as well as in
recent measurements from nearby sediment traps (Mohtadi et al., 2009), validating a previous study report-
ing no discrepancies between the morphotypes (Thirumalai et al., 2014). Shells were picked after thorough
visual examination, and after ultrasonicating briefly in methanol, were analyzed on a Kiel IV Carbonate
Device coupled to a Thermo Scientific MAT 253 Isotope Ratio Mass Spectrometer, housed at the Analytical
Laboratory for Paleoclimate Studies, University of Texas at Austin. The resulting stable isotope values are
all reported in permil relative to the Vienna Pee Dee Belemnite standard notation (‰). An external stan-
dard NBS-19 (n = 165) with the same weight ranges as the individual specimens was routinely analyzed
once every four samples to monitor the accuracy of the measurements. The 1𝜎 analytical precision of stan-
dard analysis during this study was ±0.06 ‰ for carbon and ±0.09 ‰ for oxygen in the 15 to 30𝜇g range.
We compare our IFA-δ18O measurements with forward-modeled δ18O variability from the simulations,
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calculated with monthly SST and salinity fields using established transfer functions, and subsampled in an
iterative process to mimic the IFA technique (Thirumalai et al., 2013).

In order to compare our measurements to observed and simulated variability, we forward-modeled
foraminiferal carbonate δ18O (δ18Ocarbonate [‰, VPDB]) and IFA distributions (Thirumalai et al., 2013)
using monthly SST and surface salinity (to derive δ18Osw [‰, VSMOW]) fields with the following transfer
functions:

1. High-light equation from Bemis et al. (1998):
• δ18Ocarbonate = (δ18Osw − 0.27) + (3.10 − SST (◦C)∕4.8)

2. Tropical salinity-δ18Osw relationship from LeGrande and Schmidt (2006):
• δ18Osw = 0.16 × SSS (PSU) −5.31

We assume stationarity in the salinity-δ18Osw relationship where a recent isotopic modeling study shows
little-to-no bias in this relationship (Holloway et al., 2016) at our selected core sites during the LGM (cf.
Figures 6 and 7 in Holloway et al., 2016). Furthermore, SST variability dominates the IFA-δ18O signal at
these sites (Mohtadi et al., 2009).

2.2. Climate Model Simulations and Experimental Design
The simulations were performed with the Community Earth System Model Version 1.2 (CESM1), a model
that captures both the modern climate state (Figures S1 and S2 in the supporting information) and
proxy-inferred patterns of climate change (Albani et al., 2016; DiNezio & Tierney, 2013; DiNezio et al., 2018;
Zhu et al., 2017) during the LGM (Figure 1a). CESM1 consists of coupled models that simulate the interac-
tions between the ocean, atmosphere, land, and sea ice. The oceanic component of CESM1 was configured
with a nominal horizontal resolution of 1◦ with a meridional refinement of (1/3)◦ approaching the equa-
tor that allows the resolution of equatorial processes (Smith et al., 2010). The atmospheric component, the
Community Atmosphere Model Version 5 (CAM5), was configured with 30 vertical levels. CAM5 includes
comprehensive parameterizations for the simulation of moist turbulence, shallow and deep convection,
cloud microphysics, and aerosol-cloud-rainfall interactions (Neale et al., 2010). Carbon cycle processes, such
as ocean biogeochemistry and land carbon-nitrogen fertilization and its effect on plant phenology, were
disabled.

Our ensemble includes simulations of preindustrial (PI) climate and LGM climate with appropriate bound-
ary conditions. The PI simulation was run with external forcings (solar irradiance, greenhouse gases, and
land use) set constant to 1850 CE values. Due to the length of these runs, the PI simulations are less likely
to be affected by spin-up time and decadal- or centennial-scale climate variability compared to historical
simulations. Since our LH IFA data span the past ∼200–1,000 years, PI simulations are a more appropriate
means for model-data comparison and statistical analysis than historical simulations. The LGM boundary
conditions correspond to 21 ka and include an altered orbital configuration, reduced greenhouse gas con-
centrations, the effect of lowered sea level on coastlines and key ocean passages, and the effect of continental
ice sheets (surface albedo and orography). Full characteristics regarding the implementation of boundary
conditions are previously published (DiNezio et al., 2016, 2018) and discussion regarding simulation length,
potential biases in the model, and other details can be found in the supporting information section.

The ensemble was augmented by a subset of simulations in which modes of climate variability influencing
the Indian Ocean were sequentially disabled. We used these simulations to attribute modes and processes
driving changes in seasonal and interannual climate variability seen in the full LGM simulation (Figure 1).
This additional subset includes a LGM and PI simulations in which ENSO is disabled. In these “LGMnoENSO”
and “PInoENSO” simulations, the SSTs in the equatorial band of the Pacific Ocean (110◦E to 90◦W, 10◦N to
10◦S) are restored to the seasonal cycle (Wang et al., 2016) computed from the full LGM and PI simulations.
A restoring term is applied to the ocean's skin temperature field at every time step during model compu-
tation with a damping timescale of 0.5 day, set to ensure efficient damping of SST anomalies (Wang et al.,
2016). This prevents the growth of SST anomalies associated with ENSO in the equatorial Pacific. The same
methodology is applied for an additional pair of “LGMnoENSOnoIOD” and “PInoENSOnoIOD” simulations in which
the IOD is also disabled. This is accomplished by restoring SSTs in the southeastern pole of the IOD (95◦E
to 110◦W; 10–2.5◦S). By restoring SST anomalies in this area, we effectively remove most of the SST variabil-
ity, as this is the main center of action of the IOD (Schott et al., 2009). The equatorial band (northward from
2.5◦S) is not restored to allow coupled interactions in this region.
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By combining these simulations, the influence of each mode on the changes in SST variance (K2) were
computed as follows:

𝜎2
L − 𝜎2

P
⏟⏟⏟

= (𝜎2
L − 𝜎2

P) − (𝜎2
LnoE

− 𝜎2
PnoE

)
⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟

Changes driven by ENSO

+ (𝜎2
LnoE

− 𝜎2
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) − (𝜎2
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− 𝜎2
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)
⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟

Changes driven by the IOD
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Changes driven by other modes

(1)

where L stands for LGM, P for PI, noE for “noENSO”, and noE-noI for “noENSO-noIOD”. The terms on the
right-hand side represent the influence of ENSO on the total changes in variability, the influence of the IOD
on the total changes in variability, and the portion of the changes in variability independent from ENSO and
the IOD.

3. Results and Discussion
According to CESM1, more pronounced LGM cooling occurs over the eastern Indian Ocean relative to the
west (Figure 1a)—an inference supported by a recent SST proxy compilation (DiNezio et al., 2018). This
pattern is accompanied by changes in surface wind stress (vectors in Figure 1a) that drive a shallower ther-
mocline in the east and stronger equatorial upwelling (DiNezio et al., 2016, 2018)—features that are expected
to be tightly linked according to the dynamics of equatorial oceans (Jin, 1996). Along with these mean-state
changes, CESM1 predicts dramatically increased SST variability under glacial conditions (>50% larger than
the PI control) at both seasonal and interannual timescales with characteristic spatial patterns (Figures 1b
and 1c). The changes in seasonal variability are situated off the equator, in the southeastern Indian Ocean
(Figure 1b), whereas the changes in interannual variability are centered on the equator in the eastern part
of the basin (Figure 1c).

Our IFA-δ18O measurements reveal pronounced increases in climate variability during the LGM as com-
pared to the LH, with increases in both positive and negative extremes (Figure 2a). These changes are large
(up to 95% in standard deviation relative to the LH) and statistically significant at the three northern sites
(Figure 2b). In contrast, the change in IFA-δ18O distribution is insignificant at the southernmost site. Both
the magnitude of change and the spatial pattern are in excellent agreement with the model simulations
(Figure 2b). We infer that our IFA-δ18O data are consistent with large increases in SST variability, given
that the simulated changes in surface salinity (forward-modeled to δ18Osw) are small and that mean salinity
reconstructions from these cores show minimal changes (Mohtadi et al., 2014). When converted to temper-
ature (Bemis et al., 1998), measurements at the three northern sites have an average interquartile range of
2.4 K during the LGM, a ∼100% increase over the LH value (1.2 K), and present-day observations (1.3 K).

Uncertainty inherent to IFA cannot explain the large increases in reconstructed variance. We tested for
significant differences in variance between the LH and LGM data sets using F tests (Figure 2 and sup-
porting information Table S1), where all samples failed to reject the null hypothesis of normality using a
Shapiro-Wilk parametric test of composite normality (Thirumalai et al., 2014). Except for Site GeoB 10053-7,
LGM IFA-δ18O measurements at the three northward sites were found to be significantly different (p < 0.01;
Figure 2). We also performed outlier testing where random samples were removed from each distribution
prior to significance testing and found in ≥90% of 1,000 Monte Carlo realizations, the same results (i.e., of
significantly increased variance during the LGM) for up to ∼50% (n = 30) of IFA measurements removed
from each distribution. Furthermore, despite larger time windows of sampling for the LGM samples in the
equatorial cores (SO189-119KL and SO189-39KL) compared to the LH samples, our results remained robust
when we limited the age interval of our LGM samples to match those of the Holocene samples. Finally, vari-
ance in δ13C between the LH and LGM samples was not significantly different (p > 0.5; Figure S3), which
we interpret as limited changes in the habitat and calcification preferences of G. ruber during the two time
periods (Spero, 1998; Spero & Williams, 1989).

Collectively, the new IFA-δ18O data indicate that the eastern tropical Indian Ocean experienced substan-
tially larger climate variability during the LGM. Spectral analysis of simulated changes at the sites shows
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Figure 3. Model-proxy agreement on increased LGM seasonality and interannual variability in the eastern Indian
Ocean. (a–d) Quantile-quantile (Q-Q) analysis comparing Late Holocene and LGM distributions of IFA-δ18O (red
dots). Each data point comprises four measurements. Dashed red lines indicate regressions for the Q-Q data; dashed
black lines indicate the 1:1 line. The shading represents the 5–95% range of subsampled Q-Q configurations from the
simulations for full LGM variability (blue shading) and LGM seasonality with unchanged interannual variability
(orange shading; see section 2 for more details). Note that the X and Y axes do not have the same range; therefore, the
1:1 line is not plotted at a 45◦ angle. The axes have been inverted to indicated warmer values to the top and right.
CESM1 = Community Earth System Model Version 1.2; IFA = individual foraminiferal analyses; LGM = Last Glacial
Maximum.

enhanced power extending out to interannual timescales (Figure S4); thus, our observation of increased
variance is potentially consistent with both an amplified seasonal cycle as well as increased interannual
variability. However, isolating the latter from IFA data can be challenging in locations where the seasonal
cycle is large (Thirumalai et al., 2013). To assess whether our measurements provide evidence of increased
variability on timescales longer than seasonal, we compare LH and LGM IFA-δ18O measurements using
quantile-quantile (Q-Q) analysis (Figure 3). We evaluate agreement with the simulated changes by gener-
ating multiple Q-Q realizations from model-derived IFA-δ18O distributions with the same quantiles as the
measurements (Figure 3, blue shading). We also tested our data against an alternative hypothesis that the
changes in measured IFA-δ18O variability are caused entirely by increased seasonality during the LGM. To
achieve this, we generated IFA-δ18O distributions from a scenario where seasonality was increased follow-
ing the LGM simulation, but interannual variability was held constant as in the PI simulation (Figure 3,
orange shading).

The Q-Q analysis indicates strengthened glacial variability at the three northern sites (red dashed lines in
Figure 3 have greater slopes than the 1:1 line). However, at the more equatorial sites (Figures 3a and 3b), the
tails show steeper changes than the respective regression lines, reflecting extreme values at both warm and
cold ends of the distribution that are more pronounced under the LGM mean state. These tails fall outside
the envelope of change expected from increased seasonality alone (Figures 3a and 3b, orange) and denote
that these values likely reflect enhanced interannual variability. At the northernmost site, the tails of the
distribution also fall outside the 95% expectation (Figure 3a, blue) indicating severe warm and cold events
that are larger than simulated by CESM1. These equatorial distributions contrast with the off-equatorial
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Figure 4. Simulated seasonal changes in Indian Ocean climate under LGM boundary conditions. Changes between
preindustrial and LGM simulations in rainfall (a, c, e,a nd g) and sea surface temperature and wind stress (b, d, f, and
h) simulated by Community Earth System Model Version 1.2 during the following seasons: March-April-May,
June-July-August, September-October-November, and December-January-February. Vectors show changes in wind
stress over the ocean. LGM = Last Glacial Maximum; SST = sea surface temperature.

site (Figure 3c) where the cool tails in IFA-δ18O are a better fit with the seasonality-only Q-Q hypothe-
ses (Figure 3c). This north-south pattern of interannual versus seasonal increase in variability supports the
simulated differences in spatial patterns associated with each timescale (Figures 1b, 1c, and 2b). We see no
significant changes in variability or in the tails of the distribution at the southernmost site (Figure 3d), once
again in agreement with the model simulations. Overall, our Q-Q analysis establishes that seasonal variabil-
ity alone cannot describe the full range of the IFA-δ18O distributions at the equatorial sites, suggesting that
the increase in LGM variability included an interannual component.

The CESM1 simulations show that the increased seasonal and interannual variability are a response to expo-
sure of the Sunda and Sahul shelves due to lower glacial sea level. The increased seasonality is paced by
seasonal surface cooling and warming over the exposed shelf and amplified by coupled ocean-atmosphere
feedbacks in the eastern Indian Ocean as follows. During boreal spring, cooling over the Sahul Shelf weakens
convection locally and steers easterly wind flow along the coast of Java and Sumatra (Figure 4a). This initial
wind perturbation drives enhanced upwelling and shoals the thermocline during the next season in boreal
summer (Figure 4b). Both processes cool the eastern Indian Ocean altering the east-west SST gradient along
the equator in a way that reinforces the initial easterly wind anomaly and associated oceanic responses. The
resultant positive feedback loop amplifies the cooling of the eastern Indian Ocean, which peaks in boreal
fall (Figure 4c) and decays through the rest of the year (Figure 4d) as the shelf warms up and the coupled
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Figure 5. PMIP multimodel-data comparison. Percent changes in
reconstructed and simulated standard deviation of IFA-δ18O (%) at each
site. Reconstructed changes are from IFA-δ18O between the Late Holocene
and Last Glacial Maximum samples (red), whereas simulated changes are
calculated from forward-modeled IFA-δ18O between the preindustrial and
Last Glacial Maximum simulations from PMIP models. As salinity was not
available for all the models, we converted temperature into δ18O using a
slope of 0.22 ‰ per degree Celsius. PMIP = Paleoclimate Model
Intercomparison Project; CESM1.2 = Community Earth System Model
Version 1.2; IFA = individual foraminiferal analyses.

feedbacks weaken. This cycle repeats every year, under a cooler mean
climate than present, and explains the increased seasonality seen in our
proxy data. Today, cross-equatorial Indian monsoon winds control the
modern seasonality of equatorial Indian Ocean SSTs. Available pale-
oclimatic evidence indicates that the boreal summer monsoons were
unchanged or weakened during the LGM (Beck et al., 2018; Mohtadi
et al., 2011; Sijinkumar et al., 2016) and thus played a minor role driv-
ing changes in seasonality. Furthermore, evidence of past changes in the
intertropical convergence zone from simulations and paleodata suggests
that it was weakened with limited seasonality and displaced south by up
to ∼1◦ latitude (McGee et al., 2014) from its already southerly, modern
position in the Indian Ocean (Schneider et al., 2014). Ultimately, changes
in the position or intensity of the intertropical convergence zone or fluc-
tuations in the Asian monsoon are unlikely to explain increased variance
at our sites. We infer that mean-state changes brought about by the expo-
sure of the Sahul and Sunda shelves explain the observed changes in SST
variability.

The link between seasonal-to-interannual variability and an altered mean
state in the Indian Ocean is robust across multiple models. Outside
CESM1, we focused on LGM simulations as part of the Paleoclimate
Model Intercomparison Project (PMIP). We found that models produc-
ing a strong cooling in the eastern Indian Ocean also simulated increased
SST variability (Figure S5) and aligned with our paleodata (Figure 5). This
tendency is coupled to the ability of the models to simulate large dry-
ing over the Sunda and Sahul shelves. Previously, DiNezio and Tierney
(2013) showed that PMIP models which produced a larger reduction in
convection over the maritime continent under LGM conditions, provided
a better match with hydroclimate proxy reconstructions. As the driver of
anomalous easterlies and cooling in the eastern equatorial Indian Ocean
(Figure 4), we found that the “shelf-exposure mechanism” is also impor-
tant for the intensification of ocean-atmosphere coupling and hence SST
variability across the basin. Though more than half of the PMIP mod-
els show increased variability in the southeastern Indian Ocean, only

two models (CESM1 and HadCM3) simulated large east-west asymmetry and strong equatorial changes in
variability. Consistent with CESM1, the HadCM3 model shows large changes in patterns of seasonal and
interannual variability (Figures S5a–S5c), although the magnitude is larger than inferred from our IFA data
set (Figure 5). A subset of models (MRI, MIROC, and IPSL) also support this link, albeit with a weaker
tendency for seasonal cooling and easterlies, and therefore indicate more modest increases in variabil-
ity. Conversely, the rest of the models show much weaker changes in seasonal and interannual variability
in the Indian Ocean during the LGM due to a lack of seasonal cooling and cannot explain our data set
(Figure S5; see the supporting information for a more detailed discussion). We note that matches between
model and reconstructions might be further improved by utilizing different patterns of land cover over
the exposed shelves in the simulations (DiNezio et al., 2016, 2018), potentially informed by more accurate
reconstructions of vegetation changes during the LGM.

Our quantile-based analyses of the IFA-δ18O measurements support stronger interannual SST variations
superimposed on an amplified seasonal cycle. Multiple factors could explain this rise in year-to-year vari-
ability including changes in the IOD or ENSO. We performed a series of additional simulations to isolate the
effect of ENSO and the IOD and explore whether changes in these processes could explain our data. First,
we find that ENSO as well as its influence over the Indian Ocean weakens under LGM conditions (Zhu
et al., 2017). Although reconstructions of ENSO variability during the LGM are a matter of debate (Koutavas
& Joanides, 2012; Leduc et al., 2009), a recent proxy study supports the simulated weakening (Ford et al.,
2015), which suggests that ENSO changes are unlikely to explain the increase in eastern Indian Ocean vari-
ability. Second, we find that the IOD strengthens under LGM conditions and can partly explain the increase
in interannual variability. However, it accounts for only about half of the overall increase in equatorial SST
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Figure 6. Simulated evolution of warm events in the Indian Ocean under LGM boundary conditions SST (shading) and
wind stress (vector) anomalies during the onset, peak, and decay of an average warm event in the Indian Ocean under
LGM conditions (a–c). SST and wind stress anomalies for average warm events associated with different modes of
variability influencing the IO are shown below (d–f and g–i). Anomalies associated with each mode were computed by
compositing warm events from the LGM, LGMnoENSO and LGMnoENSOnoIOD simulations with their respective
preindustrial simulations and then applying the procedure outlined in equation (1) to isolate the influence of each
mode. Events from each simulation were selected and composited when the SST anomalies averaged in the eastern
equatorial Indian Ocean (70–100◦E, 0–2.5◦N to 2.5◦S) during boreal summer (June-July-August) exceed one standard
deviation. Onset corresponds to June, peak to August, and decay to October. ENSO = El Niño–Southern Oscillation;
IOD = Indian Ocean Dipole; LGM = Last Glacial Maximum; SST = sea surface temperature.

variability (Figure 6). Instead, our simulations show that a substantial fraction of the increase in variability
is explained by the emergence of a mode of variability unobserved in the modern Indian Ocean and dis-
tinct from the IOD (Figure 6). SST variability associated with the unobserved mode is equatorially confined,
unlike the IOD, which is characteristically off-equatorial in its peak and decay (Figure 6), restricted to the
western coasts of Java and Sumatra (Stuecker et al., 2017). Warm events of this “equatorial mode” peak dur-
ing boreal summer and have their center of action over the central equatorial Indian Ocean. These events
are triggered by wind fluctuations to the West—in stark contrast to the southeastern origin of (observed and
simulated) IOD events (Saji et al., 1999; Stuecker et al., 2017).

Instead, this “equatorial mode” in the glacial Indian Ocean shares many commonalities with El Niño in
the modern Pacific Ocean (Figure 7). Different from the IOD, warm “equatorial mode” events are initiated
by atmospheric precursors in the western Indian Ocean (Figure 7a, vectors) that deepen the thermocline
(Figure 7d, contours) and weaken equatorial upwelling in the east. These perturbations initiate (Figure 7a)
and reinforce the growth of positive SST anomalies (Figure 7d, shading) favored by changes in the mean
state, particularly the seasonally shallower thermocline in the east and the stronger equatorial upwelling.
Although the IOD also intensifies in the glacial simulation, its off-equatorial pattern, atmospheric precur-
sors (Figure 7b), and subsurface characteristics unfold differently over the course of an event compared to
those of the equatorial mode (Figures 7d and 7e). Instead, the equatorial mode involves similar precursors
and mechanisms responsible for the growth of El Niño events in the modern Pacific (Figures 7a and 7c),
and indeed, both modes show striking similarities in their spatiotemporal evolution and decay (Figures 7d
and 7f). Like El Niño, equatorial warm events in the Indian Ocean also drive a delayed oceanic response
that shoals the thermocline in the central part of the basin a few months later (Figures 7d and 7f, purple
contours). In the modern Pacific, this delayed oceanic response influences the central and eastern sides of
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Figure 7. Precursors and spatiotemporal evolution of interannual warm events in the glacial Indian Ocean and the
modern Pacific Ocean. (a–c) Composite SST (shading) and surface wind stress (vectors) anomalies for the atmospheric
precursors and (d–f) spatiotemporal evolution of simulated warm events associated with the equatorial mode (a, d) and
Indian Ocean Dipole (IOD) (b, e) simulated under glacial conditions, and observed El Niño in the modern Pacific (c, f).
Observed sea-surface temperatures are from the HadISST data set (Rayner et al., 2003), zonal wind stress is taken from
Tropflux (Praveen Kumar et al., 2011) and thermocline depths are from the ORA-S4 ocean reanalysis data set
(Balmaseda et al., 2012). The thermocline depths are defined as the depth of maximum vertical temperature gradient.
The equatorial mode and IOD are isolated from model output derived from a series of Last Glacial Maximum
simulations using Community Earth System Model Version 1.2 (see section 2 for details).

the basin during the following summer when conditions are favorable for the onset of a cold La Niña event
(Figure 7f, blue shading). Our IFA data also indicate the presence of cold events which the simulations show
are mirror opposites of the warm events. Despite their similarity, they do not oscillate as in the transitions
from an El Niño to a La Niña year in the modern Pacific (Figure 7d). Due to a narrower basin width, the
delayed oceanic responses involved in the oscillatory mechanism arrive too soon in the east and are unable
to synchronize with the seasonal cycle. Regardless, the "equatorial mode" in the glacial Indian Ocean is
shaped by dynamics similar to modern- day El Niño in the Pacific Ocean.

4. Conclusions
We have reconstructed changes in seasonal and interannual variability in the eastern tropical Indian Ocean
during the LGM using IFA. Our data reveal large, positive, and negative SST excursions (close to double the
magnitude of present-day variations) from mean-state LGM conditions. Model simulations of the LGM indi-
cate that changes in mean oceanic conditions are able to drive fundamental reorganizations in the Indian
Ocean basin that can lead to greater seasonal and interannual variability. They also indicate that changes
in ENSO or the IOD are not sufficient in explaining the increased variability observed in our IFA data set.
Instead, the paleodata and simulations are consistent with the activation of an “equatorial” mode of climate
variability in the glacial Indian Ocean that is currently unobserved. The dynamics of this mode strongly
resemble El Niño in the modern Pacific Ocean, with similar precursors and coupled air-sea interactions.
We contend that the emergence of an “Indian Ocean El Niño” during the LGM (or other time periods)
would also impact and interact with the Asian monsoons and affect hydroclimatic extremes across the
Indian Ocean rim. Future data and model investigations of subdecadal climate variability during the LGM
(including changes in the subsurface response as well as changes over terrestrial areas) stand to advance
the “Indian Ocean El Niño” hypothesis and corroborate whether this ocean basin is capable of harboring
stronger year-to-year climate variability.

THIRUMALAI ET AL. 1325



Paleoceanography 10.1029/2019PA003669

References

Abram, N. J., Gagan, M. K., Cole, J. E., Hantoro, W. S., & Mudelsee, M. (2008). Recent intensification of tropical climate variability in the
Indian Ocean. Nature Geoscience, 1(12), 849–853.

Albani, S., Mahowald, N. M., Murphy, L. N., Raiswell, R., Moore, J. K., Anderson, R. F., et al. (2016). Paleodust variability since the Last
Glacial Maximum and implications for iron inputs to the ocean. Geophysical Research Letters, 43, 3944–3954 English. https://doi.org/
10.1002/2016GL067911

Balmaseda, M. A., Mogensen, K., & Weaver, A. T. (2012). Evaluation of the ECMWF ocean reanalysis system ORAS4. Quarterly Journal of
the Royal Meteorological Society, 139(674), 1132–1161.

Beck, J. W., Zhou, W., Li, C., Wu, Z., White, L., Xian, F., et al. (2018). A 550,000-year record of East Asian monsoon rainfall from 10Be in
loess. Science, 360, 1–6.

Bemis, B. E., Spero, H. J., Bijma, J., & Lea, D. W. (1998). Reevaluation of the oxygen isotopic composition of planktonic foraminifera:
Experimental results and revised paleotemperature equations. Paleoceanography, 13(2), 150–160.

Birkett, C., Murtugudde, R., & Allan, T. (1999). Indian Ocean Climate event brings floods to East Africa's lakes and the Sudd Marsh.
Geophysical Research Letters, 26(8), 1031–1034. http://doi.wiley.com/10.1029/1999GL900165

Cai, W., Santoso, A., Wang, G., Weller, E., Wu, L., Ashok, K., et al. (2014). Increased frequency of extreme Indian Ocean Dipole events due
to greenhouse warming. Nature, 510, 254–258.

Cai, W., Zheng, X.-T., Weller, E., Collins, M., Cowan, T., Lengaigne, M., et al. (2013). Projected response of the Indian Ocean Dipole to
greenhouse warming. Nature Geoscience, 6(12), 999–1007.

DiNezio, P. N., & Tierney, J. E. (2013). The effect of sea level on glacial Indo-Pacific climate. Nature Geoscience, 6(6), 1–7.
DiNezio, P. N., Tierney, J. E., Otto-Bliesner, B. L., Timmermann, A., Bhattacharya, T., Rosenbloom, N., & Brady, E. (2018). Glacial changes

in tropical climate amplified by the Indian Ocean. Science Advances, 4(12), eaat9658. http://advances.sciencemag.org/lookup/doi/10.
1126/sciadv.aat9658

DiNezio, P. N., Timmermann, A., Tierney, J. E., Jin, F.-F., Otto-Bliesner, B. L., Rosenbloom, N., et al. (2016). The climate response of the
Indo-Pacific warm pool to glacial sea level. Paleoceanography, 31, 866–894. https://doi.org/10.1002/2015PA002890

Ford, H. L., Ravelo, A. C., & Polissar, P. J. (2015). Reduced El Niño–Southern Oscillation during the Last Glacial Maximum. Science, 347,
1–5.

Ganssen, G. M., Peeters, F. J. C., Metcalfe, B., Anand, P., Jung, S. J. A., Kroon, D., & Brummer, G.-J. A. (2011). Quantifying sea surface
temperature ranges of the Arabian Sea for the past 20 000 years. Climate of the Past, 7(4), 1337–1349.

Holloway, M. D., Sime, L. C., Singarayer, J. S., Tindall, J. C., & Valdes, P. J. (2016). Reconstructing paleosalinity from δ18O: Coupled model
simulations of the Last Glacial Maximum, Last Interglacial and Late Holocene. Quaternary Science Reviews, 131(Part B), 350–364.

Jin, F. F. (1996). Tropical ocean-atmosphere interaction, the Pacific cold tongue, and the El Niño-Southern Oscillation. Science, 274,
76–78 English.

Khider, D., Stott, L. D., Emile-Geay, J., Thunell, R. C., & Hammond, D. E. (2011). Assessing El Niño Southern Oscillation variability during
the past millennium. Paleoceanography, 26, PA3222. https://doi.org/10.1029/2011PA002139

Klein, S. A., Soden, B. J., & Lau, N.-C. (1999). Remote sea surface temperature variations during ENSO: Evidence for a tropical atmospheric
bridge. Journal of Climate, 12(4), 917–932.

Koutavas, A., & Joanides, S. (2012). El Niño-southern oscillation extrema in the holocene and Last Glacial Maximum. Paleoceanography,
27, PA4208. https://doi.org/10.1029/2012PA002378

LeGrande, A. N., & Schmidt, G. A. (2006). Global gridded data set of the oxygen isotopic composition in seawater. Geophysical Research
Letters, 33, L12604. https://doi.org/10.1029/2006GL026011

Leduc, G., Vidal, L., Cartapanis, O., & Bard, E. (2009). Modes of eastern equatorial Pacific thermocline variability: Implications for ENSO
dynamics over the last glacial period. Paleoceanography, 24, PA3202. https://doi.org/10.1029/2008PA001701

Li, G., Xie, S.-P., & Du, Y. (2016). A robust but spurious pattern of climate change in model projections over the tropical Indian Ocean.
Journal of Climate, 29(15), 5589–5608.

McGee, D., Donohoe, A., Marshall, J., & Ferreira, D. (2014). Changes in ITCZ location and cross-equatorial heat transport at the Last Glacial
Maximum, Heinrich Stadial 1, and the mid-Holocene. Earth and Planetary Science Letters, 390(C), 69–79.

Mohtadi, M., Oppo, D. W., Steinke, S., Stuut, Jan-BerendW, De Pol-Holz, R., Hebbeln, D., & Lückge, A. (2011). Glacial to Holocene swings
of the Australian-Indonesian monsoon. Nature Geoscience, 4(8), 540–544.

Mohtadi, M., Prange, M., Oppo, D. W., De Pol-Holz, R., Merkel, U., Zhang, X., et al. (2014). North Atlantic forcing of tropical Indian Ocean
climate. Nature, 509, 76–80.

Mohtadi, M., Steinke, S., Groeneveld, J., Fink, H. G., Rixen, T., Hebbeln, D., et al. (2009). Low-latitude control on seasonal and interannual
changes in planktonic foraminiferal flux and shell geochemistry off south Java: A sediment trap study. Paleoceanography, 24, PA1201.
https://doi.org/10.1029/2008PA001636

Mohtadi, M., Steinke, S., Lückge, A., Groeneveld, J., & Hathorne, E. C. (2010). Glacial to Holocene surface hydrography of the tropical
eastern Indian Ocean. Earth and Planetary Science Letters, 292(1-2), 89–97.

Neale, R. B., Chen, C.-C., Gettelman, A., Lauritzen, P. H., Park, S., Williamson, D. L., et al. Microscale Meteorology (2010). Description of
the NCAR community atmosphere model (CAM 5.0). NCAR Tech. Note NCAR/TN-486+ STR, 1(1), 1–12.

Neelin, J. D., Battisti, D. S., Hirst, A. C., Jin, F.-F., Wakata, Y., Yamagata, T., & Zebiak, S. E. (1998). ENSO theory. Journal of Geophysical
Research, 103(C7), 14261 English.

Praveen Kumar, B., Vialard, J., Lengaigne, M., Murty, V. S. N., & McPhaden, M. J. (2011). TropFlux: Air-sea fluxes for the global tropical
oceans–description and evaluation. Climate Dynamics, 38(7-8), 1521–1543.

Rayner, N. A., Parker, D. E., Horton, E. B., Folland, C. K., Alexander, L. V., Rowell, D. P., et al. (2003). Global analyses of sea surface
temperature, sea ice, and night marine air temperature since the late nineteenth century. Journal of Geophysical Research, 108(D14),
4407. https://doi.org/10.1029/2002JD002670

Roxy, M. K., Ritika, K., Terray, P., & Masson, S. (2014). The curious case of Indian Ocean warming. Journal of Climate, 27(22), 8501–8509.
https://doi.org/10.1175/JCLI-D-14-00471.s1

Saji, N. H., Goswami, B. N., Vinayachandran, P. N., & Yamagata, T. (1999). A dipole mode in the tropical Indian Ocean. Nature, 401, 360–363.
Sarkar, A., Ramesh, R., & Bhattacharya, S. K. (1990). Effect of sample pretreatment and size fraction on the δ18O and δ13C values of

foraminifera in arabian sea sediments. Terra Nova, 2(5), 488–493.
Schneider, T., Bischoff, T., & Haug, G. H. (2014). Migrations and dynamics of the intertropical convergence zone. Nature, 513, 45–53.

Acknowledgments
We are grateful to Michael Lis for
assistance with sample preparation.
We thank Steve Clemens, Chris
Maupin, and Raghu Murtugudde for
reading and commenting on a previous
version of this manuscript. We thank
one anonymous reviewer and Gerald
Ganssen for constructive reviews and
also thank the Editor and Associate
Editor of Paleoceanography and
Paleoclimatology. We acknowledge
members of NCAR's Climate Modeling
Section, CESM Software Engineering
Group, and Computation and
Information Systems Laboratory for
their contributions to the development
of CESM. Funding for this work was
provided by the UTIG Postdoctoral
Fellowship and the Brown Presidential
Postdoctoral Fellowship to K. T., the
NSF (Grants AGS-1204011 and
OCN-1304910) to P. D. N, the David
and Lucile Packard Foundation
Fellowship in Science and Engineering
to J. E. T., and grants from the
“Bundesministerium fuer Bildung und
Forschung” (03G0184A–PABESIA,
03G0189A-SUMATRA, and
03G0806B-CARIMA) to M. M. The
IFA isotopic data set generated in this
study can be found in the
NOAA/NCEI Paleoclimatology
Dataset database (https://www.ncdc.
noaa.gov/paleo-search/study/27210).
Finally, we acknowledge the
contribution of nine other anonymous
reviews, whose input benefitted this
manuscript, to varying degrees.

THIRUMALAI ET AL. 1326

https://doi.org/10.1002/2016GL067911
https://doi.org/10.1002/2016GL067911
http://doi.wiley.com/10.1029/1999GL900165
http://advances.sciencemag.org/lookup/doi/10.1126/sciadv.aat9658
http://advances.sciencemag.org/lookup/doi/10.1126/sciadv.aat9658
https://doi.org/10.1002/2015PA002890
https://doi.org/10.1029/2011PA002139
https://doi.org/10.1029/2012PA002378
https://doi.org/10.1029/2006GL026011
https://doi.org/10.1029/2008PA001701
https://doi.org/10.1029/2008PA001636
https://doi.org/10.1029/2002JD002670
https://doi.org/10.1175/JCLI-D-14-00471.s1.
https://www.ncdc.noaa.gov/paleo-search/study/27210
https://www.ncdc.noaa.gov/paleo-search/study/27210


Paleoceanography 10.1029/2019PA003669

Schott, F. A., Xie, S.-P., & McCreary, J. P. Jr. (2009). Indian Ocean circulation and climate variability. Reviews of Geophysics, 47, RG1002.
https://doi.org/10.1029/2007RG000245

Sijinkumar, A. V., Clemens, S. C., Nath, B. N., Prell, W. L., Benshila, R., & Lengaigne, M. (2016). δ18O and salinity variability from the Last
Glacial Maximum to Recent in the Bay of Bengal and Andaman Sea. Quaternary Science Reviews, 135(C), 79–91 English. https://doi.
org/10.1016/j.quascirev.2016.01.022

Smith, R., Jones, P., Briegleb, B., Bryan, F., Danabasoglu, G., Dennis, J., et al. (2010). The Parallel Ocean Program (POP) reference manual
ocean component of the Community Climate System Model (CCSM) and Community Earth System Model (CESM). Rep. LAUR-01853,
141, 1–140.

Spero, H. J. (1998). Life history and stable isotope geochemistry of planktonic foraminifera. Isotope Paleobiology and Paleoecology;
Paleontological Society Papers, 4, 7–36.

Spero, H. J., & Williams, D. F. (1989). Opening the carbon isotope “vital effect” black box 1. Seasonal temperatures in the euphotic zone.
Paleoceanography, 4(6), 593–601.

Stuecker, M. F., Timmermann, A., Jin, F.-F., Chikamoto, Y., Zhang, W., Wittenberg, A. T., et al. (2017). Revisiting ENSO/Indian Ocean
Dipole phase relationships. Geophysical Research Letters, 50, 2305–2492. https://doi.org/10.1002/2016GL072308

Thirumalai, K., DiNezio, P. N., Okumura, Y., & Deser, C. (2017). Extreme temperatures in Southeast Asia caused by El Niño and worsened
by global warming. Nature Communications, 8, 15531. https://doi.org/10.1038/ncomms15531

Thirumalai, K., Partin, J. W., Jackson, C. S., & Quinn, T. M. (2013). Statistical constraints on El Niño Southern Oscillation reconstructions
using individual foraminifera: A sensitivity analysis. Paleoceanography, 28, 401–412. https://doi.org/10.1002/palo.20037

Thirumalai, K., Richey, J. N., Quinn, T. M., & Poore, R. Z. (2014). Globigerinoides ruber morphotypes in the Gulf of Mexico: A test of null
hypothesis. Scientific Reports, 4, 1–7. https://doi.org/10.1038/srep06018

Tierney, J. E., Ummenhofer, C. C., & deMenocal, P. B. (2015). Past and future rainfall in the Horn of Africa. Science Advances, 1(9), e1500682.
Timmermann, A., An, S.-I., Kug, J.-S., Jin, F.-F., Cai, W., Capotondi, A., et al. (2018). El Niño–Southern Oscillation complexity. Nature,

559, 535–545.
Wang, G., Cai, W., & Santoso, A. (2017). Assessing the impact of model biases on the projected increase in frequency of extreme positive

Indian Ocean Dipole events. Journal of Climate, 30(8), 2757–2767.
Wang, H., Murtugudde, R., & Kumar, A. (2016). Evolution of Indian Ocean Dipole and its forcing mechanisms in the absence of ENSO.

Climate Dynamics, 1–20.
Zebiak, S. E. (1993). Air–sea interaction in the equatorial Atlantic Region. Journal of Climate, 6(8), 1567–1586.
Zheng, X.-T., Xie, S.-P., Du, Y., Liu, L., Huang, G., & Liu, Q. (2013). Indian Ocean Dipole response to global warming in the CMIP5

multimodel ensemble*. Journal of Climate, 26(16), 6067–6080.
Zhu, J., Liu, Z., Brady, E., Otto-Bliesner, B. L., Zhang, J., Noone, D., et al. (2017). Reduced ENSO variability at the LGM revealed by an

isotope-enabled Earth system model. Geophysical Research Letters, 44, 6984–6992. https://doi.org/10.1002/2017GL073406

THIRUMALAI ET AL. 1327

https://doi.org/10.1029/2007RG000245
https://doi.org/10.1016/j.quascirev.2016.01.022
https://doi.org/10.1016/j.quascirev.2016.01.022
https://doi.org/10.1002/2016GL072308
https://doi.org/10.1038/ncomms15531
https://doi.org/10.1002/palo.20037
https://doi.org/10.1038/srep06018
https://doi.org/10.1002/2017GL073406



