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Figure A. (Cheng et al., 2020) Vertical section of the ocean temperature trends within 1960 
to 2019 from the sea surface to 2000 m (60-year ordinary least-squares linear trend). Shown 

are the zonal mean sections in each ocean basin organized around the Southern Ocean 
(south of 60°S) in the center. Black contours show the associated climatological mean 

temperature with intervals of 2°C (in the Southern Ocean, 1°C intervals are provided in 
dashed contours). Institute of Atmospheric Physics gridded data are used. 
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Figure B. Top: Winds evaporate water from the subtropical North Atlantic Ocean, leaving behind 
high levels of salinity during the spring. The exported moisture makes its way to the African Sahel, 
where it soaks the arid land and gradually builds up soil moisture over the course of three months. 

Bottom: The soil moisture couples with convection in the atmosphere to create a feedback loop that 
draws in additional moisture from the North Atlantic and Mediterranean. This increases 

precipitation during the summer African monsoon season. 

(Illustration by Jack Cook, Woods Hole Oceanographic Institution) 

https://www.whoi.edu/press-room/news-release/sahel-rainfall/ 
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cloud) by adding the average of the multi model mean trend of RCP 4.5 and RCP 8.5 for the 

period of 2006-2015 (
𝑅𝐶𝑃4.5𝑀𝑀𝑀+ 𝑅𝐶𝑃8.5𝑀𝑀𝑀

2
)2006-2015 to represent the climate change signal.

The 95% confidence interval for the probability distribution curves is derived from the 2-sigma 

limits for the gaussian distribution of OHC trend derived from random selection of 10-year 

blocks. 

Figure 3.1. Monthly time series of observed OHC change. Monthly Time Series of Ocean Heat 

Content change (OHC) (2005-2015) from ensemble mean (ENSM) of six products for global 

ocean (Global, black), southern hemisphere (red) and northern hemisphere (blue) for 0-2000 

m with their respective trends (1022 J decade-1) in top and the grey lines are the OHC time 

series for global ocean from all the six products. 

Figure 3.2. Zonally integrated Global OHC trend. Zonally integrated global OHC trend (1011 J 

m-2 year-1) for (a) Observed OHC change (𝑂𝐻𝐶𝑜𝑏𝑠 ) (b) MMM of OHC change from RCP

simulations (𝑂𝐻𝐶𝑅𝐶𝑃 ) (c) Observed asymmetric mode of climate variability (ASYMobs) (d)

ASYM mode in pre-industrial control simulations (ASYMPi-Ctrl) (e) Observed internal variability

mode (IVobs) corresponds to ENSO (Niño1 and Niño2), IOD, IPO, NAO, SAM and AMO (f) IV

mode in pre-industrial control simulations (IVPi-Ctrl, 1010 J m-2 year-1). Stippling indicates the

locations where OHC trends are not significant, i.e., <2*standard error of the trends estimated

from (n = 6) observation products and (n = 20) CMIP5 models used in this study.

Figure 3.3. Global OHC trend for 0-2000 m layer. Depth integrated (0-2000 m) global OHC 

trend (107 J m-2 year-1) for (a) Observed OHC change (𝑂𝐻𝐶𝑜𝑏𝑠) (b) MMM of OHC change from 

RCP simulations (𝑂𝐻𝐶𝑅𝐶𝑃) (c) Observed asymmetric mode of climate variability (ASYMobs) (d) 
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ASYM mode in pre-industrial control simulations (ASYMPi-Ctrl) (e) Observed internal variability 

mode (IVobs) corresponds to ENSO (Niño1 and Niño2), IOD, IPO, NAO, SAM and AMO (f) IV 

mode in pre-industrial control simulations (IVPi-Ctrl, 106 J m-2 year-1). Stippling indicates the 

locations where OHC trends are not significant, i.e., <2*standard error of the trends estimated 

from (n = 6) observation products and (n = 20) CMIP5 models used in this study. 

Figure 3.4. Normalized cumulative sum of OHC trend and poleward ocean heat transport. 

(a) Normalised cumulative sum of global OHC trend for 0-2000 m depth from observations

(OHCobs, black), MMM of RCP simulation trend (OHCRCP, red), trend of observed asymmetric

mode of climate variability (ASYMobs, solid blue), asymmetric mode of climate variability from

the MMM of pre-industrial control simulation (ASYMPi-Ctrl, dash blue), observed internal

variability mode (IVobs, solid green), and internal variability mode from the MMM of pre-

industrial control simulation (IVPi-Ctrl, dash green). Contribution of the different modes

towards the OHCobs trend are indicated in parentheses (b) Time mean of total poleward ocean

heat transport (MOHT, black, 1015 W) and its components from the meridional overturning

(OVHT, red, 1015 W) and the large-scale gyres and small-scale eddies (GRHT, blue, 1015 W), for

1958-2004 (solid lines) and for the last decade of 2005-2015 (dash lines) for full ocean depth

(0-5000 m).

Supplementary Figure 3.1. Monthly time series of observed OHC change. Monthly Time 

Series of observed ocean heat content change (OHC) during 2005-2015 from the ensemble 

mean of six products for Global Ocean (Global, black), Southern Hemisphere (red) and 

Northern Hemisphere (blue) for (a) 0-700 m and (b) 700-2000 m depth with their respective 

trends (1022 J decade-1) in the top and the grey lines are the time series of observed OHC 

change for the Global Ocean from all the six observational products. 

Supplementary Figure 3.2. Monthly time series of the indices used in multi linear regression. 

Normalised monthly time series of the high frequency indices of Niño-3.4 index (Niño1), 

Multivariate ENSO index (MEI1), Indian Ocean Dipole (DMI), Marshall’s index of Southern 

Annular Mode (SAMm), SAMcal index calculated by the definition from (Gong and Wang 1999), 

Imaginary part of Hilbert transform of Niño1 (Niño2) and MEI1 (MEI2), North Atlantic Oscillation 

(NAOHi), Low frequency indices of Pacific Decadal Oscillation (PDO), Interdecadal Pacific 

Oscillation index (IPO), Niño-3.4 index (NiñoLo), Atlantic Multidecadal Oscillation (AMO), 

North Atlantic Oscillation (NAOLo). 

Supplementary Figure 3.3. Global OHC trend for 0-700 m layer. Depth integrated (0-700 m) 

global OHC trend (107 J m-2 year-1) for (a) Observed OHC change (𝑂𝐻𝐶𝑜𝑏𝑠) (b) MMM of OHC 

change from RCP simulations (𝑂𝐻𝐶𝑅𝐶𝑃) (c) Observed asymmetric mode of climate variability 

(ASYMobs) (d) ASYM mode in pre-industrial control simulations (ASYMPi-Ctrl) (e) Observed 

internal variability mode (IVobs) corresponds to ENSO (Niño1 and Niño2), IOD, IPO, NAO, SAM 

and AMO (f) IV mode in pre-industrial control simulations (IVPi-Ctrl, 106 J m-2 year-1). Stippling 
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indicates the locations where OHC trends are not significant, i.e., <2*standard error of the 

trends estimated from (n = 6) observation products and (n = 20) CMIP5 models used in this 

study. 

Supplementary Figure 3.4. Global OHC trend for 700-2000 m layer. Depth integrated (700-

2000 m) global OHC trend (107 J m-2 year-1) for (a) Observed OHC change (𝑂𝐻𝐶𝑜𝑏𝑠) (b) MMM 

of OHC change from RCP simulations (𝑂𝐻𝐶𝑅𝐶𝑃) (c) Observed asymmetric mode of climate 

variability (ASYMobs) (d) ASYM mode in pre-industrial control simulations (ASYMPi-Ctrl) (e) 

Observed internal variability mode (IVobs) corresponds to ENSO (Niño1 and Niño2), IOD, IPO, 

NAO, SAM and AMO (f) IV mode in pre-industrial control simulations (IVPi-Ctrl, 106 J m-2 year-1). 

Stippling indicates the locations where OHC trends are not significant, i.e., <2*standard error 

of the trends estimated from (n = 6) observation products and (n = 20) CMIP5 models used in 

this study. 

Supplementary Figure 3.5. Zonally integrated Global OHC trend from known modes. Zonally 

integrated observed partial regression coefficient for the period of 2005-2015 from the multi 

linear regression analysis for (a) Niño1 (1011 J m-2 year-1) (b) DMI (1011 J m-2 year-1) (c) SAMm 

(1011 J m-2 year-1) (d) Niño2 (1011 J m-2 year-1) (e) NAOHi (1011 J m-2 year-1) (f) PDO (1012 J m-2 

year-1), (g) AMO (1012 J m-2 year-1), (h) NAOLo (1012 J m-2 year-1). Stippling indicates the location 

where OHC trend associated with the corresponding climate mode is not significant, i.e., 

<2*standard error of the trends estimated from (n = 6) observation products used in this study. 

Supplementary Figure 3.6. Global OHC trend for 0-2000 m layer from known modes. Depth 

integrated (0-2000 m) observed partial regression coefficient for the period of 2005-2015 

from the multi linear regression analysis for (a) Niño1 (107 J m-2 year-1) (b) DMI (107 J m-2 year-

1) (c) SAMm (107 J m-2 year-1) (d) Niño2 (107 J m-2 year-1) (e) NAOHi (107 J m-2 year-1) (f) PDO (108

J m-2 year-1), (g) AMO (108 J m-2 year-1), (h) NAOLo (108 J m-2 year-1). Stippling indicates the

location where OHC trend associated with the corresponding climate mode is not significant,

i.e., <2*standard error of the trends estimated from (n = 6) observation products used in this

study.

Supplementary Figure 3.7. Global OHC trend for 0-700 m layer from known modes. Depth 

integrated (0-700 m) observed partial regression coefficient for the period of 2005-2015 from 

the multi linear regression analysis for (a) Niño1 (107 J m-2 year-1) (b) DMI (107 J m-2 year-1) (c) 

SAMm (107 J m-2 year-1) (d) Niño2 (107 J m-2 year-1) (e) NAOHi (107 J m-2 year-1) (f) PDO (108 J m-

2 year-1), (g) AMO (108 J m-2 year-1), (h) NAOLo (108 J m-2 year-1). Stippling indicates the location 

where OHC trend associated with the corresponding climate mode is not significant, i.e., 

<2*standard error of the trends estimated from (n = 6) observation products used in this study. 
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Supplementary Figure 3.8. Global OHC trend for 700-2000 m layer from known modes. 

Depth integrated (700-2000 m) observed partial regression coefficient for the period of 2005-

2015 from the multi linear regression analysis for (a) Niño1 (107 J m-2 year-1) (b) DMI (107 J m-

2 year-1) (c) SAMm (107 J m-2 year-1) (d) Niño2 (107 J m-2 year-1) (e) NAOHi (107 J m-2 year-1) (f) 

PDO (108 J m-2 year-1), (g) AMO (108 J m-2 year-1), (h) NAOLo (108 J m-2 year-1). Stippling indicates 

the location where OHC trend associated with the corresponding climate mode is not 

significant, i.e., <2*standard error of the trends estimated from (n = 6) observation products 

used in this study. 

Supplementary Figure 3.9. Normalized cumulative sum of OHC trend. (a) Normalised 

cumulative sum of global OHC trend for 0-700 m depth from OHCobs (Obs, black), OHCRCP (RCP, 

red), ASYMobs (solid blue), ASYMPi-Ctrl (dash blue), IVobs (solid green), and IVPi-Ctrl (dash green). 

Contribution of OHCRCP, ASYMobs, and IVobs towards the OHCobs trend is indicated in 

parentheses. (b) same as (a) but for 700-2000 m. 

Supplementary Figure 3.10. Adjusted R-Square from the multi linear regression. Adjusted R-

square (explained variance) from the multi linear regression analysis for the depth of (a) 0-

2000 m, (b) 0-700 m, and (c) 700-2000 m. 

Supplementary Figure 3.11. Opposite phase of ASYMIV corresponds to the observed 

asymmetric pattern. Opposite phase of the Zonally integrated global OHC trend from (a) 

ASYMPi-Ctrl (1011 j m2 year-1) (b) IVPi-Ctrl (1010 j m2 year-1), depth integrated global OHC trend 

from (c) ASYMPi-Ctrl (107 j m2 year-1) for 0-2000 m (d) and (e) same as (c) but for 0-700 m and 

700-2000 m respectively, (f) IVPi-Ctrl (106 j m2 year-1) for 0-2000 m (g) and (h) same as (f) but

for 0-700 m and 700-2000 m respectively. Stippling indicates the location where OHC trend is

not significant, i.e., <2*standard error of the trends estimated from (n = 20) CMIP5 models

used in this study.

Figure 4.1. Domain of study region. Annual mean of Sea Surface Salinity (SSS) for the study 

area overlaid with the boxes for the Dipole Mode Index (DMI; cyan), Salinity Dipole Index 

(purple) and Niño-3.4 index (green). 

Figure 4.2. Temporal variations of ENSO, IOD and SSS. Monthly normalized time series of (a) 

the El Niño–Southern Oscillation (ENSO) index of the Niño-3.4 region (170°–120°W, 5°S–5°N) 

(black) and SSS anomaly averaged over the Niño-3.4 region (blue) and (b) the Indian Ocean 

dipole (IOD) index (black) and the dipole index of SSS anomaly (blue), which is the difference 

of the central equatorial Indian Ocean (70°–90°E, 5°S–5°N) and the region off the 

Sumatra/Java coast (100°–110°E, 13°–3°S). The red dashed line indicates the threshold of ±0.5 

standard deviation of the Niño-3.4 index and DMI. The correlation coefficient r at zero 

lead/lag between the SSS anomaly and the Niño-3.4 index (SSS0/Niño-3.4) is −0.25 and for the 
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SSS anomaly dipole and IOD index (SSS0/IOD) is −0.17. Similarly, the lead/lag correlation 

shows that the SSS anomaly lags Niño-3.4 index by 6 months (SSS−6/Niño-3.4) with 

maximum r of −0.47 and lags IOD index by 4 months (SSS−4/IOD) with maximum r of −0.37. All 

of the correlation coefficients are statistically significant at 95% from a two-tailed 

Student’s t test. 

Figure 4.3. Seasonal climatological features. Seasonal climatology of (a),(d),(g),(j) sea surface 

salinity (SSS; shaded) overlaid by SST (contoured), (b),(e),(h),(k) moisture flux divergence 

(shaded) where positive indicates convergence and negative indicates divergence overlaid by 

the divergent component of moisture flux (vectors), and (c),(f),(i),(l) precipitation over 

Australia. 

Figure 4.4. Composite analysis. Seasonal composite mean during co-occurring El Niño and 

IOD+ of (a),(e),(i),(m) SST anomaly (shaded; °C) overlaid by 10-m anomalous surface winds 

(vectors; m s−1), (b),(f),(j),(n) sea surface salinity (SSS) anomaly (shaded; psu) overlaid by 

seasonal climatology of SSS (contour), (c),(g),(k),(o) moisture flux divergence anomaly (MFD; 

mm day−1; shaded) overlaid by the divergent component of moisture flux anomaly (kg m−1 s−1; 

vectors), and (d),(h),(l),(p) Australian precipitation anomaly (mm day−1). Black dots indicate 

regions that are statistically significant at 95%, thick black vectors are statistically significant 

at 90%, and thick magenta vectors are statistically significant at 95% from Hotelling’s T-square 

test. Here, (0) and (1) represents the current year of ENSO and the following year, respectively. 

Figure 4.5. Composite analysis. Seasonal composite mean during co-occurring La Niña and 

IOD- of (a),(e),(i),(m) sea surface temperature anomaly (SST anomaly; shaded; °C) overlaid by 

10-m anomalous surface winds (vectors; m s−1), (b),(f),(j),(n) sea surface salinity anomaly (SSS

anomaly; shaded; psu) overlaid by seasonal climatology of sea surface salinity (SSS; contour),

(c),(g),(k),(o) moisture flux divergence anomaly (MFD; mm day−1; shaded) overlaid by the

divergent component of moisture flux anomaly (kg m−1 s−1; vectors), and (d),(h),(l),(p)

Australian precipitation anomaly (mm day−1). Black dots indicate regions that are statistically

significant at 95%, thick black vectors are statistically significant at 90%, and thick magenta

vectors are statistically significant at 95% from Hotelling’s T-square test. Here, (0) and (1)

represents the current year of ENSO and the following year, respectively.

Figure 4.6. Pattern correlation analysis. Pattern correlation analysis of seasonal composite 

mean of spatially normalized SSS anomaly and MFD anomaly with their respective standard 

deviation during co-occurring El Niño and IOD+ (red) and co-occurring La Niña and IOD- (blue) 

over the (a)–(d) Pacific (150°E–150°W, 30°S–10°N) and (e)–(h) Indian Ocean (60°–120°E, 

30°S–10°N). The pattern correlation coefficient r is shown at the bottom in all panels. The 

correlation coefficients that are statistically significant at 95% from a two-tailed 

Student’s t test are marked with asterisks. Here, (0) and (1) represents the current year of ENSO 

and the following year, respectively. 
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Figure 4.7. Composite analysis of case study. Case study of 2010/11 extreme hydroclimatic 

events of Australia (Brisbane flood), during a co-occurring La Niña and IOD- event. Bimonthly 

means from July–August 2010 to January–February 2011 of (a),(e),(i),(m) sea surface 

temperature anomaly (SST anomaly; shaded; °C) overlaid by 10-m surface winds (vectors; m 

s−1), (b),(f),(j),(n) sea surface salinity anomaly (SSS anomaly; shaded; psu) overlaid by seasonal 

climatology of sea surface salinity (SSS; contour), (c),(g),(k),(o) moisture flux divergence 

anomaly (MFD; mm day−1; shaded) overlaid by the divergent component of moisture flux 

anomaly (kg m−1 s−1; vectors), and (d),(h),(l),(p) Australian precipitation anomaly (mm day−1). 

Here, the red circle is the location of Brisbane, which was severely affected by this flood event. 

Here, (0) and (1) represents the current year of ENSO and the following year, respectively. 

Figure 4.8. Schematic illustration. Schematic illustration of the extreme hydroclimatic events 

of Australia during November–December 2010 (Brisbane floods in eastern Australia). The 

presence of a high-salinity signal in the Indian and Pacific Oceans around 10°S–10°N shows a 

region of high evaporation. This extra moisture (green arrows) is transported toward the 

region indicating freshening in the ocean and the Australian landmass as shown by the vectors 

of atmospheric moisture transport (yellow arrows). In this figure the moisture transported 

from the high salinity region in the Indian Ocean converges over the ocean to the northwest 

of Australia, whereas the moisture transported from the high salinity region of Pacific Ocean 

converges over the east coast of Australia. 

Figure 4.9. Regional moisture transport. Spatially integrated moisture flux divergence (Sv; 1 

Sv = 106 m3 s−1) over the Australian continent for western (113°–125°E, 15°–31°S), northern 

(125°–142°E, 11°–18°S), eastern (142°–154°E, 11°–31°S), southern (113°–154°E, 31°–44°S), 

and central (125°–142°E, 18°–31°S) Australia during MAM, JJA, SON, and DJF for (a),(d),(g),(j) 

climatology, (b),(e),(h),(k) co-occurring El Niño and IOD+, and (c),(f),(i),(l) co-occurring La Niña 

and IOD-. Here shading indicates vertically integrated moisture flux divergence (mm day−1) in 

which blue is convergence and orange is divergence with the magnitude in blue and red 

(numbers) for net converged and diverged moisture transport (Sv) in the box, respectively. 

Here black numbers indicate net moisture transport (Sv) for each season over Australia where 

positive (negative) is convergence (divergence), and the green numbers show the net annual 

converging/diverging moisture transport (Sv) for seasonal climatology, co-occurring El Niño 

and IOD+, and co-occurring La Niña and IOD-. 

Figure 4.10. EOF analysis describing mechanistic links. Leading mode of empirical orthogonal 

function (EOF1) of (a) DJF rainfall over Australia and (b) SON SSS over the whole domain (40°E-

100°W, 50°S-10°N) overlaid by the vectors of moisture transport estimated from the 

regression of divergent component of moisture flux of SON onto the leading principal 

component (PC1) associated with the EOF1 of SON SSS; the coloured field over Australia is 

the regressed pattern of SON MFD onto the PC1 of SON SSS where blue and red represents 

convergence and divergence respectively. (c) As in (b), but for DJF SSS, DJF moisture transport 
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vectors, and DJF MFD. (d) Normalized PC1 time series of DJF rainfall (red), SON SSS (grey thick), 

and DJF SSS (black dashed). The correlation coefficients rSON and rDJF represent the correlation 

between the PC1 of DJF rainfall and the SSS anomaly of SON and DJF; respectively. Asterisks 

(thick black vectors) indicate the statistical significance of correlation coefficient and 

(regression) at 95% from a two-tailed Student’s t test. 

Supplementary Figure 4.1. Composite analysis. Seasonal composite mean during pure El 

Niño of (a),(e),(i),(m) sea surface temperature anomaly (SST anomaly; shaded; °C) overlaid by 

10-m anomalous surface winds (vectors; m s−1), (b),(f),(j),(n) sea surface salinity anomaly (SSS

anomaly; shaded; psu) overlaid by seasonal climatology of sea surface salinity (SSS, contour),

(c),(g),(k),(o) moisture flux divergence anomaly (MFD; mm day−1; shaded) overlaid by the

divergent component of moisture flux anomaly (kg m−1 s−1; vectors), and (d),(h),(l),(p)

Australian precipitation anomaly (mm day−1). Black dots indicate regions that are statistically

significant at 95%, thick black vectors are statistically significant at 90%, and thick magenta

vectors are statistically significant at 95% from Hotelling’s T-square test. Here, (0) and (1)

represents the current year of ENSO and the following year, respectively.

Supplementary Figure 4.2. Composite analysis. Seasonal composite mean during pure La 

Niña of (a),(e),(i),(m) sea surface temperature anomaly (SST anomaly; shaded; °C) overlaid by 

10-m anomalous surface winds (vectors; m s−1), (b),(f),(j),(n) sea surface salinity anomaly (SSS

anomaly; shaded; psu) overlaid by seasonal climatology of sea surface salinity (SSS; contour),

(c),(g),(k),(o) moisture flux divergence anomaly (MFD; mm day−1; shaded) overlaid by the

divergent component of moisture flux anomaly (kg m−1 s−1; vectors), and (d),(h),(l),(p)

Australian precipitation anomaly (mm day−1). Black dots indicate regions that are statistically

significant at 95%, thick black vectors are statistically significant at 90%, and thick magenta

vectors are statistically significant at 95% from Hotelling’s T-square test. Here, (0) and (1)

represents the current year of ENSO and the following year, respectively.

Supplementary Figure 4.3. Composite analysis. Seasonal composite mean during pure IOD+ 

of (a),(e),(i),(m) sea surface temperature anomaly (SST anomaly; shaded; °C) overlaid by 10-

m anomalous surface winds (vectors; m s−1), (b),(f),(j),(n) sea surface salinity anomaly (SSS 

anomaly; shaded; psu) overlaid by seasonal climatology of sea surface salinity (SSS; contour), 

(c),(g),(k),(o) moisture flux divergence anomaly (MFD; mm day−1; shaded) overlaid by the 

divergent component of moisture flux anomaly (kg m−1 s−1; vectors), and (d),(h),(l),(p) 

Australian precipitation anomaly (mm day−1). Black dots indicate regions that are statistically 

significant at 95%, thick black vectors are statistically significant at 90%, and thick magenta 

vectors are statistically significant at 95% from Hotelling’s T-square test. Here, (0) and (1) 

represents the current year of IOD and the following year, respectively. 

Supplementary Figure 4.4. Composite analysis. Seasonal composite mean during pure IOD- 

of (a),(e),(i),(m) sea surface temperature anomaly (SST anomaly; shaded; °C) overlaid by 10-
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m anomalous surface winds (vectors; m s−1), (b),(f),(j),(n) sea surface salinity anomaly (SSS 

anomaly; shaded; psu) overlaid by seasonal climatology of sea surface salinity (SSS; contour), 

(c),(g),(k),(o) moisture flux divergence anomaly (MFD; mm day−1; shaded) overlaid by the 

divergent component of moisture flux anomaly (kg m−1 s−1; vectors), and (d),(h),(l),(p) 

Australian precipitation anomaly (mm day−1). Black dots indicate regions that are statistically 

significant at 95%, thick black vectors are statistically significant at 90%, and thick magenta 

vectors are statistically significant at 95% from Hotelling’s T-square test. Here, (0) and (1) 

represents the current year of IOD and the following year, respectively. 

Supplementary Figure 4.5. Pattern correlation analysis. Pattern correlation analysis of 

seasonal composite mean of spatially normalized SSS anomaly (leading by 1 month) and MFD 

anomaly with their respective standard deviation during co-occurring El Niño and IOD+ (red) 

and co-occurring La Niña and IOD- (blue) over (a)–(d) Pacific (150°E–150°W, 30°S–10°N) and 

(e)–(h) Indian Ocean (60°–120°E, 30°S–10°N). The pattern correlation coefficient r is shown 

at the bottom in all panels. The correlation coefficients that are statistically significant at 95% 

from a two-tailed Student’s t test are marked with asterisks. Here, (0) and (1) represents the 

current year of ENSO and the following year, respectively. 

Supplementary Figure 4.6. Temporal variability of ENSO, IOD and SSS during SON. 

Normalized time series of the (a) Niño-3.4 index (red) and (b) DMI (red) with the PC1 of SSS 

(grey) during SON with the correlation coefficient r in parentheses where the asterisk 

represents significance at 95% from a two-tailed Student’s t test. 

Figure 5.1. Annual mean features. Annual mean of Sea Surface Salinity (SSS) for the study 

area overlaid with the boxes for Dipole Mode Index (DMI, purple), Niño-3.4 index (green), 

vectors of moisture transport i.e. divergent component of moisture flux and the Australian 

precipitation where brown indicates low rainfall and green indicates high. 

Figure 5.2. Singular value decomposition of co-varying fields. First mode of joint Singular 

value decomposition (SVD) analysis of (a),(d),(g) SSS anomaly during JAS, SON and DJF 

(b),(e),(h) DJF rainfall anomaly associated with SSS anomaly of JAS, SON and DJF (c),(f),(i) 

normalized time series associated with the first mode of SVD analysis of SSS anomaly (red) 

and Australian rainfall anomaly (grey). The explained variance by SVD analysis of SSS anomaly 

and rainfall anomaly is represented by square covariance fraction (SCF) and the correlation 

coefficient between the associated time series is represented by ‘r’ which is significant at 95% 

from a two-tail student’s t test. 

Figure 5.3. Composite analysis. Composite analysis based on high SON SSS events of SSSP 

region during JAS, SON and DJF for (a),(e),(i) SST anomaly (b),(f),(j) SSS anomaly (c),(g),(k) 

MFD anomaly (shading) overlaid by vectors of divergent component of moisture flux anomaly 



Page | xxix 

(d),(h),(l) soil moisture anomaly (m),(n),(o) rainfall anomaly. Stippling regions and magenta 

vectors are significant at 90%. 

Figure 5.4. Composite analysis. Composite analysis based on low SON SSS events of SSSP 

region during JAS, SON and DJF for (a),(e),(i) SST anomaly (b),(f),(j) SSS anomaly (c),(g),(k) 

MFD anomaly (shading) overlaid by vectors of divergent component of moisture flux anomaly 

(d),(h),(l) soil moisture anomaly (m),(n),(o) rainfall anomaly. Stippling regions and magenta 

vectors are significant at 90%. 

Figure 5.5. Composite analysis. Composite analysis based on high SON SSS events of SSSI 

region during JAS, SON and DJF for (a),(e),(i) SST anomaly (b),(f),(j) SSS anomaly (c),(g),(k) 

MFD anomaly (shading) overlaid by vectors of divergent component of moisture flux anomaly 

(d),(h),(l) soil moisture anomaly (m),(n),(o) rainfall anomaly. Stippling regions and magenta 

vectors are significant at 90%. 

Figure 5.6. Composite analysis. Composite analysis based on low SON SSS events of SSSI 

region during JAS, SON and DJF for (a),(e),(i) SST anomaly (b),(f),(j) SSS anomaly (c),(g),(k) 

MFD anomaly (shading) overlaid by vectors of divergent component of moisture flux anomaly 

(d),(h),(l) soil moisture anomaly (m),(n),(o) rainfall anomaly. Stippling regions and magenta 

vectors are significant at 90%. 

Figure 5.7. Prediction analysis for northeastern Australia. Normalized time series of DJF 

rainfall over northeastern Australia (132oE-152oE and 25oS-10oS) (blue), predicted rainfall 

time series by incorporating the SON indices of SSSP, SSSI, Niño-3.4 and DMI as predictors 

(red), and predicted rainfall without incorporating SSSP and SSSI indices (black dash). The 

variance explained by the prediction model with and without SSS (SSSP and SSSI) indices is 

shown as R2 value. 

Figure 5.8. Predictor importance. Importance of predictors during SON in predicting the DJF 

rainfall over norther east Australia. Magenta line is the median and blue square is the mean. 

Figure 5.9. Prediction analysis for Brisbane region. Normalized time series of DJF rainfall over 

Brisbane region (144oE-154oE and 34oS-24oS) (blue), predicted rainfall time series by 

incorporating the indices of SSSP, SSSI, Niño-3.4 and DMI as predictors (red) for JAS (upper) 

and SON (Lower) and predicted rainfall without incorporating SSSP and SSSI indices (black 

dash). The variance explained by the prediction model with and without SSS (SSSP and SSSI) 

indices is shown as R2 value. 
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Figure 5.10. Predictor Importance. Importance of predictors in predicting the DJF rainfall over 

Brisbane region (144oE-154oE and 34oS-24oS) from JAS indices (Upper) and SON indices 

(Lower). 
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Abstract 

Ocean temperature and salinity are essential variables for understanding variability and 

changes in the coupled ocean and atmosphere system. By tracking changes in temperature 

and salinity, one can assess the changes in the Earth's energy budget and changes in the global 

and regional hydrological cycle.  

The first two research chapters of this thesis investigates the role of internal climate variability 

in the hemispheric asymmetry of global ocean heat content (OHC) change and derives a 

fingerprint of this internal climate variability that is responsible for the asymmetry. 

Hemispheric asymmetry in OHC change corresponds to the high heat gain by the southern 

hemisphere and reduced heat gain by the northern hemisphere. The next two chapters of this 

thesis investigates the links between sea surface salinity (SSS) and Australian rainfall during El 

Niño Southern Oscillation (ENSO) and Indian Ocean Dipole (IOD) events, and the prediction 

of rainfall over northeastern Australia using SSS. 

The second chapter of this thesis investigates the hemispheric asymmetry in which 90% of 

the net global ocean heat gain during 2005–2015 was confined to the southern hemisphere 

with little corresponding heat gain in the northern hemisphere ocean. We propose that this 

heating pattern of the ocean is driven by anthropogenic climate change and an asymmetric 

climate variation between the two hemispheres. This asymmetric climate variation is found 

in the pre-industrial control simulations from 11 climate models. While both layers (0–700 m 

and 700–2000 m) experience steady anthropogenic warming, the 0–700 m layer experiences 

large internal variability, which primarily drives the observed hemispheric asymmetry of 

global ocean heat gain in the 0–2000 m layer. We infer that the rate of global ocean warming 

is consistent with the climate simulations for this period. This chapter reveals the observed 

hemispheric asymmetry in heat gain can be explained by this asymmetric mode in Earth's 

internal climate variability without invoking alternate hypotheses, such as asymmetric aerosol 

loading in the atmosphere. 

The third chapter shows that this observed asymmetric mode is independent of other known 

modes of internal climate variability such as ENSO, Pacific Decadal Oscillation (PDO), etc. 
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Composite events (102 events) from the pre-industrial control simulations of 20 CMIP5 

models are consistent and well correlated with the observed asymmetric pattern. This 

asymmetric mode is distinct from the anthropogenic forcing simulations under different 

Representative Concentration Pathways (RCP). Furthermore, the variance explained by this 

asymmetric mode in the observed OHC changes is similar in magnitude to the underlying 

anthropogenic warming. Indeed, unlike the other known modes of climate variability, this 

asymmetric mode is a new mode of variation that has major influence on the redistribution 

of the global ocean heat gain and ocean heat transport predominantly through the meridional 

overturning circulation. Our study also suggests that this asymmetric mode can plausibly play 

a crucial role in the near-term (~10-15 years) prediction of sea-level rise, heat and carbon 

uptake by the ocean and the cross-equatorial ocean heat transport via the Atlantic Meridional 

Overturning Circulation. 

The fourth chapter of this thesis demonstrates that SSS variability is well correlated with 

variability in Australian precipitation on inter-seasonal to inter-annual timescales and 

provides a tool to locate the source of moisture. We have constructed seasonal composites 

during ENSO and IOD events to understand variations in atmospheric moisture transport and 

rainfall over Australia, and its association with SSS variability. We show that as ENSO and IOD 

events evolve, patterns of positive and negative SSS emerge in the Indo-Pacific warm pool 

region and are accompanied by atmospheric moisture transport anomalies towards (or away 

from) Australia. During co-occurring La Niña and negative IOD events, salty anomalies around 

the Maritime Continent (north of Australia) indicate freshwater export. These anomalies are 

associated with a significant moisture transport that converges over Australia to create 

anomalous wet conditions. In contrast, during co-occurring El Niño and positive IOD events, 

there is a moisture transport divergence anomaly over Australia that results in anomalously 

dry conditions. A case study of the extreme hydroclimatic events of Australia (e.g., 2010-11 

Brisbane flood) demonstrates that the changes in SSS occurs before the peak of ENSO/IOD 

events. This lead time in SSS variations raises the prospect that tracking SSS variations could 

aid the prediction of Australian rainfall in tropical regions. The following chapter uses this 

relationship to demonstrate an improvement in the prediction of Australian rainfall using SSS. 

In the fifth chapter of this thesis, we combine singular value decomposition (SVD) and 

composite analysis with a machine learning algorithm (random forest regression) to use SSS 
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as an additional precursor to improve Australian rainfall prediction. From SVD analysis, we 

show that the SSS in the prior seasons (July-September and September-November) in two 

regions (tropical western Pacific – SSSP, and tropical eastern Indian Oceans - SSSI) covary with 

the December-February rainfall over northeastern Australia. The composite analysis is based 

on years of high and low SSS anomaly in the SSSP and SSSI regions. These SSS anomalies show 

the signature of co-occurring ENSO and IOD events. The use of random forest regression 

shows that incorporating the prior season's SSS anomaly as an additional precursor, in 

addition to temperature-based indices (ENSO and IOD), improves the prediction of rainfall 

over northeastern Australia. We also show that SSS in the SSSP region is the second most 

important precursor after ENSO for predicting rainfall over northeastern Australia. The 

variance explained by incorporating the SSS (r2 = 0.49) is more than the variance explained by 

the SST-based precursors alone, i.e., ENSO and IOD indices (r2 = 0.38) for the prediction of 

rainfall over northeastern Australia. Our study suggests that monitoring the SSS variations can 

provide a metric for Australian precipitation and can aid in improving its prediction. 

In conclusion, this thesis investigates the strong influence of the asymmetric mode of internal 

climate variability that can effectively redistribute anthropogenic heat gain by the global 

ocean. This asymmetric mode of internal variability is found in the pre-industrial control 

simulation, so it is additive to anthropogenic forcing. This thesis also demonstrates the 

physical link between SSS variability and Australian rainfall through atmospheric moisture 

transport and suggests that monitoring SSS variability could aid the prediction of Australian 

rainfall.  
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Chapter 1 

Introduction 

Ocean temperature and salinity are key variables for understanding global and regional 

changes of the ocean and atmosphere (Pawlowicz, 2013). Both temperature, and salinity vary 

geographically and also from the surface to the ocean abyss and over a wide range of 

temporal scales. Ocean temperature and salinity fields influence the global thermohaline 

circulation which is a vital component to understanding changes in the climate (Rahmstorf, 

2003). The detection of natural and anthropogenic climate change in the Earth system is 

profoundly attributed to the observed changes in ocean temperature and salinity. These 

observed changes show global and regional variations. The continuous monitoring of ocean 

temperature and salinity through in situ (Argo floats, Expandable Bathythermograph (XBT), 

etc.) and/or satellite observation through remote sensing are providing better insight from 

regional to global scale changes in weather and climate patterns. This study focuses on using 

changes in the ocean temperature and salinity to understand global ocean warming due to 

anthropogenic and natural forcing and variations in the Earth’s water cycle, particularly 

rainfall variability over land.  

1.1. Ocean Heat Content 

Observations of ocean temperature 

play a major role in tracking the total 

Earth’s energy imbalance. This energy 

imbalance at the top of the 

atmosphere arises from natural and 

anthropogenic changes (Bindoff et al., 

2007). The global estimates of ocean 

temperature or ocean heat content 

(OHC) changes show unabated 

Figure 1.1. Heat storage in the components of climate 
system, Source: IPCC-2007. 

https://skepticalscience.com/graphics.php?g=12
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warming since 1960 (Levitus, Antonov and Boyer, 2005; Roemmich et al., 2015). Among 

various components of the climate system such as land, atmosphere, ice sheets, and glaciers, 

oceans are the dominant component in the storing of heat gained by the climate system 

(Bindoff et al., 2007). According to (Rhein et al., 2013), it is virtually certain (probability > 99%) 

that the ocean between 0-2000 m depth has warmed significantly with 64% of the total heat 

gain occurring in the depth range of 0-700 m between 1971 and 2010. 

The Earth’s energy imbalance is due to 

the positive radiative forcing of the 

climate system and is driving ongoing 

global warming (Cheng et al., 2017). 

The rising heat into the Earth system is 

due to an energy imbalance at the top 

of the atmosphere of order 0.5-1 W m-

2 (Trenberth, Fasullo and Kiehl, 2009). 

The excess energy has primarily been 

stored in the ocean (Bindoff et al., 

2007), as indicated by the long-term 

trend in OHC (Domingues et al., 2008; 

Trenberth et al., 2016; Von 

Schuckmann et al., 2016). 

Figure 1.1 shows that more than 90% of the net heat gain by the Earth in the last 50 years has 

been absorbed by the ocean and the remainder of the heat has been distributed among the 

other components of the climate system (Bindoff et al., 2007). The recent Special Report on 

the Ocean and Cryosphere in a Changing Climate (SROCC-2019) from the Intergovernmental 

Panel on Climate Change (IPCC) shows that the anthropogenic rise in global OHC will continue 

in coming decades for both low and high greenhouse gas emission scenarios and it is likely 

that the rate of ocean warming has increased since 1993 (Bindoff et al., 2019). By 2100 the 

OHC will very likely (probability > 90%) to have increased by 2 to 4 times the observed increase 

since 1970 for low emissions (RCP2.6), and 5 to 7 times for the high emissions scenario 

(RCP8.5) (Bindoff et al., 2019). Moreover, the warming of the global and regional oceans has 

Figure 1.2. The global annual mean Earth’s energy 
budget for 2000 to 2005 (W m–2). The broad 
arrows indicate the schematic flow of energy in 
proportion to their importance (Trenberth, 
Fasullo and Kiehl, 2009). 
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penetrated deeper than 2000 m since 1981 with the majority of warming occurring in the 

Atlantic and Southern Oceans (Desbruyères et al., 2016). 

Despite numerous efforts to detect the historical OHC 

changes and attribute the causes to its variations, a 

significant amount of uncertainty exists in the OHC 

estimates (Cheng, Trenberth, et al., 2016). These 

underlying uncertainties limit our ability to fully assess 

the closure of Earth’s energy imbalance and sea-level 

budget (Lyman et al., 2010). Major sources of errors in 

the historical in situ temperature are from the sparse 

data coverage and systematic biases in the expendable 

bathythermograph (XBT, Figure 1.3) measurements 

(Domingues et al., 2008). These errors have largely been 

rectified (Levitus et al., 2009; Gouretski and Reseghetti, 

2010) but there are still some gaps the need to be filled 

to understand and correct these biases (Boyer et al., 

2016; Cheng, Abraham, et al., 2016). 

The continuous advancement in observational 

oceanography is reducing the uncertainties involved in 

the measurements of the oceanographic variables. One 

of the best and most reliable instrumental 

developments is the Argo float (Figure 1.4). The global 

Argo array is a network of profiling floats designed to 

measure ocean temperature and salinity for the depth 

of range 0-2000 m. At present (13th June 2020) there are 

3964 operational Argo floats operating in the global 

ocean (source: http://www.argo.ucsd.edu/). 

Consequently, there have been dramatic improvements 

in the sampling and quality of measurement of temperature and salinity in the upper 2000 m 

of ocean as a result of the Argo array. Argo observations have been particularly useful in 

Figure 1.3. Expendable 
Bathythermograph, Source: 

http://imos.org.au/ 

Figure 1.4. Argo float, Source: 
http://www.argo.ucsd.edu/ 
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examining ocean changes on timescales of decades and longer for climate variables like OHC 

(Riser et al., 2016).  

This study focuses on the observed changes in the global OHC for the depth range of 0-2000 

m during the Argo period i.e. 2005-2015. During this period, it is observed that the net global 

ocean heat gain is primarily confined to the southern hemisphere and there is a small heat 

gain in the northern hemisphere (Roemmich et al., 2015; Llovel and Terray, 2016; Wijffels et 

al., 2016). It was suggested (Wijffels et al., 2016; Shi, Xie and Talley, 2018) that the observed 

hemispheric asymmetry may be related to natural decadal variability or the high 

concentration of anthropogenic aerosols present in the northern hemisphere (Haywood, 

Jones and Jones, 2014). However, the causes of this hemispheric asymmetry remain unclear. 

This thesis aims to understand the mechanisms or causes of the observed hemispheric 

asymmetry of the global ocean heat gain in the upper 2000 m of the ocean between 2005 and 

2015. 

1.2. Sea Surface Salinity 

Various recent arguments and scientific 

evidence have come forward to support the 

consistent observation of ocean salinity. 

Ocean salinity has traditionally been given 

lower importance by the oceanographic 

community primarily because it has been 

considered as a passive ocean variable and 

with lower measurement accuracy (Schmitt, 

2008; Durack, 2015). Before the Argo era, 

ocean salinity was much more poorly 

sampled relative to ocean temperature. 

Argo measurements of salinity have 

revealed  seasonal to decadal-scale changes with significant patterns of change in each of the 

major ocean basins (Riser et al., 2016). This new precision and capacity in ocean salinity 

measurements has helped in understanding the global and regional hydrological changes and 

human influence (Wong, Bindoff and Church, 1999; Bindoff et al., 2007, 2013; Helm, Bindoff 

Figure 1.5. Soil Moisture Active Passive 
(SMAP), Source: 

https://www.nasa.gov/sites/default/file
s/thumbnails/image/pia19133_0.jpg 
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and Church, 2010; Durack, Wijffels and Matear, 2012; Rhein et al., 2013). These recent 

advances in the direct measurement of salinity include Argo, as discussed earlier, and satellite 

remote sensing (Figure 1.5) to obtain sea surface salinity (SSS) with better spatio-temporal 

resolution (Reul et al., 2020). Satellite data from ESA/Soil Moisture and Ocean Salinity (SMOS) 

and Soil Moisture Active Passive (SMAP) missions reveal the potential of monitoring SSS from 

space for understanding the global hydrological cycle, the ocean circulation from the 

mesoscale through to gyre, basin and global scales (Rast, Johannessen and Mauser, 2014; 

Reul et al., 2014; Srokosz and Banks, 2019). 

Earlier work has shown that ocean 

salinity can be used as an active 

indicator of the changes in the global 

and regional hydrological cycle 

(Durack and Wijffels, 2010; L. Li et al., 

2016b; Chen et al., 2019). The SSS 

serves the purpose of Nature’s rain 

gauge and can be efficiently used as 

an indicator for the changing global 

water cycle (Schmitt, 2008; Terray et 

al., 2012; and the references above).  

Change in SSS in the open ocean is 

primarily a balance between 

evaporation (E) and precipitation (P) which is also known as the freshwater flux forcing (E 

minus P) for the open ocean salinity (Yu, 2011). High salinities are broadly located in the 

subtropical ocean, also known as the evaporation, dominated region. Low salinities are 

located in the tropical and higher latitude regions where precipitation dominates over 

evaporation (Durack, Wijffels and Matear, 2012). Increasing SSS in the evaporative regions of 

the ocean and increased freshening in the regions of excess precipitation suggest an 

intensification of the global hydrological cycle (Huntington, 2006; Helm, Bindoff and Church, 

2010; Lago et al., 2016). Due to the intensified hydrological cycle, evaporative regions 

(subtropics and subpolar) get saltier, and precipitation regions (tropics and polar) get fresher, 

following the paradigm of "Rich get Richer and Poor get Poorer."  

Figure 1.6. Schematic representation of the global 
water cycle shows the key role of the ocean and 
surface rainfall and evaporation fluxes. (Durack et 
al., 2016) 
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Rhein et al., (2013) show that the water cycle is expected to intensify in a warmer climate, 

because warmer air can be moister: the atmosphere can hold about 7% more water vapour 

for each degree Celsius of warming. Thus, evaporation and precipitation are projected to 

intensify. Moreover, observations since the 1970s show increases in surface and lower 

atmospheric water vapour at a rate consistent with observed warming. 

Apart from the detection of an intensified global water cycle from climate change, the SSS is 

also gaining attention for use as a precursor to understand the regional, terrestrial rainfall 

changes from inter-seasonal to inter-annual timescales. Recent studies (L. Li et al., 2016b, 

2016a; Chen et al., 2019) shows that moisture originates from the ocean surface to precipitate 

elsewhere, and this evaporation at the source leaves an imprint on the SSS. Thus, the spatio-

temporal variation of the oceanic sources of moisture can be monitored by SSS that covary 

with the terrestrial precipitation (with a coincident moisture transport through the 

atmosphere). Moreover, in predicting the terrestrial precipitation, the SSS can, at times, 

outperform the sea surface temperature (SST) based precursor such as ENSO, IOD, etc. 

Australian rainfall is known to be drastically affected by the SST changes in the Indo-Pacific 

Ocean basins (King et al., 2014; Fan et al., 2016). Some of the major sources of variability of 

Australian rainfall are from ENSO and IOD on inter-seasonal to inter-annual timescales 

(Ummenhofer et al., 2009, 2015; Cai et al., 2011; Taschetto et al., 2011). The oceans around 

Australia are an immense reservoir of moisture supply to the atmosphere. This thesis aims to 

investigate variations in SSS around Australia and its co-variability with Australian rainfall. This 

thesis also demonstrates the improvement in the prediction of Australian rainfall using SSS. 

 

1.3. Thesis objectives 

This thesis comprises of four objectives. The first and second objectives aim to understand 

changes in the global OHC. The third and fourth objectives aim to understand the links 

between ocean salinity and Australian rainfall.  

These objectives seek to find answer to the following questions: 

1.3.1. First Objective 
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What causes the observed hemispheric asymmetry in the upper 2000 m of the global 

ocean heat content change between 2005 and 2015? 

This objective focuses on the investigation of the observed hemispheric asymmetry in the 

global OHC change during 2005-2015 in the upper 2000 m of ocean. This is addressed in the 

second chapter of the thesis where the role of internal climate variability is assessed in the 

redistribution of heat gain by the ocean between 2005 and 2015. The conclusion of this 

chapter is that the Earth’s asymmetric pattern of heat gain is due to an asymmetric mode of 

climate variation and anthropogenic forced heat gain. The asymmetric mode (evident in 

CMIP5 pre-industrial control simulations) skews the total heat gain in the global system 

towards the southern hemisphere during this period. Thus, observed hemispheric asymmetry 

can be explained as the internal redistribution of the global ocean heat gain without invoking 

alternate hypotheses, such as asymmetric aerosol loading. The results of this chapter are 

published in Nature Communications. 

Rathore, S., Bindoff, N. L., Phillips, H. E., Feng, M. (2020) ‘Recent hemispheric asymmetry in 

global ocean warming induced by climate change and internal variability’, Nature 

Communications. Springer US, 11(1), p. 2008. doi: 10.1038/s41467-020-15754-3. 

1.3.2. Second Objective 

What does the fingerprint of the asymmetric mode of internal variability looks like in the 

observations and climate model simulations? 

The third chapter of the thesis investigates the zonal and spatial patterns of the asymmetric 

mode of internal variability in observations and climate model simulations. This is an 

extension of the first objective which only identified the existence of an asymmetric mode of 

OHC variation in the northern and southern hemispheres. This chapter characterises the 

fingerprint of the asymmetric mode of internal variability. This mode is distinct from 

anthropogenic warming and the other known modes of climate variability such as ENSO, IOD, 

southern annular mode (SAM), Pacific decadal oscillation (PDO), North Atlantic oscillation 

(NAO) and Atlantic multidecadal oscillation (AMO). This observed asymmetric mode of 

internal variability is also present in composites from the pre-industrial control simulations of 

20 CMIP5 climate models that illustrate “extreme” asymmetry between northern and 
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southern hemisphere OHC states. Moreover, the variance explained by this asymmetric mode 

is similar in magnitude to the underlying anthropogenic warming between 2005 and 2015. 

The results of this chapter are in preparation for submission to Nature Climate Change. 

Rathore, S., Bindoff, N.L., Phillips, H.E., Feng, M., A New Mode of Asymmetric Internal 

Variability in the Ocean. Nature Climate Change. Submitted to GRL. 

1.3.3. Third Objective 

How are sea surface salinity variations related to Australian precipitation during El Niño 

Southern Oscillation and Indian Ocean Dipole events? 

This objective is addressed in the fourth chapter of this thesis and deals with mechanistic links 

between SSS and Australian rainfall during ENSO and IOD events. The results of this objective 

demonstrate that during ENSO and IOD events, the SSS variations of the Indo-Pacific warm 

pool region are connected to Australian precipitation through atmospheric moisture 

transport with divergence of moisture from the Indo-Pacific warm pool and convergence over 

Australia. This link between the SSS and Australian rainfall is exemplified by a case study of 

an extreme hydroclimatic event in Australia: 2010-11 Brisbane floods. The results of this 

chapter are published in Journal of Climate. 

Rathore, S., N. L. Bindoff, C. C. Ummenhofer, H. E. Phillips, and M. Feng, Near-Surface 

Salinity Reveals the Oceanic Sources of Moisture for Australian Precipitation Through 

Atmospheric Moisture Transport. J. Climate, doi: https://doi.org/10.1175/JCLI-D-19-0579.1. 

© American Meteorological Society. Used with permission. 

1.3.4. Fourth Objective 

Can sea surface salinity during prior seasons (July-September and September-November) 

be used to improve the prediction of summer precipitation over Australia? 

This chapter demonstrates that variability in the SSS of the Indo-Pacific warm pool is 

correlated with the northeast Australian rainfall and can be used to improve rainfall 

prediction there.  SSS is used as an additional precursor (along with ENSO and IOD, SST-based 

indices) for predicting Australian rainfall in an application of machine learning called random 

forest regression. This study shows that the SSS of prior seasons over the Indo-Pacific warm 
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pool region co-vary with December-February rainfall over northeastern Australia. The results 

from the machine learning analysis show that SSS is the second most important variable after 

ENSO (Niño-3.4, SST-based index). Inclusion of SSS improves the explained variance of the 

prediction compared with the prediction from the SST-based precursors alone i.e. ENSO and 

IOD. The results of this chapter are in preparation for submission to the Journal of Climate. 

Rathore, S., N. L. Bindoff, C. C. Ummenhofer, H. E. Phillips, M. Feng, and M. Mishra, 

Improving Australian Rainfall Prediction Using Sea Surface Salinity. Submitted to Journal of 

Climate. 
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Chapter 2 

Recent Hemispheric Asymmetry in 

Global Ocean Warming Induced by 

Climate Change and Internal 

Variability 

Abstract 

Recent research shows that 90% of the net global ocean heat gain during 2005–2015 was confined to 

the southern hemisphere with little corresponding heat gain in the northern hemisphere ocean. We 

propose that this heating pattern of the ocean is driven by anthropogenic climate change and an 

asymmetric climate variation between the two hemispheres. This asymmetric variation is found in the 

pre-industrial control simulations from 11 climate models. While both layers (0–700m and 700–2000 

m) experience steady anthropogenic warming, the 0–700 m layer experiences large internal variability, 

which primarily drives the observed hemispheric asymmetry of global ocean heat gain in 0–2000 m 

layer. We infer that the rate of global ocean warming is consistent with the climate simulations for 

this period. However, the observed hemispheric asymmetry in heat gain can be explained by the 

Earth’s internal climate variability without invoking alternate hypotheses, such as asymmetric aerosol 

loading. 
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2.1. Introduction 

Estimates of global ocean heat content (OHC) have improved dramatically since the Argo 

array obtained global coverage in 2005 (Roemmich et al., 2015; Wijffels et al., 2016). OHC is 

the best means available to track the Earth’s energy imbalance that is driving ongoing global 

warming (Cheng et al., 2017). This energy imbalance is due to the positive radiative forcing of 

the climate system, which is dominated by the increasing greenhouse gas concentrations, CO2 

in particular (Bindoff et al., 2013). More than 90% of the Earth’s heat increase is due to this 

energy imbalance and has been taken up by the ocean (Bindoff et al., 2007), as indicated by 

the long-term trend in OHC (Domingues et al., 2008; Trenberth et al., 2016; Von Schuckmann 

et al., 2016). The importance of the deep ocean, below the limit of Argo observations (2000 

m), has also been highlighted, particularly in efforts to distinguish decadal changes in OHC 

from long-term trends (Purkey and Johnson, 2010; Palmer, McNeall and Dunstone, 2011). 

In the decade of 2001-2012, a hiatus was observed in the increasing long-term trend of 

globally-averaged surface air temperature (Trenberth and Fasullo, 2012). This pause in 

surface warming was the result of trade wind intensification due to the Interdecadal Pacific 

Oscillation (England et al., 2014; Roberts et al., 2015), and with these changes, there was a 

corresponding redistribution of energy within the oceans (Lee et al., 2015; Roberts et al., 2015; 

Liu, Xie and Lu, 2016; Yan et al., 2016) and this redistribution is potentially connected to this 

asymmetric mode. Volcanic events have also contributed to the observed global warming 

hiatus by increasing the stratospheric loading of sulphate aerosols and cooling the 

troposphere (Fyfe et al., 2013; Santer et al., 2014). The hiatus demonstrates the role of 

internal climate variability and the natural forcing to modify the observed hemispheric rate 

of heat content change.  

Hemispheric asymmetry in global OHC anomaly of the upper 2000 m has been observed 

during 2005-2015, where the northern hemisphere shows a reduced rate of OHC change, and 

the southern hemisphere oceans have absorbed 67-98 % of the net global ocean heat gain 

(Roemmich et al., 2015; Llovel and Terray, 2016; Wijffels et al., 2016). The precise cause of 

this intensified hemispheric asymmetry in OHC is unclear. However, previous studies 

(Roemmich et al., 2015; Wijffels et al., 2016; Shi, Xie and Talley, 2018) suggest that the 

asymmetric warming may be related to the natural decadal variability or to the high 
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concentrations of aerosols in the northern hemisphere (Haywood, Jones and Jones, 2014), 

which have contributed to the radiative cooling of the northern hemisphere. Moreover, this 

asymmetric warming is striking in the presence of large-scale increases in the observational 

records of the ocean temperatures (Levitus et al., 2000). This rise in ocean temperature is 

reflected in the long-term warming of the global ocean, which has shown a rise of OHC in both 

hemispheres (Levitus et al., 2000; Levitus, Antonov and Boyer, 2005). Our study shows that 

the observed asymmetric ocean warming during 2005-2015 can be explained by the internal 

climate variability superimposed on the long-term symmetric anthropogenic ocean warming. 

2.2. Methods  

2.2.1. Observation and Reanalysis products 

All observational and reanalysis data sets have 1o×1o spatial resolution, except for SODA3.3.1 

(0.5o×0.5o). Consequently, all the products were re-gridded to a common grid defined by the 

RG climatology. From the re-gridded observational and reanalysis products, we computed the 

ensemble mean of the monthly OHC anomalies by using Equation (2.1) over the period 2005-

2015, calculated as 

𝑂𝐻𝐶(𝑥, 𝑦, 𝑡) =  𝐶𝑝 ∫ 𝜌(𝑥, 𝑦, 𝑧, 𝑡) 𝜃(𝑥, 𝑦, 𝑧, 𝑡) 𝑑𝑧 
𝑧2

𝑧1

                     (2.1) 

where, 𝐶𝑝 is the specific heat capacity of seawater 3992 J kg-1 K-1, 𝜌 is the potential density of 

seawater computed from potential temperature (𝜃, degrees K) and practical salinity (𝑆, pss) 

provided by the observations and reanalysis products and depths 𝑧1 and 𝑧2 (m) are the limits 

of integration. We calculated OHC for three depth ranges: 0-2000 m, 0-700 m, and 700-2000 

m. 

2.2.2.  Historical Observation from Reanalysis products 

For the running trend of 10-year periods from historical observations (Hist-Obs), we used the 

long-term time series of OHC from 1980-2016 and computed the linear trend in a 10-year 

window that slides by 12 months. We performed this computation on EN4.2.1, ORAS5, ORAS4, 

and SODA3.12.2 and then averaged the trends obtained from the four products to get an 

ensemble mean view. 
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2.2.3.  CMIP5 products 

To understand the anthropogenic climate change signal and internal variability, we chose 11 

CMIP5 models, as shown in Supplementary Table 2.1. The choice of these 11 CMIP5 models 

is based on a previous study (Armour et al., 2016) which shows that the Southern Ocean has 

high heat content between 40o-50oS and 11 (out of 12) CMIP5 models robustly capture the 

pattern of high heat storage on the northern flank of the Antarctic Circumpolar Current, i.e. 

zonal band of 40o-50oS. The selected (Armour et al., 2016) CMIP5 models also provide output 

for the net sea-surface heat flux and thus allow the estimation of ocean heat uptake and 

ocean heat transport. Moreover, the MMM of the selected models is consistent with the 

observed trends in the ocean heat content, as shown by our study (Table 2.1). From these 

CMIP5 models, we used Pi-Ctrl, historical simulations (Hist-CMIP5, 1980-2005), RCP 4.5, and 

RCP 8.5 simulations (2006-2015 and 2020-2100) which follow the forcing and experimental 

design from the CMIP5 protocol (Taylor, Stouffer and Meehl, 2012). 

2.2.4.  Remapping and drift correction in CMIP5 models 

Prior to computing the OHC from the CMIP5 models, we remapped the potential temperature 

(θ) provided by the models from their native grid to 1o×1o horizontal grid resolution using a 

bi-linear interpolation scheme. The monthly anomalies of the historical and RCP simulations 

are computed relative to the base period of 1980-2005 from the historical simulations. To 

remove the climate drift from the monthly anomalies of 𝜃 in each simulation, we subtract the 

linear trend computed from the monthly time series of the Pi-Ctrl simulation from the same 

model. The trend was calculated over the full length of the Pi-Ctrl simulation after the 

seasonal cycle has been removed. There has been a discussion of de-drifting procedures in 

many studies (Downes, Bindoff and Rintoul, 2010; Gleckler et al., 2012; Gupta et al., 2012, 

2013; Wang, 2013; Palmer and McNeall, 2014). However, the approach we have adopted here 

is the first order linear drift correction that has been recommended (Hobbs, Palmer and 

Monselesan, 2016) to reduce the risk of overfitting. After de-drifting the models, we 

computed OHC from 11 CMIP5 models used in this study by using Equation (2.1) with constant 

seawater density of (1025 kg m-3) (Palmer and McNeall, 2014; Palmer et al., 2017; Gao, Rintoul 

and Yu, 2018) along with the ocean potential temperature (θ) and 𝐶𝑝 of 3992 J kg-1 K-1. We 

then computed the MMM trend from historical, RCP 4.5, and RCP 8.5 simulations. 
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2.2.5.  Estimation of internal variability from pre-industrial control 

simulations 

To quantify the internal variability in the OHC, we used the monthly anomalies of the OHC 

from the Pi-Ctrl simulations of each CMIP5 model. We conducted an analysis of the global 

ocean, and separately for the northern and southern hemispheres.  Three depth layers were 

considered for each model: 0-2000 m, 0-700 m, and 700-2000 m. We compute the linear 

temporal trend over the 10-year periods, a duration similar to our observational record length. 

For each model, we have used the Monte-Carlo approach for random selection of the 10-year 

period from the Pi-Ctrl runs and calculate the linear trend over the selected period. We repeat 

this procedure 100,000 times to generate the synthetic series of 10-year trends. The Monte-

Carlo simulations of 10-year periods from all 11 models were then concatenated into a single 

series to generate an MME to represent the distribution of all OHC trends due to internal 

variability (cloud in Figure 2.3.a). The critical thing to note is that the same 10-year period 

from the Monte-Carlo simulations was used to estimate trends in the global, northern, and 

southern hemisphere analyses. Furthermore, to represent the climate change due to external 

forcing, we have shifted the cloud of internal variability (green could in Figure 2.3.b-e) by the 

average of the trend estimated from RCP 4.5 and RCP 8.5 i.e. (
RCP4.5MMM+ RCP8.5MMM

2
)2006-2015 

which is shown by orange cloud in Figure 2.3.b-e. The trajectory of historical observation 

(Hist-Obs 1980-2016, Figure 2.3) is computed from the 10 year running trends from the long-

term observations over the period of 1980-2016 with a sliding window of 12 months. 

2.2.6.  Statistical significance 

We have used the criterion of 2*standard error with a sample size of “n” for the significance 

testing which is equivalent to the 95% confidence from 2-sided student’s t-test. The mean 

trend is significant if it is >2*standard error of the trends estimated from “n” number of 

observation and CMIP5 models. Here, “n” represents the sample size which is 6 for 

observational products and 11 for the CMIP5 model used in this study. The confidence 

intervals for probability distribution curves are derived from the 2-sigma limits for the 

gaussian distribution of the random variable that corresponds to a 95% confidence interval 

from a two-sided student’s t-test. 
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2.3. Data availability 

For the monthly observational record of 2005-2015, we computed linear trends in OHC from 

the ensemble mean of six data sets that include two gridded Argo products: Roemmich and 

Gilson climatology (Roemmich and Gilson, 2009) (http://sio-argo.ucsd.edu/) and IPRC Argo 

(http://apdrc.soest.hawaii.edu/), two sets of objective analysis products of subsurface 

temperature and salinity from the Hadley Centre (Good, Martin and Rayner, 2013) (EN.4.2.1) 

(https://www.metoffice.gov.uk/hadobs/en4/) in which expendable bathythermograph (XBT) 

biases were corrected in 2009 (Levitus et al., 2009) and 2010 (Gouretski and Reseghetti, 2010), 

and two reanalysis products from SODA3.3.1 (Carton, Chepurin and Chen, 2018) 

(https://www2.atmos.umd.edu/~ocean/) and ORAS4 (Balmaseda, Trenberth and Källén, 

2013) (https://www.ecmwf.int/en/forecasts/datasets/browse-reanalysis-datasets). To 

compute the 10-year running trend evolution for historical observations (Hist-Obs) from 1980 

to 2016, we used Hadley subsurface analyses EN4.2.1 (Gouretski and Reseghetti, 2010), 

ORAS4 (Balmaseda, Trenberth and Källén, 2013), ORAS5 (Zuo, Balmaseda and Mogensen, 

2015) and SODA3.12.2 (Carton, Chepurin and Chen, 2018). The CMIP5 model outputs are 

available from the Earth System Grid Federation (https://esgf-node.llnl.gov/projects/cmip5). 

2.4. Results 

2.4.1. Temporal variability of ocean heat content anomaly during 2005-2015 

We show the robustness of the hemispheric asymmetry in global OHC change during 2005-

2015 (Roemmich et al., 2015; Llovel and Terray, 2016; Wijffels et al., 2016) using an ensemble 

of six gridded observational products (see Methods). The depth vs time plot (Figure 2.1 and 

Table 2.1) of OHC anomaly of the two hemispheres shows the asymmetric character of the 

upper ocean (0-700 m) with the northern hemisphere cooling and the southern hemisphere 

warming progressively during 2005-2015. The vertical variations of OHC change in the 0-700 

m ocean depth are associated with the ocean dynamics in the Tropical Pacific Ocean related 

to the El Niño Southern Oscillation (ENSO) (Bindoff et al., 2013; Trenberth et al., 2014) 

variability on interannual or longer timescales. 

The evolution of the OHC anomaly pattern is also examined in the multi-model mean (MMM) 

of 11 CMIP5 models for the historical (1980-2005) and RCP 8.5 (2006-2015) simulations 
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(Supplementary Figure 2.1). While the observed southern hemisphere trends are consistent 

with the MMM, this is not the case for the northern hemisphere in 0-700 m. However, the 

observed OHC change below 700 m clearly shows that both hemispheres have experienced 

long-term (1980-2015) warming as simulated by the MMM (Supplementary Figure 2.1) and 

unobscured by the internal variability (Figure 2.1).  

Table 2.1. Observed and simulated ocean heat content anomaly trend. Ocean Heat Content anomaly 

trend (1022 J decade-1) from the observational mean and multi-model mean (MMM) as the average of 

RCP 4.5 and RCP 8.5 scenarios (in parentheses) in different depth layers during 2005-2015. Error bars 

are the 95% confidence interval. 

 0-700 m (MMM) 700-2000 m (MMM) 0-2000 (MMM) 

Global Ocean 
4.38 ± 0.42 

(6.44 ± 1.07) 
4.00 ± 0.23 

(2.54 ± 0.53) 
8.38 ± 0.59 
(9.0 ± 1.25) 

Southern Hemisphere 
5.12 ± 0.45 

(3.60 ± 0.67) 
2.66 ± 0.19 

(1.37 ± 0.39) 
7.78 ± 0.58 
(5.0 ± 0.79) 

Northern Hemisphere 
-0.74 ± 0.29 
(2.90 ± 0.83) 

1.35 ± 0.14 
(1.20 ± 0.41) 

0.60 ± 0.35 
(4.0 ± 1.01) 

 

Inspection of Figure 2.1 suggests that the observed hemispheric asymmetry of the global 

ocean heat content in the 0-2000 m depth range is predominantly contributed from the 

changes in the 0-700 m depth range, which is not present in the MMM (Supplementary Figure 

2.1). The observed signature of deep ocean warming (700-2000 m) is apparent in both 

hemispheres and is consistent with the climate model simulations.  

Figure 2.1. Temporal variations of 0-2000 m ocean heat content anomaly. Hovmöller plot of 

observed ocean heat content anomaly (1018 J m-1) in 0-2000 m ocean depth referenced from 2005-

2015 for (a) northern hemisphere and (b) southern hemisphere. 
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2.4.2. Linear trend in ocean heat content anomaly during 2005-2015 

The rate of heat content change in the global ocean, southern and northern hemisphere for 

0-700 m, 700-2000 m, and 0-2000 m depth ranges are shown in Table 2.1. We find that the 

net global ocean heat gain in 0-2000 m (8.38 ± 0.59 ×1022 J decade-1) is equally distributed 

between 0-700 m (4.38 ± 0.42 ×1022 J decade-1) and 700-2000 m (4.00 ± 0.23 ×1022 J decade-

1), and the southern hemisphere explains around 92% (7.78 ± 0.58 ×1022 J decade-1) of the net 

global ocean heat gain over 0-2000 m range. In the 0-700 m layer, the southern hemisphere 

explains 116% of the net global ocean heat gain, and the northern hemisphere’s rate of ocean 

heat gain is negative and offsets southern hemisphere contribution by 16% during 2005-2015. 

In the 700-2000 m layer, 66% of the net global ocean heat gain is explained by the southern 

hemisphere and 34% by the northern hemisphere (Table 2.1). 

Figure 2.2. Linear temporal trend in ocean heat content anomaly. (a) Observed Linear trend for 2005-

2015 of zonally integrated global ocean heat content anomaly (1011 J m-2 year-1) (b) Same as (a) but for 

MMM trend for 2006-2015, (c) observed linear trend of global ocean heat content anomaly for 0-2000 

m (107 J m-2 year-1) for 2005-2015, (d) Same as (c) but for MMM trend for 2006-2015. Stippling 

indicates the locations where OHC anomaly trends are not significant i.e. less than 2*standard error 

of the trends estimated from (n = 6) observation products and (n = 11) CMIP5 models used in this 

study. 
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The linear trends of zonally integrated global OHC from observation (2005-2015) and MMM 

(2006-2015) are shown in Figure 2.2.a-b, respectively. While the observed trends represent 

the combination of internal variability and forced climate change, the MMM will tend to 

average out internal variability and have a more robust representation of the forced ocean 

response compared to the observations. Figure 2.2.a shows a robust and enhanced rate of 

ocean heat gain around 40oS in the observations, which is also in the MMM trend, although 

weaker in magnitude (Figure 2.2.b). Cooling and warming patterns around the Equator are 

also consistent with the MMM trend for this period. In the 0-700 m depth range, observations 

show the northern hemisphere has a significant reduction in the rate of ocean heat gain 

around 0o-30oN and north of 40oN (Figure 2.2.a). This reduced rate of ocean heat gain is not 

evident in the MMM trend (Figure 2.2.b) for the same decade. Figure 2.2.a shows that the 

observed uniform rate of warming in the 700-2000 m depth range in both hemispheres is 

consistent with the MMM trend (Figure 2.2.b). This suggests that the ocean below 700 m 

holds the key to tracking Earth’s warming due to climate change since the signal-to-noise ratio 

there is much higher. 

The spatial pattern of observed depth-integrated global OHC anomaly trends in 0-2000 m 

(Figure 2.2.c) shows that the southern hemisphere warming is primarily contributed by 

enhanced ocean heat gain in the subtropical gyres north of 45oS. In the northern hemisphere, 

the reduction in the rate of OHC change mostly occurs in the tropical and subtropical western 

Pacific, and the North Atlantic (north of 40oN). The broad scale observed ocean warming 

patterns (Figure 2.2.c) are evident in the MMM trend (Figure 2.2.d), but the hotspots of 

enhanced and reduced rates of ocean heat gain are not evident. The striking cooling in 0-2000 

m (0-700 m) in the North Atlantic (Figure 2.2.a and Supplementary Figure 2.2) has been 

described in previous studies (Robson, Ortega and Sutton, 2016; Desbruyères et al., 2017). 

The pattern of OHC changes in the 0-2000 m layer (Figure 2.2.c) primarily reflects the pattern 

from 0-700 m (Supplementary Figure 2.2.a). The 700-2000 m layer (Supplementary Figure 2.1 

and 2.2.b) experiences a more uniform pattern of ocean warming in both hemispheres with 

enhanced warming in the North Atlantic (Supplementary Figure 2.2.b). 

To understand the link between the internal climate variability and hemispheric asymmetry 

in the global OHC, we use an ensemble of pre-industrial control (Pi-Ctrl), historical (Hist-
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CMIP5 1980-2005), RCP 4.5 and RCP 8.5 (2006-2015) simulations from 11 CMIP5 models 

(Taylor, Stouffer and Meehl, 2012) listed in Supplementary Table 2.1.  

2.4.3. Historical (1980-2005) and RCP (2006-2015) simulated OHC anomaly 

trends  

The MMM of historical simulations for 0-2000 m (Supplementary Figure 2.1 and 2.3) 

represents the long-term (1980-2015) externally forced climate change signal in which both 

hemispheres have warmed symmetrically (Supplementary Figure 2.3.a, 2.3.d, 2.3.g). This 

symmetrical rate of ocean warming in 0-2000 m depth is not consistent with the observations 

(Figure 2.1 and Table 2.1). The rate of ocean heat gain in historical simulations 

(Supplementary Figure 2.3) is slightly higher in the southern hemisphere as compared to the 

northern hemisphere, but both hemispheres show net ocean heat gain. Similarly, the MMM 

of the RCP 4.5 and RCP 8.5 simulations show similar warming rates in both hemispheres 

(Supplementary Figure 2.3). 

The observed OHC anomaly trend in the 700-2000 m depth layer is not obscured by the upper 

ocean internal variability and represents the long-term warming signature across the globe 

(Supplementary Figure 2.2.b) and in both hemispheres (Figure 2.1). This long-term warming 

signature is evident in the historical and RCP simulations (Supplementary Figure 2.3.c, 2.3.f, 

2.3.i) but with comparatively higher warming rates. Our analysis shows that the observed 

asymmetric warming pattern in 0-2000 m (0-700 m) depth is quite distinct from the 

anthropogenic warming pattern present in the MMM. 

It is also interesting to look at the simulated OHC trend pattern for 0-2000 m using the RCP 

8.5 scenario from the 11 CMIP5 models (Supplementary Figure 2.4). Each of the individual 

simulations has internal variability with varying phase and a slow climate change signal from 

anthropogenic forcing superimposed on it. When averaging across all the simulations, the 

multi-model mean represents the slow underlying climate change signal with the internal 

variability averaged out. The spatial patterns of the linear trend of 0-2000 m OHC anomaly 

from individual models (Supplementary Figure 2.4) show that the observed warming at 40oS 

and the cooling signature of the western tropical Pacific along with North Atlantic (as in Figure 

2.2.c), occurs in a few of the individual model simulations (e.g., Supplementary Figure 2.4.d). 
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The patterns in the MMM (Figure 2.2.b and 2.2.d) simulations also suggest that the 

subduction/ventilation regions on the equatorward side of the western boundary current 

extensions and Antarctic Circumpolar Current in the Southern Ocean are the hotspots for 

global ocean heat gain in the 0-2000 m layer. 

Unlike the single model realizations (Supplementary Figure 2.4), the multi-model mean 

(Figure 2.2.d) over this short period of 10-years displays reduced internal variability and 

evident anthropogenic warming in both hemispheres. This analysis suggests that the 

observed hemispheric asymmetry of 0-2000 m in the global OHC change (Figure 2.1 and 

Figure 2.2.a, 2.2.c) is a combination of the internal variability and externally forced 

anthropogenic warming. However, the strength of the internal variability reduces with the 

depth, as shown by Figure 2.1, exposing a more uniform long-term warming below 700 m. 

2.4.4. Separating internal variability from the forced response 

Using the CMIP5 Pi-Ctrl simulations (Supplementary Table 2.1), which represent the climate 

system in the absence of anthropogenic forcing, we investigate whether the observed trend 

in OHC anomaly during the 11-year Argo period is consistent with internal variability alone. 

The distribution of internal variability in the Earth system is commonly used in attribution 

studies (Bindoff et al., 2013). For this, we select 10-year periods (similar to our observational 

record length) from the OHC time series of the Pi-Ctrl simulation, which is integrated globally 

and hemispherically for the depth ranges of 0-2000 m, 0-700 m, and 700-2000 m. We then 

compute the linear trend over these selected 10-year records of OHC. This procedure is 

repeated 100,000 times using the Monte-Carlo approach (see Methods for detail). 

2.4.5. Ocean heat content anomaly trend for 0-2000 m depth range 

Figure 2.3.a shows the cloud of distribution of 10-year trends of OHC anomaly from the Pi-

Ctrl simulations of each model that are concatenated to form the multi-model ensemble 

(MME, see methods for detail). This MME represents the internal variability in the northern 

hemisphere (NH) plotted against southern hemisphere (SH). It shows that the distribution of 

the 10-year trends in the northern and southern hemispheres tend to be anti-correlated: 

when the northern hemisphere has a positive rate of change in OHC, the southern 

hemisphere has negative, and vice versa. Thus, the highest density of points lies in the second 
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and fourth quadrants, and the major axis of this distribution represents an asymmetric 

internal variability mode. This mode plays a crucial role in the redistribution of ocean heat 

gain that is internal to the climate system and can exist with or without anthropogenic forcing. 

It is worth mentioning that there are some instances when the internal variability has in-phase 

components of heat in both hemispheres and corresponds to the changes in global OHC that 

implies corresponding changes in the net top-of-atmosphere radiation balance (Palmer and 

McNeall, 2014). This in-phase component has a narrower variability compared with the 

asymmetric internal variations (Figure 2.3.a.). For further investigation, we assume that the 

characteristics of the internal variability in pre-industrial times will remain the same for the 

historical simulations (Hist-CMIP5) period of 1980-2005 and the RCP 4.5 and RCP 8.5 

simulations of 2006-2015 and beyond. We also consider that the 0-2000 m depth represents 

the full water column that responds to the internal variations in the net top-of-atmosphere 

radiation balance (Palmer, McNeall and Dunstone, 2011; Palmer and McNeall, 2014) with the 

minimum role of vertical ocean heat exchanges. 

In contrast to the asymmetric internal variability mode that primarily moves the heat around 

(without changing the Earth’s total energy), the rising GHG concentrations lead to warming 

of the northern and southern hemisphere oceans in unison (Figure 2.3.a). This is shown by 

the linear trend for the recent past from CMIP5 historical simulations (Hist-CMIP5 from 1980-

2005) and the linear trend from RCP 4.5 and RCP 8.5 scenarios of the current decade (2005-

2016) and for the period of (2020-2100) (Figure 2.3.a). The MMM of the historical and RCP 

simulations of CMIP5 models have a positive correlation between northern and southern 

hemisphere trends, represented by the least square fit line (Figure 2.3.a).  We refer to this 

line as the direction of climate change, which is approximately normal to the direction of the 

asymmetric internal variability mode.  

In Figure 2.3.b, we show the evolution in the observed 10-year trends of NH and SH OHC from 

1980-2016 with a sliding window of 12 months (Hist-Obs). The trends are averages of 4 

observational reanalysis products (ORAS4, ORAS5, SODA3.12.2, and EN4.2.1-G10). This 

evolution of 10-year trends shows the trajectory of the rate of OHC changes from historical 

observations and contextualizes the last decade of asymmetric warming of the global ocean. 

In the early decades, until around 1999 (midpoint of 1995-2004 decade), both hemispheres 

were warming equally (blue circles, Figure 2.3.b) like the historical CMIP5 trend (brown 
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diamond, Figure 2.3.a). Before 1999 the decadal trends lie inside the cloud of Pi-Ctrl (green 

cloud, Figure 2.3.b), indicating that the rate of ocean heat gain in both hemispheres was 

within the range of internal variability. 

The onset of hemispheric asymmetry in global OHC begins to appear in the decade of 1996-

2005 when the rate of ocean heat gain of the southern hemisphere is faster than the northern 

hemisphere. All trends (red points, Figure 2.3.b) since this decade fall outside the range of 

internal variability (green cloud) from pre-industrial times. This represents the point in time 

Figure 2.3. Probabilistic analysis of the ocean heat content anomaly trend. Distribution of the linear 

trend of the OHC anomaly (1022 J decade-1) for the depth of 0-2000 m for Northern (NH) and Southern 

Hemisphere (SH) from (a) Multi model ensemble (MME) of pre-industrial control (Pi-Ctrl) simulation 

(cloud), with the Multi Model Mean (MMM) trend from the historical (Hist-CMIP5, brown diamond, 

1980-2005), RCP 4.5 (purple square 2006-2015; purple star 2020-2100) and RCP 8.5 (green square 

2006-2015; green star 2020-2100) simulation, and the least square fit line passing through these 

points to represent the direction of climate change (b) the green cloud is the same as shown in (a) and 

the orange cloud is the represent the climate change signal in the direction of the best fit line as shown 

in (a), Observed trend over the period of 2005-2015 (Obs, pink circle) along with the trajectory (scatter 

dots) of the 10 year running trends from the long-term observations over the period of 1980-2016 

(Hist-Obs). (c) Probability distribution curve for the northern hemisphere’s internal variability (green 

cloud in panel (b)) and climate change (orange cloud in panel b) with the OHC trend from observations 

(pink circle with the error bar of 95% confidence intervals from 2-sided student’s t-test, 2005-2015), 

MMM of historical (brown diamond, 1980-2005), RCP 4.5 (purple square, 2006-2015) and RCP 8.5 

(green square, 2006-2015) simulations. (d) and (e) Same as (c) but for the Southern Hemisphere and 

the Global Ocean respectively. The 95% confidence interval for the probability distribution curves is 

derived from the 2-sigma limits for the gaussian distribution of OHC trend. 
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at which robust detection of anthropogenic warming is possible in the context of the Pi-Ctrl 

estimates of internal variability. The southern hemisphere continued to warm rapidly until 

the decade 2000-2009, with no further corresponding rate of ocean heat gain in the northern 

hemisphere. A dramatic decrease in the northern hemisphere’s rate of ocean heat gain 

started from the decade of 1998-2007 (i.e., since 2002, the midpoint of the decade) and has 

continued to decrease till the last decade of 2007-2016 (dark red points, Figure 2.3.b). The 

southern hemisphere’s rate of ocean heat gain also reduced from 2001-2010 but has 

increased again recently, and is overshooting the mean trend projected from RCP simulations 

(Figure 2.3.a and 2.3.b).  

The asymmetric warming signal has dominated the recent decades with the southern 

hemisphere absorbing most of the heat gained by the global ocean while the northern 

hemisphere heat gain is smaller. The observed rate of OHC change in the southern 

hemisphere during 2005-2015 for the 0-2000 m depth (pink circle, Figure 2.3.b) is not 

consistent with the internal variability (green cloud), whereas, the OHC change in the 

northern hemisphere is entirely in the range of internal variability. Thus, the observed 

hemispheric asymmetry during 2005-2015 is an unusual occurrence of the ocean state when 

compared with the MME of the internal variations (Figure 2.3.b green cloud) and the MMM 

of the historical and RCP simulations (Figure 2.3.a, climate change axis).  

Figure 2.3. c-e presents the probability distribution of OHC trends based on the internal 

variability from the Pi-Ctrl simulations (green cloud) and the Pi-Ctrl plus the average of the 

MMM trend of RCP 4.5 and RCP 8.5 for 2006-2015 period to represent climate change (orange 

cloud). The probability distribution for the northern hemisphere’s internal variability (green 

cloud, Figure 2.3.c) shows the observed rate of northern hemisphere heat gain (pink circle) 

fits well within the 95% confidence bound of the internal variability. This suggests that it is 

very likely (probability > 90%) that the internal variability can account for the observed rate 

of the northern hemisphere’s OHC change. In contrast, the observed rate of ocean heat gain 

in the southern hemisphere (pink circle, Figure 2.3.d) exceeds the best-estimated rate of 

warming from the RCP simulations for the same decade (squares, Figure 2.3.d). It lies far 

outside the 95% confidence bound of the southern hemisphere’s internal variability (green 

cloud, Figure 2.3.d), and at the higher end of the probability distribution with climate change 

included (orange cloud).  
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Due to the asymmetric climate mode of internal variability, the reduced rate of ocean heat 

gain in the northern hemisphere has been compensated by a high heat gain in the southern 

hemisphere. Most strikingly, the observed warming of the global ocean (Figure 2.3.e) is 

inconsistent with the probability distribution of the internal variability (green cloud) but 

entirely consistent with the anthropogenic warming (orange cloud) as projected by the RCP 

simulations from the climate models for the same decade. Note that the magnitude and 

likelihood of observed warming (pink circle, Figure 2.3.e) is slightly less than the estimated 

warming in the climate change scenarios for 2006-2015 but higher than the historical 

warming trend for 1980-2005 (brown diamond, Figure 2.3.e).  

The observed global OHC trend during 2005-2015 is consistent with the rate of OHC change 

projected by the RCP simulations and lies outside the cloud of internal variability. However, 

the contrast between the hemispheric rate of ocean heat gain can be explained by the 

asymmetrical climate variation. This result provide here is supported by an alternative 

approach describe in Supplementary Note 2. It is worth mentioning that, based on the CMIP5 

multi-model ensemble used in this study, it is virtually certain (probability > 99%) that the 

internal variability alone cannot explain the observed warming of the southern hemisphere 

and the global ocean unless combined with a forced climate change signal (Figure 2.3.d and 

2.3.e). 

This study demonstrates that an anti-symmetric internal variability mode combined with the 

symmetric pattern of anthropogenic warming in both hemispheres can explain the observed 

reduction (enhancement) of ocean heat gain in the northern (southern) hemisphere. By 

taking internal variability correctly into account, we can detect the climate change signal in a 

short 11-year ocean record as well as account for (in a probabilistic sense) the observed 

hemispheric asymmetry in global ocean heat content without invoking other forcing 

mechanisms such as aerosols (Wijffels et al., 2016; Shi, Xie and Talley, 2018). 

2.5. Discussion & Conclusion 

The probability distribution for the rate of ocean heat gain for both hemispheres in the 0-

2000 m depth range (Figure 2.3) shows that it is very likely (probability > 90%) that internal 

variability can explain the observed ocean heat gain of the northern hemisphere in the last 

decade of 2005-2015. In contrast, it is virtually certain (probability > 99%) that internal 
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variability alone cannot account for the observed warming of the southern hemisphere and 

the global ocean. Both hemispheres have experienced anthropogenic warming, but our 

results indicate that the impact of the internal variability for this decade has offset the impact 

of anthropogenic warming in the northern hemisphere oceans so that there has been no net 

ocean heat gain in the northern hemisphere (Figure 2.3 and Supplementary Figure 2.5). In 

contrast, internal variability has amplified the southern hemisphere warming by shifting heat 

from the northern hemisphere to the southern hemisphere and adding to the anthropogenic 

warming there. Detailed investigation of observed hemispheric asymmetry of the global 

ocean heat content in 0-2000 m (Figure 2.3) shows it is primarily confined to the 0-700 m 

layer (Supplementary Figure 2.5). Indeed, it is the combination of anthropogenic climate 

change and this asymmetric mode of internal variability that provides the physical 

explanation for the observed enhanced warming of the Southern Ocean (Roemmich et al., 

2015; Armour et al., 2016; Llovel and Terray, 2016; Wijffels et al., 2016; Gao, Rintoul and Yu, 

2018).  

The evolution of the observed heat gain (Figure 2.3.b) shows an unusual decrease in the 

northern hemisphere and an increase in the southern hemisphere during 2005-2015. Both 

hemispheres experienced continuous warming in the earlier part of the record and at times, 

more than the expected anthropogenic rate of ocean heat gain (Figure 2.3.b). During the year 

2000 (midpoint of 1996-2005 decade), OHC trend estimates of the northern (southern) 

hemisphere shifted to weak (strong) positive rates of ocean heat gain (Figure 2.3.b and 

Supplementary Figure 2.5.b), consistent with the presence of a robust asymmetric internal 

mode (Figure 2.3.a and Supplementary Figure 2.5.a). This robust asymmetric mode of internal 

variability results in heat transfer from the northern hemisphere to the southern hemisphere 

such that more than 90% of the observed net global ocean heat gain has occurred in the 

southern hemisphere during 2005-2015 (Table 2.1). Therefore, the pace of southern 

hemisphere warming exceeds the estimated anthropogenic heat gain from the CMIP5 

simulations used here (Figure 2.3.d).  

Furthermore, the depth layer 700-2000 m shows a more robust signature of anthropogenic 

warming (Supplementary Figure 2.1, 2.2.b, and 2.6), and the noise from internal variability is 

much weaker than in the surface layer. Our study also shows that the observed rate of ocean 

heat gain is faster in the 700-2000 m layer compared with the rate projected by climate 
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models (Supplementary Figure 2.6). This difference could be due to the lack of resolution of 

ocean circulation pathways in climate models or subtle errors in the physical 

parameterizations (Palmer and McNeall, 2014). Monitoring the deep ocean has distinct 

advantages for tracking climate change because of weaker internal variability leading to a 

much higher signal-to-noise ratio. We have shown that the detection of anthropogenic 

warming is more robust despite the short ocean record used here, but is consistent with 

earlier approaches for the detection of anthropogenic influence on the climate system 

(Gleckler et al., 2012). It is striking that the observed global ocean heat gain precisely matches 

the projected warming in climate model simulations for this decade. 

We have noted that the extreme asymmetric case in the recent observation is relatively rare, 

and it has little effect on the Earth’s overall energy balance other than the hemispheric 

redistribution of the ocean heat gain (Roberts et al., 2015). Our analysis shows that the 

observed net heat gain by the global ocean is driven by anthropogenic external forcing of the 

climate system and that the internal climate variability can explain the hemispheric 

asymmetry in warming rates. However, the mechanisms that are responsible for generating 

the anti-correlation of the northern and southern hemisphere warrants further investigation 

(Palmer and McNeall, 2014; Roberts et al., 2015). This phenomenon requires substantial 

changes in net hemispheric air-sea heat exchanges (Llovel and Terray, 2016) and/or cross-

equatorial net ocean heat transport (Chen and Tung, 2014; Armour et al., 2016).  

The recognition of the internal variability mode means that the power to detect climate 

change on shorter periods in the oceans is increased. Moreover, it is not necessary to invoke 

the other forcing mechanisms (Roberts et al., 2015), such as the asymmetric aerosol loading 

(Wijffels et al., 2016; Shi, Xie and Talley, 2018) in the atmosphere to explain the hemispheric 

asymmetry observed in the OHC over the decade of 2005-2015. Despite the high 

concentration of aerosols in the northern hemisphere that have contributed to its radiative 

cooling (Roemmich et al., 2015; Wijffels et al., 2016; Shi, Xie and Talley, 2018), the 

combination of the anthropogenic warming and the internal variability of the climate system 

provides a sufficient and likely explanation for the anomalously enhanced (reduced) rate of 

ocean heat gain in the southern (northern) hemisphere during 2005-2015.  

Our study also emphasizes that the underlying uncertainties can be narrowed down with the 

understanding of internal variability. This could aid in the closure of energy imbalance 
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(Trenberth, Fasullo and Balmaseda, 2014; Von Schuckmann et al., 2016; Cheng et al., 2017) 

and sea level budgets (Domingues et al., 2008; Willis, Chambers and Nerem, 2008; Cazenave 

et al., 2009; Ishii and Kimoto, 2009) with potential improvements in climate models (Barnett, 

2001; Levitus et al., 2001) to give a better representation of the hemispheric and global 

changes for the regional and global climate, respectively. 

2.6. Supplementary Information 

2.6.1. Supplementary Note 1  

Ocean heat content anomaly trend of 0-2000 m depth from the RCP 8.5 (2006-2015) 

simulations of 11 CMIP5 models used in this study 

It is also interesting to look at the simulated OHC trend pattern for 0-2000 m using the RCP 

8.5 scenario from 11 CMIP5 models (Supplementary Figure 2.4). Each of the individual 

simulations has internal variability with varying phase and a slow climate change signal from 

anthropogenic forcing superimposed on it.  

Most of the individual model simulations show a warmed North Atlantic and the signature of 

one phase or another of decadal variability from Pacific Decadal Oscillation/Inter-decadal 

Pacific Oscillation (PDO/IPO) in the tropical Pacific (Supplementary Figure 2.4). In the different 

models, much of the internal variability comes from the signature of ENSO and IPO, and this 

variability is model-dependent. Numerical simulations show that these internal variations 

arise from instabilities in distinct components of the climate system (e.g., ocean or 

atmosphere) or from interactions between the different components (e.g., ENSO). These 

internal variations in the climate system play a key role in climate variability on hemispheric, 

regional and smaller scales (Bindoff et al., 2013; Palmer and McNeall, 2014; Lyu et al., 2015; 

Sutton, Suckling and Hawkins, 2015). 

2.6.2. Supplementary Note 2  

An alternative approach for the detection and attribution  

The anti-symmetric hemispheric mode of internal variability can be further exploited to 

separate the distribution of internal variations from the climate change mode (e.g., Figure 
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2.3.a). We are proposing an alternative method to understand these two components. In this 

method, we choose to rotate the coordinate axes of Figure 3a. in the direction of climate 

change, i.e. along the best fit line for historical and RCP simulation as shown in Figure 2.3.a. 

The horizontal axis represents the direction of climate change and normal axis broadly 

represents the internal variability (vertical axis on Supplementary Figure 2.7.a). This 

representation is not perfect since the rotated cloud from the Pi-control is not perfectly 

aligned with the vertical axis. 

Supplementary Figure 2.7.b represents Figure 2.3.b but in rotated space for 0-2000 m depth 

range. The observed trend (red circle) represents the present state of global ocean warming 

which lies well inside the cloud of climate change (orange cloud) but also has a substantial 

contribution from the internal variability (green cloud). The trajectory of the 10-year running 

trends of the OHC shows the transition from the internal variability driven to the 

anthropogenic forcing driven OHC changes (Supplementary Figure 2.7.b). From the 

perspective of climate change, the present state of the ocean warming is consistent with the 

best estimates of RCPs for the 2006-2015 period (square symbols) and has a significant 

negative projection on the internal variability mode. This can be interpreted as the inter-

hemispheric asymmetry due to the reduced rate of ocean heat gain in the northern 

hemisphere and enhanced in the southern hemisphere.  

For further investigation, we draw the probability distribution curves for internal variability 

and climate change due to external forcing (Supplementary Figure 2.7.c-d). Note the larger 

95% confidence interval in the direction of internal variability (vertical axis) as compared to 

the projection of internal variability on the climate change axis (horizontal axis). This 

demonstrates the increased detectability of the climate change signal in this rotated 

coordinate system. The distribution of internal variability is shown in (Supplementary Figure 

2.7.c) with the projected component of internal variability in observed trend, historical (Hist-

CMIP5), and RCP simulations. The magnitude of the historical and RCP simulation on the curve 

(Supplementary Figure 2.7.c) shows that it is very likely (probability > 90%) that the 

contribution from internal variability is quite small in this coordinate system. However, the 

component of internal variability in the observed global ocean heat gain for this period is 

anomalously large. 
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In contrast to internal variability (Supplementary Figure 2.7.c), the probability distribution in 

the climate change direction (Supplementary Figure 2.7.d) shows that the internal variability 

cannot explain the observed warming. However, if we add anthropogenic forcing to the 

probability distribution curve from the internal variability, this shifts the curve to the right on 

the climate change axis, as shown by the orange cloud (Supplementary Figure 2.7.d). This 

result is in striking agreement between the observed OHC trend and the anthropogenic 

warming (and its distribution) in the RCP projections of the same decade. We conclude that 

the internal variability redistributes the global ocean heat within the coupled climate system 

while the extra heat gained by the global system is fully accounted by anthropogenic forcing 

alone. 

Supplementary Table 2.1. The CMIP5 Models with Pre-industrial Control Simulation Length. CMIP5 

models used in this study and the length (years) of their pre-industrial control simulations. 

Model Modelling Centre 
Pre-industrial control 

Length (yr) 

ACCESS 1-0 (Bi et al., 2013) CSIRO-BoM 500 

bcc-csm1-1 (Xiao-Ge et al., 2013) BCC 500 

CCSM4 (Gent et al., 2011) NCAR 1051 

CMCC-CM (Scoccimarro et al., 2011) 
Centro Euro-

Mediterraneo per I 
Cambiamenti Climatici 

330 

CNRM-CM5 (Voldoire et al., 2013) 
Centre National de 

Recherches 
Meteorologiques 

850 

CSIRO-Mk3-6-0 (Jeffrey et al., 2013) CSIRO-QCCCE 500 

EC-EARTH (Prodhomme et al., 2016) EC-EARTH 452 

GFDL-ESM2G (Dunne et al., 2012) NOAA/GFDL 500 

MPI-ESM-LR (Jungclaus et al., 2013) MPI for Meterology 1000 

MRI-CGCM3  (Yukimoto et al., 2012) 
Meteorological 

Research Institute (MRI) 
500 

NorESM1-M (Bentsen et al., 2013) 
Norwegian Climate 

Centre (NCC) 
501 
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Supplementary Figure 2.2. Linear temporal trend in ocean heat content anomaly. Spatially observed 

linear trend of global ocean heat content anomaly (107 J m-2 year-1) during 2005-2015 for (a) 0-700 m 

and (b) 700-2000 m. Stippling indicates the locations where OHC anomaly trends are not significant 

i.e. less than 2*standard error of the trends estimated from (n = 6) observation products used in this 

study. 

Supplementary Figure 2.1. Temporal variations of 0-2000 m ocean heat content anomaly. Hovmöller 

plot (depth vs time) of 0-2000 m ocean heat content anomaly (1018 J m-1) during 1980-2015 and 

referenced from 1980-2005 for (a) northern hemisphere (NH) and (b) southern hemisphere (SH). 
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Supplementary Figure 2.3. Comparison of the trends of ocean heat content anomaly. Whisker plot 

of linear trend of the ocean heat content anomaly (1022 J decade-1) in global, northern and southern 

hemisphere ocean for (a, d, g) 0-2000 m depth, (b, e, h) 0-700 m depth and (c, f, i) 700-2000 m depth. 

The red dots represent the extreme data point lying at the farthest distance from the median (dash 

line in boxes) and cyan color circles represents the ensemble mean trend from observations (2005-

2015), historical (1980-2005) and RCPs (2006-2015) simulation. The horizontal lines of Whiskers 

represent the range of spread in the data. 

Supplementary Figure 2.4. Ocean heat content anomaly trend of 11 CMIP5 models. Linear trend of 

depth integrated ocean heat content (0-2000 m, 107 J m-2 year-1) from RCP 8.5 simulation (2006-2015) 

of 11 CMIP5 models used in this study. Panel (l) represents the multi model mean trend with the 

Stippling indicates the locations where OHC anomaly trends are not significant i.e. less than 

2*standard error of the trends estimated from (n = 11) CMIP5 models used in this study. 
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Supplementary Figure 2.5. Probabilistic analysis of the ocean heat content anomaly trend. 

Distribution of the linear trend of the OHC anomaly (1022 J decade-1) for the depth of 0-700 m for 

Northern (NH) and Southern Hemisphere (SH) from (a) Multi model ensemble (MME) of pre-industrial 

control (Pi-Ctrl) simulation (cloud), with the Multi Model Mean (MMM) trend from the historical (Hist-

CMIP5, brown diamond, 1980-2005), RCP 4.5 (purple square 2006-2015; purple star 2020-2100) and 

RCP 8.5 (green square 2006-2015; green star 2020-2100) simulation, and the least square fit line 

passing through these points to represent the direction of climate change (b) the green cloud is the 

same as shown in (a) and the orange cloud is the represent the climate change signal in the direction 

of the best fit line as shown in (a), Observed trend over the period of 2005-2015 (Obs, pink circle) 

along with the trajectory (scatter dots) of the 10 year running trends from the long-term observations 

over the period of 1980-2016 (Hist-Obs). (c) Probability distribution curve for the northern 

hemisphere’s internal variability (green cloud in panel b) and climate change (orange cloud in panel b) 

with the OHC trend from observations (pink circle with the error bar of 95% confidence intervals, 2005-

2015), MMM of historical (brown diamond, 1980-2005), RCP 4.5 (purple square, 2006-2015) and RCP 

8.5 (green square, 2006-2015) simulations. (d) and (e) Same as (c) but for the Southern Hemisphere 

and the Global Ocean respectively. The 95% confidence interval for the probability distribution curves 

is derived from the 2-sigma limits for the gaussian distribution of OHC trend. 
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Supplementary Figure 2.6. Probabilistic analysis of the ocean heat content anomaly trend. 

Distribution of the linear trend of the OHC anomaly (1022 J decade-1) for the depth of 700-2000 m for 

Northern (NH) and Southern Hemisphere (SH) from (a) Multi model ensemble (MME) of pre-industrial 

control (Pi-Ctrl) simulation (cloud), with the Multi Model Mean (MMM) trend from the historical (Hist-

CMIP5, brown diamond, 1980-2005), RCP 4.5 (purple square 2006-2015; purple star 2020-2100) and 

RCP 8.5 (green square 2006-2015; green star 2020-2100) simulation, and the least square fit line 

passing through these points to represent the direction of climate change (b) the green cloud is the 

same as shown in (a) and the orange cloud is the represent the climate change signal in the direction 

of the best fit line as shown in (a), Observed trend over the period of 2005-2015 (Obs, pink circle) 

along with the trajectory (scatter dots) of the 10 year running trends from the long-term observations 

over the period of 1980-2016 (Hist-Obs). (c) Probability distribution curve for the northern 

hemisphere’s internal variability (green cloud in panel b) and climate change (orange cloud in panel 

b) with the OHC trend from observations (pink circle with the error bar of 95% confidence intervals, 

2005-2015), MMM of historical (brown diamond, 1980-2005), RCP 4.5 (purple square, 2006-2015) and 

RCP 8.5 (green square, 2006-2015) simulations. (d) and (e) Same as (c) but for the Southern 

Hemisphere and the Global Ocean respectively. The 95% confidence interval for the probability 

distribution curves is derived from the 2-sigma limits for the gaussian distribution of OHC trend. 
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Supplementary Figure 2.7. Alternative approach for detection and attribution. (a) Rotation of (Figure 

2.3.a) in the direction of least square fit from the Historical and RCP simulation to get the Climate 

Change (CC) and Internal Variability (IV) axis with all the points in rotated space (b) same as (Figure 

2.3.b) but in rotated space defined by the climate change and internal variability axes (c) Probability 

distribution curve along the Internal Variability axis and all the points denotes the amount of Internal 

Variability with its likelihood (d) same as (c) but for the Internal Variability along the Climate Change 

axis (green cloud) and its translation (orange cloud) by adding the average of the multi model mean 

trend of RCP 4.5 and RCP 8.5 for the period of 2006-2015 (
𝑅𝐶𝑃4.5𝑀𝑀𝑀+ 𝑅𝐶𝑃8.5𝑀𝑀𝑀

2
)2006-2015 to represent 

the climate change signal. The 95% confidence interval for the probability distribution curves is 

derived from the 2-sigma limits for the gaussian distribution of OHC trend derived from random 

selection of 10-year blocks. 
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Chapter 3 

A New Mode of Asymmetric Internal 

Variability in the Ocean 

Abstract 

This study investigates the observed hemispheric asymmetry of global ocean warming in 0-2000 m 

depth during 2005-2015 which corresponds to 92% of the global ocean heat gain in the southern 

hemisphere and only 8% in the northern hemisphere. Here, we identify a new mode of asymmetric 

internal variability, whose fingerprint is distinct from the anthropogenic warming and the known 

climate modes (e.g., El Niño Southern Oscillation). This asymmetric mode dominates ocean heat 

content changes on decadal timescale and its contribution is comparable to anthropogenic warming 

but larger than the common climate modes. This mode also influences the poleward ocean heat 

transport, predominantly through the overturning component. We identify this mode of asymmetric 

internal variability in the pre-industrial control simulations of CMIP5 models and is highly correlated 

with the pattern present in the observations during this period. Our study suggests that this 

asymmetric mode strongly influences the global redistribution of anthropogenic ocean heat gain and 

may have a strong near-term projection on the sea-level rise and carbon uptake of the global ocean. 
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3.1. Introduction 

In the Earth system, oceans play a crucial role in weather, climate, and the hydrological cycle 

(Bindoff et al., 2013, 2019) due to its tremendous capacity for absorbing and storing heat and 

carbon (Sabine et al., 2004; Yan et al., 2016). In response to anthropogenic forcing, the heat 

content of the world ocean has been increasing unabatedly (e.g. Levitus et al., (2001)) and 

the ocean has absorbed 93% of the anthropogenic heat trapped by the Earth since 1970 

(Rhein et al., 2013). Most of this heat is stored in the upper 700 m of the ocean (Bindoff et al., 

2013, 2019) and changes in the ocean heat content (OHC) track the temporal modulations of 

radiation imbalance at the top-of-atmosphere that drives the Earth’s energy imbalance 

(Trenberth et al., 2016; Palmer, 2017).  

Estimation of the upward trend of OHC is complicated by the presence of interannual to 

decadal variations in OHC (Rhein et al., 2013) that are caused by the internal variability of the 

coupled ocean-atmosphere system (Palmer and McNeall, 2014). Moreover, the duration of 

the measurement record of OHC limits our ability to detect human influence in the OHC trend 

(Gleckler et al., 2012; Bindoff et al., 2013, 2019). Thus, the understanding of the modes of 

internal variability allows us to quantify the underlying anthropogenic trend in OHC on shorter 

time scales. 

Levitus et al., (2012) show that the long term 50 years trends of net global ocean warming 

occurs at all latitudes. In contrast, from 2005 to 2015, the southern hemisphere has absorbed 

90% of the net global ocean heat gain resulting in hemispheric asymmetry in the global OHC 

change (Wijffels et al., 2016; Rathore, Bindoff, Phillips, et al., 2020). Previous studies suggest 

that the hemispheric asymmetry may be due to the redistribution of the OHC change by the 

natural decadal variability (England et al., 2014; Roberts et al., 2015) or maybe due to the 

cooling effect from anthropogenic (Haywood, Jones and Jones, 2014) and natural volcanic 

aerosols (Santer et al., 2014) that are preferentially located in the northern hemisphere. 

While the global OHC has risen unabated during 2005-2015 period (Wijffels et al., 2016), 

Rathore, Bindoff, Phillips, et al., (2020) suggest that the hemispheric asymmetry in this period 

is generated by the combination of anthropogenic warming and an asymmetric internal 

variability. The spatial and zonal distribution of this asymmetric internal climate variation and 

its relationship with known modes of climate variability is still unclear. 
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The current understanding of internal variability suggests that it is comprised of many modes 

of variability, such as El Niño Southern Oscillation (ENSO), Pacific Decadal Oscillation (PDO), 

Interdecadal Pacific Oscillation (IPO), North Atlantic Oscillation (NAO), Atlantic Multidecadal 

Oscillation (AMO), Indian Ocean Dipole (IOD), Southern Annular Mode (SAM), etc. Here we 

demonstrate that this newly identified asymmetric mode not only drives the hemispheric 

asymmetry in OHC change but is also distinct from anthropogenic warming and the well-

understood modes of internal variability (ENSO, PDO, etc.). Our study also suggests that this 

mode can plausibly explain the near-term variations (~ 10 to 15 years) of sea-level changes 

and carbon uptake of the global ocean. In this study, we provide further understanding of the 

spatiotemporal characteristics of this mode. 

3.2. Methods 

3.2.1. Observed monthly OHC estimation 

The OHC for the observations (𝑂𝐻𝐶𝑜𝑏𝑠) and the MMM of the RCP simulations (𝑂𝐻𝐶𝑅𝐶𝑃) is 

computed using Equation (3.1) 

𝑂𝐻𝐶 = ∫ 𝜌 ∗ 𝐶𝑝 ∗ 𝜃 𝑑𝑧
𝑧2

𝑧1

                             (3.1) 

Where ρ is the potential density of seawater (kg/m3) computed using potential temperature 

(𝜃, 𝐾) and seawater salinity (S, PSS) from the observations, Cp is the heat capacity of seawater 

which is taken as 3992 J kg-1 K-1 for this study, z1 and z2 are the upper and lower depth limits 

of the layer of interest, i.e. (z1,z2) = (0, 2000 m), (0, 700 m), and (700, 2000 m). The monthly 

OHC change is estimated by subtracting the monthly climatology for 2005-2015. 

The 𝑂𝐻𝐶𝑜𝑏𝑠  monthly time series from different observational products are linearly 

interpolated to a common grid (RG-Argo product) to create the ensemble mean time series 

for the estimation of the linear trend. The purpose of the ensemble mean analysis across the 

six products (observations and reanalyses) is to reduce the noise in 𝑂𝐻𝐶𝑜𝑏𝑠  and its trend 

estimation, more specifically, to reduce the biases present in different products that occur 

through the different approaches taken to obtain the resultant fields. The fitting of linear 

trends for the 𝑂𝐻𝐶𝑜𝑏𝑠 time-series is done by the least square method (Equation 3.3). 
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3.2.2. CMIP5 models OHC estimation 

To match the observed period of 2005-2015, we have concatenated the monthly values of 

historical simulation for 2005 with the monthly values of RCP 4.5 and RCP 8.5 simulations for 

the period of 2006-2015 from the 20 CMIP5 models used in this study (Supplementary Table 

3.1). We then took the average of both the time series obtained from the concatenation of 

historical and RCP simulation as shown in Equation (3.2).  

                    RCP =
(𝐻𝑖𝑠𝑡𝑜𝑟𝑖𝑐𝑎𝑙2005+𝑅𝐶𝑃4.52006−2015)+(𝐻𝑖𝑠𝑡𝑜𝑟𝑖𝑐𝑎𝑙2005+𝑅𝐶𝑃8.52006−2015)

2
        (3.2) 

Then the 𝑂𝐻𝐶𝑅𝐶𝑃  is estimated by using Equation (3.1) with constant seawater density of 

(1025 kg/m3) (Palmer, 2017) along with the potential ocean temperature (θ) and 𝐶𝑝 of 3992 

J kg-1 K-1. 

Then these 20 CMIP5 models were regridded from their native grid to 1o×1o horizontal grid 

resolution using bilinear interpolation scheme and masked spatially and vertically according 

to the RG-Argo observation product for homogeneity. We then de-drifted the monthly time 

series of 𝑂𝐻𝐶𝑅𝐶𝑃  of each CMIP5 model by subtracting the linear trend of the Pi-Ctrl 

simulation of the same model (Hobbs, Palmer and Monselesan, 2016). The MMM of these de-

drifted 𝑂𝐻𝐶𝑅𝐶𝑃 time series from 20 CMIP5 models is used for the estimation of the linear 

trend during 2005-2015 to represent the underlying climate change signal (𝑂𝐻𝐶𝑅𝐶𝑃) by using 

Equation (3.3). 

3.2.3. Simple linear regression analysis 

Simple linear regression (Equation (3.3)) is used for the estimation of the linear trend for 

2005-2015 in the 𝑂𝐻𝐶𝑜𝑏𝑠 and 𝑂𝐻𝐶𝑅𝐶𝑃 

𝑂𝐻𝐶 = 𝑏0. 𝑡 + 𝐶 +  𝜀                                         (3.3) 

Here 𝑏0 is the rate of change with time t, C, and 𝜀 are Y-intercept and residual, respectively.  

3.2.4. Multilinear regression analysis (MLR) 

Modes of natural variability are crucial elements that modulate the underlying trend and can 

obscure the trend in relatively short records of OHC change. To identify the influence of the 
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ASYM mode on spatio-temporal variations of OHC change in the presence of other known 

variability (IV) such as ENSO, PDO/IPO, IOD, SAM, AMO, and NAO, we used the MLR technique. 

This technique has been used previously (Imbers et al., 2013; Frankcombe et al., 2015; Wu et 

al., 2017) to detect the anthropogenic long term trends in surface air temperature, sea 

surface temperature, and sea surface height. This statistical technique is given by Equation 

(3.4) and allows us to separate the ASYM mode from the effect of the commonly known 

climate modes (IV). 

𝑂𝐻𝐶𝑖𝑛𝑣𝑟 = 𝑏1. 𝑡 + 𝑏2. 𝑁𝑖ñ𝑜1 + 𝑏3. 𝐷𝑀𝐼 + 𝑏4. 𝑆𝐴𝑀𝑚 + 𝑏5. 𝑁𝑖ñ𝑜2 + 𝑏6. 𝑁𝐴𝑂𝐻𝑖 + 𝑏7. 𝑃𝐷𝑂 +

𝑏8. 𝐴𝑀𝑂 + 𝑏9. 𝑁𝐴𝑂𝐿𝑜 +  𝐶 + 𝜀                                                               (3.4) 

While the multivariate approach is commonly used, its use for OHC change is new. In 

particular, we have allowed for the change in phase relationship between ENSO (𝑁𝑖ñ𝑜1) and 

OHC due to delays caused by oceanic and atmospheric circulation and non-linear coupling 

between ocean and atmosphere (𝑁𝑖ñ𝑜2). Here, 𝑂𝐻𝐶𝑖𝑛𝑣𝑟 = 𝑂𝐻𝐶𝑜𝑏𝑠 − 𝑂𝐻𝐶𝑅𝐶𝑃,  removing 

the anthropogenic warming signal (𝑂𝐻𝐶𝑅𝐶𝑃) from the observed OHC change (𝑂𝐻𝐶𝑜𝑏𝑠).  

The partial regression coefficient 𝑏𝑛 is used for each nine indices, as shown in Equation (3.4). 

The indices represent the IV mode of climate variability, i.e., ENSO, PDO, NAO, etc.  are filtered 

for high frequencies and low frequencies, as explained by Zhang and Church, (2012) and then 

normalized by their standard deviation. The method from Zhang and Church, (2012) will 

separate the high and low-frequency components so that the signals of these modes do not 

mix in the estimation of the trend. To obtain a low-frequency signal, a successive 25- and 37-

month running mean is applied and then the resultant low-frequency signal is subtracted 

from the original signal to get the high-frequency signal. In this study, we used the most 

extensively available time series for each index to filter into high and low frequency but 

plotted only from 1957 to 2016 (Supplementary Figure 3.2). The low-frequency indices used 

in our study are 𝑁𝐴𝑂𝐿𝑜, PDO and AMO; the high-frequency indices are Niño1, Niño2, DMI, 

𝑆𝐴𝑀𝑚, and 𝑁𝐴𝑂𝐻𝑖. We have assumed that these modes will remain constant from the pre-

industrial period to the end of the century i.e. 2100. However, this may not be the case in the 

real world, as some studies suggest that the internal variability can be modified in response 

to climate change (Huntingford et al., 2013; Kim et al., 2014; Lyu et al., 2015). We view this 

possible alteration as being of second-order relative to the anthropogenic warming in this 

study.  
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The filtered indices are further smoothed with a five-month running mean before further 

analysis. To increase robustness in our analysis, we added several other indices:  Multivariate 

ENSO index (MEI), Interdecadal Pacific oscillation (IPO), low-frequency Niño-3.4 (NiñoLo) 

obtained by filtering the Niño-3.4 index as described by Zhang and Church, (2012) and the 

SAM index (computed by the method described by Gong and Wang, (1999) and filtered for 

high frequency).  

The cross-correlations of all indices are shown in Supplementary Table 3.2. This cross-

correlation is done by taking auto-correlation (AR1) into account to get the effective degree 

of freedom for the significance of the correlation as described by Bretherton et al., (1999). 

After separating the high and low-frequency components, all the indices are then extracted 

for the study period of 2005-2015. The partial regression coefficient 𝑏1 from Equation (3.4) 

represents the ASYM mode of climate variability that is not explained by the remaining 𝑏𝑛−1 

coefficients of the known modes of the internal variability (IV).  

To measure the overfitting of the statistical model due to the multicollinearity of the 

independent variables, we checked the variance inflation factor (VIF) (Mekanik and Imteaz, 

2013). We found that our model is free from multicollinearity among the climate indices used 

to represent the IV mode. 

Finally, the 𝑏𝑛−1  coefficients of known variabilities are used to reconstruct the OHC time 

series corresponding to these modes using Equation (3.5) and then estimate their combined 

trend (IVobs or IVPi-Ctrl) by using Equation (3.3).  

𝑂𝐻𝐶𝐼𝑉 = 𝑂𝐻𝐶𝑖𝑛𝑣𝑟 − 𝑏1. 𝑡 − 𝐶 − 𝜀                                (3.5) 

    

3.2.5. Asymmetric Mode of Internal Variability in Pi-Ctrl 

The 10-year running trends of OHC change are computed from the Pi-Ctrl simulation of each 

CMIP5 model used in this study. We choose 10 years trends as this is the length of the Argo 

observations used in this study. The criterion of southern hemisphere OHC trend ≥ 2 × 1022 

J/decade and the northern hemisphere OHC trend ≤ -2 × 1022 J/decade is used to represent 

the observed hemispheric asymmetry. To analyze the opposite phase of the asymmetry 

pattern in the control simulations, we have reversed the criterion to be the southern 
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hemisphere OHC trend ≤ -2 × 1022 J/decade and the northern hemisphere OHC trend ≥ 2 × 

1022 J/decade.  

We then selected such events from each CMIP5 model and noted the decade of their 

occurrence to extract the corresponding time series of these decades from their respective 

Pi-Ctrl simulations. From the Pi-Ctrl simulation of 20 CMIP5 models (Supplementary Table 3.1), 

there are a total of 102 decadal (10-year trend) events that correspond to the warming 

concentrated in the southern hemisphere and 107 decadal events for the reverse phase. The 

MMM time series of these events is generated by compositing to represent the asymmetric 

pattern of OHC change during the opposite phases of southern and northern hemisphere 

dominated ocean warming. 

From the assumption that the climate variability of known modes, i.e., ENSO, PDO, etc. will 

remain the same on all timescales, we used Equation (3.4) to extract the ASYMPi-Ctrl mode 

from the MMM of the OHC change from the Pi-Ctrl simulation. This analysis demonstrates 

that the ASYM mode is present in the Pi-Ctrl simulations of the climate models. The ASYM 

mode of climate variability is distinct from the known modes of variabilities (IV) and the 

climate change signal (𝑂𝐻𝐶𝑅𝐶𝑃). To obtain the IV mode in the Pi-Ctrl (IVPi-Ctrl), we reconstruct 

the OHC time series corresponding to IVPi-Ctrl by using Equation (3.5) and then estimated the 

IVPi-Ctrl by using Equation (3.3).  

3.2.6. Normalized Cumulative Sum 

To get the contribution to the observed OHC (OHCobs) trend for 0-2000 m depth (0-700 m and 

700-2000 m) by each of anthropogenic climate change (OHCRCP), ASYMobs and IVobs, we adopt 

the method of the normalized cumulative sum (Equation (3.6)). The cumulative sum of the 

trend in depth and zonally integrated OHC change is calculated from 𝑂𝐻𝐶𝑜𝑏𝑠 , 𝑂𝐻𝐶𝑅𝐶𝑃 , 

ASYMobs, ASYMPi-Ctrl, IVobs, and IVPi-Ctrl over the latitude range of 62oS-62oN for the global ocean. 

The estimated cumulative sum is then normalized by the cumulative sum of the trend in 0-

2000 m  depth and zonally integrated 𝑂𝐻𝐶𝑜𝑏𝑠 change of the global ocean at 62oN latitude i.e. 

𝑂𝐻𝐶[𝑜𝑏𝑠,62𝑜 𝑁,0−2000 𝑚] which is obtained by Equation (3.6). 

𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑠𝑒𝑑 𝐶𝑢𝑚𝑢𝑙𝑎𝑡𝑖𝑣𝑒 𝑆𝑢𝑚 (0 − 2000 𝑚, 0 − 700 𝑚, 700 − 2000 𝑚) =

 
𝐶𝑢𝑚𝑢𝑙𝑎𝑡𝑖𝑣𝑒 𝑆𝑢𝑚 (𝑂𝐻𝐶𝑜𝑏𝑠,   𝑂𝐻𝐶𝑅𝐶𝑃,  𝐴𝑆𝑌𝑀𝑜𝑏𝑠,   𝐼𝑉𝑜𝑏𝑠,   𝐴𝑆𝑌𝑀𝑃𝑖−𝐶𝑡𝑟𝑙,   𝐼𝑉𝑃𝑖−𝐶𝑡𝑟𝑙) [62𝑜 𝑆−62𝑜 𝑁] 

 𝐶𝑢𝑚𝑢𝑙𝑎𝑡𝑖𝑣𝑒 𝑆𝑢𝑚 𝑂𝐻𝐶[𝑜𝑏𝑠,62𝑜 𝑁,0−2000 𝑚]

            (3.6)  
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This normalized cumulative sum will give the percent contribution of each component, i.e., 

𝑂𝐻𝐶𝑅𝐶𝑃, ASYMobs, ASYMPi-Ctrl, IVobs, and IVPi-Ctrl towards the 𝑂𝐻𝐶𝑜𝑏𝑠 at each latitude. 

3.2.7. Mean poleward ocean heat transport 

The poleward ocean heat transport (OHT) is estimated from the procedure described by 

Equation (3.7) (Siedler, Church and Gould, 2001; Ferrari and Ferreira, 2011). We use global 

potential temperature, salinity, and meridional velocity components from the surface to full 

ocean depth (0-5000 m) from the ECMWF ORAS4 (Balmaseda, Mogensen and Weaver, 2013).  

𝑀𝑂𝐻𝑇(𝑦) =  𝑂𝑉𝐻𝑇(𝑦) + 𝐺𝑅𝐻𝑇(𝑦)                        (3.7) 

Here, 𝑀𝑂𝐻𝑇(𝑦) is the time mean of total poleward ocean heat transport, 𝑂𝑉𝐻𝑇(𝑦) is the 

contribution from the meridional overturning circulation and 𝐺𝑅𝐻𝑇(𝑦) is the contribution 

from the large-scale gyre circulation and the smaller-scale eddies.  

3.2.8. Statistical significance 

We have used the criterion of 2*standard error with a sample size of n for the significance 

testing, which is equivalent to the 95% confidence from a two-sided student’s t-test. The 

mean trend is significant if it is >2*standard error of the trends estimated from n gridded 

datasets. Here, n represents the sample size, which is 6 for observational products (𝑂𝐻𝐶𝑜𝑏𝑠), 

and 20 for the CMIP5 models (𝑂𝐻𝐶𝑅𝐶𝑃, ASYMPi-Ctrl and IVPi-Ctrl modes) used in this study. 

3.3. Data availability 

3.3.1. Ocean Heat Content 

For the monthly observational record of 2005–2015, we computed linear trends in OHC from 

the ensemble mean of six data sets that include two gridded Argo products: Roemmich and 

Gilson climatology (Roemmich and Gilson, 2009) (http://sio-argo.ucsd.edu/) and IPRC Argo 

(http:// apdrc.soest.hawaii.edu/), two sets of objective analysis products of subsurface 

temperature and salinity from the Hadley Centre (Good, Martin and Rayner, 2013) (EN.4.2.1) 

(https://www.metoffice. gov.uk/hadobs/en4/) in which expendable bathythermograph (XBT) 

biases were corrected in 2009 (Levitus et al., 2009) and 2010 (Gouretski and Reseghetti, 2010), 

and two reanalysis products from SODA3.3.1 (Carton, Chepurin and Chen, 2018) (https:// 
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www2.atmos.umd.edu/~ocean/) and ORAS4 (Balmaseda, Mogensen and Weaver, 2013) 

(https://www.ecmwf.int/en/forecasts/ datasets/browse-reanalysis-datasets). The CMIP5 

model outputs are available from the Earth System Grid Federation (Taylor, Stouffer and 

Meehl, 2012) (https://esgf-node.llnl.gov/projects/ cmip5). 

3.3.2. Climate mode indices 

To investigate the effect of different climatic modes on the OHC, we have used various indices, 

as listed in Equation (3.4) from the sources listed in Supplementary Table 3.6. Where, Niño1 

is the conventional Niño-3.4 index, i.e., area-averaged Sea Surface Temperature Anomaly 

(SSTA) from 5oS-5oN, and 170oW-120oW. Niño2 is computed by the Hilbert transformed of 

Niño1 index to accommodate the phase change as well as the non-linear interaction between 

ocean and atmosphere caused by the ENSO. PDO is defined as the leading principal 

component of SST in the North Pacific (Mantua et al., 1997). AMO is first defined by 

(Schlesinger and Ramankutty, 1994), then after (Trenberth and Shea, 2006) assumed the 

effect of global warming and subtracted the global mean SST  from the North Atlantic SST to 

derive a revised AMO index. SAM is defined as the difference of zonal mean sea level pressure 

between 40oS and 65oS (Gong and Wang, 1999). On a comparable basis, the SAM index is also 

computed by Marshall, (2003), but by using data from six stations, and this index is used in 

our study. The IOD is defined as an anomalous SST gradient between the western equatorial 

Indian Ocean (50oE-70oE and 10oS-10oN) and the southeastern equatorial Indian Ocean (90oE-

110oE and 10oS-0o) (Saji et al., 1999). The NAO is characterized by an oscillation of 

atmospheric mass between the Arctic and the subtropical Atlantic and usually defined 

through changes in surface pressure (Hurrell, 1995). 

For the robustness of analysis, we have used other indices as well such as MEI developed by 

Wolter and Timlin, (2011), the Hilbert transform of MEI, IPO by Power et al., (1997); and 

Henley et al., (2015) and the low-frequency component of Niño-3.4 index (Westra, Renard 

and Thyer, 2015). All the indices are listed in Supplementary Table 3.6 are 

unfiltered/unsmoothed indices and are used for further processing to separate into high 

(interannual) and low (decadal to multidecadal) frequency indices.  
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3.4. Results 

3.4.1. Hemispheric Asymmetry in Global Ocean Heat Content 

The monthly time series of integrated OHC change above 2000 m for the global ocean (62oS-

62oN), northern hemisphere (0-62oN) and southern hemisphere (0-62oS) from the six products 

(ref. data availability section) and their ensemble mean is shown in Figure 3.1. The most 

striking feature is the strong and robust hemispheric asymmetry in global OHC change during 

2005-2015. Figure 3.1 shows that the southern hemisphere primarily explains the net global 

ocean heat gain in this layer and is closely correlated with the global OHC change, whereas 

there is little heat gain in the northern hemisphere. This result suggests that during 2005-

2015 the southern hemisphere is the primary driver of the global ocean heat gain. The rate 

of heat gain of the global ocean above 2000 m is (8.38 ± 0.59) ×1022 J/decade in which the 

northern hemisphere contributes 7.16% (0.60 ± 0.35 ×1022 J/decade), and the southern 

hemisphere contributes 92.84% (7.78 ± 0.58 ×1022 J/decade).  

The time series of global 

OHC change from all 

products are also marked in 

grey lines (Figure 3.1) to 

compare with the ensemble 

mean (black line). All data 

sets show similar rates and 

distribution of warming, 

which suggests that the 

unabated rise in the global 

ocean heat gain is a robust 

phenomenon in response to 

global warming. Analysis of 

OHC change for depth 

layers 0-700 m and 700-

2000 m (Supplementary Figure 3.1) shows that the hemispheric asymmetry in global OHC 

change above 2000 m is dominated by the 0-700 m layer. Rathore, Bindoff, Phillips, et al., 

Figure 3.1. Monthly time series of observed OHC change. 

Monthly Time Series of Ocean Heat Content change (OHC) 

(2005-2015) from ensemble mean (ENSM) of six products for 

global ocean (Global, black), southern hemisphere (red) and 

northern hemisphere (blue) for 0-2000 m with their respective 

trends (1022 J decade-1) in top and the grey lines are the OHC 

time series for global ocean from all the six products. 
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(2020) show that, while the global ocean warming is tracking as projected at all depth to 2000 

m, its hemispheric redistribution above 700 m is subjected to the asymmetric internal 

variability of the climate system. We isolate the asymmetric mode of climate variability (ASYM) 

from the underlying climate change signal and the well-understood modes of internal 

variability (IV). 

3.4.2. Identification of asymmetric mode 

To resolve the ASYM mode, multilinear regression (MLR, ref. Equation (3.4)) is used (ref. 

method section for detail). We have assumed that the multi-model mean (MMM) of the rate 

of change of OHC (OHC trend) from the RCP simulation of 20 CMIP5 models used in this study 

(Supplementary Table 3.1) represents the underlying climate change signal (Rathore, Bindoff, 

Phillips, et al., 2020). Therefore, we removed the MMM of RCP simulation (OHCRCP, ref. 

Equation (3.1)) from the monthly time series of observed OHC change (OHCobs, ref. Equation 

(3.1)), i.e., OHCobs - OHCRCP for the period of 2005-2015. This procedure results in the time 

series of internal variability (OHCinvr) and explicitly takes into account the signal of underlying 

anthropogenic climate change. The multilinear regression also includes the indices of ENSO, 

IOD, SAM, PDO, NAO, AMO to represent the internal variability from known climate modes 

(Equation 3.4, Supplementary Figure 3.2).  

We have used the high-frequency indices (Niño1, DMI, SAMm, Niño2, and NAOHi) and low-

frequency indices (PDO, AMO, NAOLo) as shown in Supplementary Figure 3.2 and 

Supplementary Table 3.2. The process to obtain the high and low-frequency indices is 

followed by Zhang and Church, (2012) (ref. methods section for details). To check the 

multicollinearity among the high and low-frequency indices, we obtained their cross-

correlation (Supplementary Table 3.2). These cross-correlation show none of the high-

frequency indices are correlated with the low-frequency indices, indicating that the 

interannual variations are well separated from the decadal and multidecadal variations. 

Moreover, the analysis of variance inflation factor (VIF) (Mekanik and Imteaz, 2013) suggests 

that the MLR model is free from multicollinearity among the indices for both long (1957-2016) 

and short (2005-2015) timescales. Hence, the MLR model (Equation (3.4)) is a suitable 

approach to decompose the internal variability in asymmetric mode (ASYM) and the known 

climate modes (IV). 
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By using equation (3.4) we first estimate the partial regression co-efficient corresponds to 

each index and then reconstruct the OHC time series corresponds to IV modes from the 

indices with their partial regression coefficients using equation (3.5). Finally, we estimate the 

linear trend of the OHC time series obtained from IV modes using equation (3.3). 

3.4.3. Zonal Representation of OHC Trend 

For the global ocean, the zonally integrated linear trend of the 𝑂𝐻𝐶𝑜𝑏𝑠 is computed by using 

Equation (3.3) and is shown in Figure 3.2.a. During 2005-2015, the southern hemisphere north 

of 50oS has a high rate of ocean heat gain, which penetrates down to 1400 m. This is the 

region where the eastward flowing limb of the subtropical gyre and the eastward flowing 

Antarctic Circumpolar Current exist, and through ocean ventilation via mode water formation, 

a large amount of heat subducts into the ocean depths (Gao, Rintoul and Yu, 2018). Apart 

from the intense warming of the southern hemisphere, Figure 3.2.a reveals a robust reduction 

in the rate of 𝑂𝐻𝐶𝑜𝑏𝑠  change in the northern hemisphere’s tropics (0-20oN) and higher 

latitudes north of 40oN. 

The simultaneous occurrence of high heat gain in the southern hemisphere and the reduced 

heat gain in the northern hemisphere ocean has resulted in hemispheric asymmetry in the 

global ocean warming. Moreover, the strong presence of ENSO is also noted in the top 200 m 

around the Equator. The presence of ENSO and other internal variations (Supplementary 

Table 3.2) aliases the underlying anthropogenic trend by introducing the “noise” of internal 

climate modes into the system (Bindoff et al., 2013). This “noise” is prominently present in 0-

700 m as compared to the deeper 700-2000 m layer, as shown by Rathore, Bindoff, Phillips, 

et al., (2020). Hence, it is essential to separate the modes of internal variations from the 

underlying trend of global ocean warming to better understand the observed hemispheric 

asymmetry.  

For this separation of signals, we have assumed that the MMM of RCP simulation i.e. 𝑂𝐻𝐶𝑅𝐶𝑃 

(ref. Equation (3.1)) represents the underlying climate change signal. The MMM trend of 

𝑂𝐻𝐶𝑅𝐶𝑃 is estimated from Equation (3.3). It has a symmetrical warming pattern across the 

globe (Figure 3.2.b). The observed warming of the subtropical gyres in the southern and 

northern hemispheres (Figure 3.2.a) is consistent with the RCP trend (Figure 3.2.b). Moreover, 

the observed warming (Figure 3.2.a) of the deep ocean (700-2000 m layer) is quite evident 



 

Page | 51 
 

from the RCP simulations (Figure 3.2.b). The interesting thing to note is the absence of 

hemispheric asymmetry in the 𝑂𝐻𝐶𝑅𝐶𝑃  as compared to the 𝑂𝐻𝐶𝑜𝑏𝑠 changes for the same 

period of 2005-2015. The analysis of global ocean warming from the MMM of RCP simulations 

shows that the observed hemispheric asymmetry is different from the response to 

anthropogenic warming. Hence, the MLR (ref. Equation (3.4)) is used to separate the ASYM 

and IV modes present in the 𝑂𝐻𝐶𝑜𝑏𝑠 change after removing the underlying anthropogenic 

warming trend estimated from the 𝑂𝐻𝐶𝑅𝐶𝑃. 

Figure 3.2. Zonally integrated Global OHC trend. Zonally integrated global OHC trend (1011 J m-2 

year-1) for (a) Observed OHC change (𝑂𝐻𝐶𝑜𝑏𝑠) (b) MMM of OHC change from RCP simulations 

(𝑂𝐻𝐶𝑅𝐶𝑃) (c) Observed asymmetric mode of climate variability (ASYMobs) (d) ASYM mode in pre-

industrial control simulations (ASYMPi-Ctrl) (e) Observed internal variability mode (IVobs) 

corresponds to ENSO (Niño1 and Niño2), IOD, IPO, NAO, SAM and AMO (f) IV mode in pre-

industrial control simulations (IVPi-Ctrl, 1010 J m-2 year-1). Stippling indicates the locations where 

OHC trends are not significant, i.e., <2*standard error of the trends estimated from (n = 6) 

observation products and (n = 20) CMIP5 models used in this study. 
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The observed ASYM mode (ASYMobs) is shown in Figure 3.2.c as the partial regression 

coefficient b1 obtained from MLR analysis. The ASYMobs is responsible for the asymmetric 

warming pattern in the 𝑂𝐻𝐶𝑜𝑏𝑠 changes and corresponds to the high heat gain around 30o-

50oS with the reduced rate of heat gain in the tropics (0-20oN) and also north of 40oN. In 

contrast, the observed IV mode (IVobs, Figure 3.2.e) inferred from the known modes of internal 

variability, is quite distinct from the ASYMobs mode. The IVobs (Figure 3.2.e) is the change in 

OHCobs that is solely due to the known modes of internal variability. It is computed using 

Equation (3.3) where the OHC change (OHCIV) is reconstructed by using Equation (3.5) as the 

combination of ENSO, IOD, PDO, etc. with their partial regression coefficient obtained by MLR. 

The IVobs mode shows the presence of ENSO around the equator as the prominent mode of 

variability in the upper 400 m layer. 

The identification of the ASYMPi-Ctrl and IVPi-Ctrl mode is made by constructing a MMM time 

series of pre-industrial control simulation (Pi-Ctrl) from the decades of high hemispheric 

asymmetry in the 10-year running trend of Pi-Ctrl simulation from each of the 20 CMIP5 

models used in this study (ref. Methods for more detail). There are 102 such decades in the 

Pi-Ctrl simulations that correspond to the observed hemispheric asymmetry, and there are 

107 decades that correspond to the opposite phase of the observed hemispheric asymmetry. 

We then used Equation (3.4) to obtain the ASYMPi-Ctrl (Figure 3.2.d) and after reconstructing 

the time series of 𝑂𝐻𝐶𝐼𝑉 that corresponds to ENSO, IOD, etc. by using Equation (3.5), the IVPi-

Ctrl mode (Figure 3.2.f) is estimated by using Equation (3.3). The analysis of Figure 3.2.d shows 

that the ASYMobs mode (Figure 3.2.c) is also present in the Pi-Ctrl simulations (ASYMPi-Ctrl) and 

shows a distinct pattern from the IVobs (Figure 3.2.e) and the IVPi-Ctrl (Figure 3.2.f), and as well 

as from the 𝑂𝐻𝐶𝑅𝐶𝑃 (Figure 3.2.b). 

3.4.4. Spatial Representation of OHC Trend 

The spatial pattern during the 2005-2015 period of the OHCobs change for 0-2000 m, 0-700 

m, and 700-2000 m is shown in Figure 3.3.a, Supplementary Figure 3.3.a and 3.4.a, 

respectively. In the 0-2000 m layer, the southern hemisphere north of 50oS (Indo-Pacific 

subtropical mode water region) is warming significantly (Figure 3.3.a). In the subtropical 

mode water region, the Indian and Pacific Oceans show an intense warming area compared 

to the rest of the world ocean. In the Atlantic Ocean, the Brazilian/Malvinas Current regions 
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are also showing a significant warming trend. In the northern hemisphere (Figure 3.3.a), the 

North Indian Ocean has a significant warming trend. There is some intense warming signal in 

the Pacific Ocean around 40oN (Kuroshio current region) and ENSO region. In the Atlantic 

Ocean, the Gulf Stream region around 30oN also has a significant warming trend. 

The combination of the high heat gain regions of the southern hemisphere, the robust 

reduction of heat gain in the western tropical Pacific and the North Atlantic (north of 40oN) in 

the northern hemisphere generates the hemispheric asymmetry in the global OHC change. 

The corresponding period’s spatial trend for 0-2000 m depth from the MMM of the OHCRCP 

Figure 3.3. Global OHC trend for 0-2000 m layer. Depth integrated (0-2000 m) global OHC trend 

(107 J m-2 year-1) for (a) Observed OHC change (𝑂𝐻𝐶𝑜𝑏𝑠 ) (b) MMM of OHC change from RCP 

simulations (𝑂𝐻𝐶𝑅𝐶𝑃) (c) Observed asymmetric mode of climate variability (ASYMobs) (d) ASYM 

mode in pre-industrial control simulations (ASYMPi-Ctrl) (e) Observed internal variability mode (IVobs) 

corresponds to ENSO (Niño1 and Niño2), IOD, IPO, NAO, SAM and AMO (f) IV mode in pre-industrial 

control simulations (IVPi-Ctrl, 106 J m-2 year-1). Stippling indicates the locations where OHC trends are 

not significant, i.e., <2*standard error of the trends estimated from (n = 6) observation products 

and (n = 20) CMIP5 models used in this study. 
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is shown in Figure 3.3.b. The OHCRCP  shows a uniform global ocean warming in both 

hemispheres. The regions of observed intense heat gain in the southern hemisphere and heat 

loss in the northern hemisphere (Figure 3.3.a) show much higher variability compared with 

the anthropogenic warming of the global ocean (Figure 3.3.b). 

The spatial pattern of the ASYMobs (Figure 3.3.c) is consistent with the robust reduction in the 

rate of OHC change in the tropical Pacific (0-30oN) and North Atlantic (north of 40oN) and the 

enhanced heat gain in the Indo-Pacific mode water region, i.e., north of 50oS. In contrast, the 

IVobs (Figure 3.3.e), representing all other known modes of variability (Supplementary Table 

3.2), does not capture strong asymmetry of observed OHC change (Figure 3.3.a). We 

extracted the spatial pattern of the ASYM and IV modes from the Pi-Ctrl simulations, i.e., 

ASYMPi-Ctrl and IVPi-Ctrl (Figure 3.3.d and 3.3.f) to compare with the ASYMobs and IVobs pattern 

in the observations (Figure 3.3.c and 3.3.e). The ASYMPi-Ctrl (Figure 3.3.d) is surprisingly 

consistent with the ASYMobs (Figure 3.3.c), except for some differences in the north Indian 

and the tropical Atlantic Ocean. Similarly, the IVPi-Ctrl (Figure 3.3.f, 106 J m-2 year-1) shows a 

modest agreement with the IVobs (Figure 3.3.e, 107 J m-2 year-1) but is an order less in 

magnitude.  

Unlike the amplified IVobs (Figure 3.3.e), the smaller amplitude of the IVPi-Ctrl (Figure 3.3.f) 

could be due to the compositing under the assumption that internal variability (ENSO, IOD, 

etc.) is coherent and has the same spatial pattern at all timescales across all of the climate 

models. However, this may not be the case in the world with anthropogenic forcing where 

internal variabilities may also be modified in response to climate change (Huntingford et al., 

2013; Kim et al., 2014; Lyu et al., 2015). It is also because the occurrence of the events of 

ENSO, PDO, etc. in the real world are not at the same instance and phase in the Pi-Ctrl 

simulation. Moreover, the representation of the internal variability in the models is not similar; 

the inter-models’ differences arise due to the different phases and amplitudes associated 

with the internal variability. 

The OHC change in 0-2000 m is primarily contributed from the 0-700 m ocean depth 

(Supplementary Figure 3.3). In the deep ocean (700-2000 m) the uniform pattern of the linear 

trend in the 𝑂𝐻𝐶𝑜𝑏𝑠  (Supplementary Figure 3.4.a) is consistent with the 𝑂𝐻𝐶𝑅𝐶𝑃 

(Supplementary Figure 3.4.b). Moreover, the patterns of ASYMobs and IVobs (Supplementary 

Figure 3.4.c and 3.4.e) and ASYMPi-Ctrl and IVPi-Ctrl (Supplementary Figure 3.4.d and 3.4.f) show 
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modest consistency but in weak magnitude as compared to 0-700 m layer. This suggests that 

the observed warming (𝑂𝐻𝐶𝑜𝑏𝑠) in the deep ocean is less affected by the noise generated by 

the internal variability (ASYM and IV). Thus, the deep ocean change represents the signature 

of anthropogenic warming (𝑂𝐻𝐶𝑅𝐶𝑃) with a much higher signal-to-noise ratio than in the 

upper ocean. 

The above visual analyses show that the spatial and zonal structure of 𝑂𝐻𝐶𝑅𝐶𝑃, ASYM and IV 

mode are distinct from each other (Figure 3.2 and 3.3). However, the ASYMobs (Figure 3.2.c 

and 3.3.c) and IVobs (Figure 3.2.e and 3.3.e) is quite consistent in pattern with the ASYMPi-Ctrl 

(Figure 3.2.d and 3.3.d) and the IVPi-Ctrl mode (Figure 3.2.f and 3.3.f) respectively. It is 

interesting to note that the zonal and spatial pattern of ASYMobs (ASYMPi-Ctrl) is anti-correlated 

with the IVobs (IVPi-Ctrl) and the zonal patterns of ASYMobs (IVobs) is strongly positively correlated 

with the ASYMPi-Ctrl (IVPi-Ctrl) (Supplementary Table 3.3). However, the pattern correlation 

between the spatial pattern of IVobs and IVPi-Ctrl for 0-2000 m, 0-700 m, and 700-2000 m is 

quite weak as compared to the zonal pattern (Supplementary Table 3.3). This weak spatial 

pattern correlation between the IVobs and IVPi-Ctrl of the 0-2000 m (Figure 3.3.e and 3.3.f) (0-

700 m, Supplementary Figure 3.3.e, and 3.3.f) layer is primarily due compositing the different 

phases of IV modes present in the models as compared to observations. Similarly, the depth 

of 700-2000 m (Supplementary Figure 3.4.e and 3.4.f) is noisier in both IVobs and IVPi-Ctrl, which 

makes them more inconsistent with each other and results in weak pattern correlation 

(Supplementary Table 3.3). 

The zonal pattern of ASYMobs (Figure 3.2.c) is moderately correlated in magnitude 

(Supplementary Table 3.3) with the different climate modes (Supplementary Figure 3.5) and 

having the highest correlation with the AMO of 0.60. Similarly, the spatial pattern correlation 

of ASYMobs for 0-2000 m, 0-700 m, and 700-2000 m layer (Figure 3.3.c, Supplementary Figure 

3.3.c, and 3.4.c) and AMO (Supplementary Figure 3.6.g, 3.7.g and 3.8.g) is similar and with a 

correlation coefficient of 0.50 (Supplementary Table 3.3). Taken together, all of these results 

suggest that the ASYM mode, which is distinct from the high frequency climate modes such 

ENSO, IOD, etc., is a low-frequency climate mode with at least decadal times-scale. ASYM 

mode is in both the observations and pre-industrial control runs and occurs in extreme states 

of the hemispheric OHC distribution. Given its coherence in its pattern when composited from 
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the CMIP5 models it must be phase-locked in the models and presumably in the observations 

over the period of 2005-2015.  

Furthermore, the variance explained by the OHCRCP and ASYM mode in the 0-2000 m layer is 

nearly the same (Supplementary Table 3.4). Similar conditions exist in the 0-700 m layer but 

in 700-2000 m layer the explained variance by the OHCRCP is slightly more than the ASYM. 

This suggests that in the 0-700 m ocean depth the influence of ASYM mode is comparable in 

strength to the OHCRCP. However, in the 700-2000 m depth, the ASYM is slightly less strong, 

and hence this layer shows a more uniform warming pattern from greenhouse signal 

represented by OHCRCP. The explained variance from the IV mode is more in the 0-700 m 

layer as compared to the 700-2000 m layer, and this suggests that the deeper ocean is less 

affected by these climate variabilities. Similarly, the full MLR model (with all the terms) also 

explains more variance in the 0-700 m layer than the 700-2000 m layer and in both cases with 

and without subtracting OHCRCP from OHCobs (Supplementary Table 3.4).  

These analyses (Figure 3.2 and Figure 3.3) suggest that during 2005-2015, the observed 

asymmetric warming pattern in OHC change is primarily generated from the ASYM mode. 

Moreover, the observed hemispheric asymmetry is the consequence of the internal 

redistribution of the energy, which is absorbed by the ocean through anthropogenic warming. 

The most important result is that the ASYMobs and ASYMPi-Ctrl are highly corelated with each 

other, particularly in the 0-2000 m layer. With the exception of AMO (in this short record) the 

ASYMobs has a low correlation with the common climate modes covered by this analysis 

(Supplementary Table 3.3). The full MLR model can explain about 35 to 42 percent of the total 

variance in the observed time series of OHC for the three layers considered. The ASYMobs 

mode in each case explains almost as much as the climate changes signal over this period and 

more uncorrelated variance in the OHC, except the low frequency modes (NAOLo, PDO and 

AMO), than any of the other climate modes assessed here (Supplementary Table 3.4). These 

results imply that in terms of OHC the ASYMobs mode is comparable to the greenhouse driven 

signal and has a larger expression in OHC than most of the climate modes. While this result is 

suprising, it can be easily reconciled in that modes such as ENSO, IOD and have larger signals 

in sea-surface temperature while the ASYMobs mode is stronger in OHC. 

3.4.5. The normalized cumulative sum of OHC trend 
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The importance of the ASYM mode in the climate system is also shown through normalized 

cumulative sum of OHC and poleward ocean heat transport (OHT) which brings more insight 

into the relative contribution of RCP (anthropogenic warming), ASYM (new asymmetric mode), 

and IV mode (other known modes of internal variability).  

The latitudinal distribution of 

the normalized cumulative 

sum of OHCobs  and the 

contribution from OHCRCP , 

ASYMobs (ASYMPi-Ctrl) and IVobs 

(IVPi-Ctrl) for 0-2000 m, 0-700 

m, and 700-2000 m is shown in 

Figure 3.4.a, Supplementary 

Figure 3.9.a and 3.9.b, 

respectively, and also in 

Supplementary Table 3.5. The 

normalized cumulative sum 

for the OHCobs shows that the 

southern hemisphere, 62oS-

Equator, accumulates more 

than 90% of the ocean heat 

gain during 2005-2015 with no 

corresponding ocean heat 

gain in the northern 

hemisphere from Equator-

60oN (Figure 3.4.a black). Of 

the net global ocean heat gain, 

50% occurs in the southern 

hemisphere between 30oS-

40oS and the remaining 50% is 

distributed between 30oS-

62oN.  

Figure 3.4. Normalized cumulative sum of OHC trend and 

poleward ocean heat transport. (a) Normalised cumulative 

sum of global OHC trend for 0-2000 m depth from observations 

(OHCobs, black), MMM of RCP simulation trend (OHCRCP, red), 

trend of observed asymmetric mode of climate variability 

(ASYMobs, solid blue), asymmetric mode of climate variability 

from the MMM of pre-industrial control simulation (ASYMPi-Ctrl, 

dash blue), observed internal variability mode (IVobs, solid 

green), and internal variability mode from the MMM of pre-

industrial control simulation (IVPi-Ctrl, dash green). Contribution 

of the different modes towards the OHCobs trend are indicated 

in parentheses (b) Time mean of total poleward ocean heat 

transport (MOHT, black, 1015 W) and its components from the 

meridional overturning (OVHT, red, 1015 W) and the large-scale 

gyres and small-scale eddies (GRHT, blue, 1015 W), for 1958-

2004 (solid lines) and for the last decade of 2005-2015 (dash 

lines) for full ocean depth (0-5000 m). 
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Despite the presence of strong hemispheric asymmetry (OHCobs , Figure 3.4.a, black) the 

underlying anthropogenic climate change (OHCRCP , Figure 3.4.a, red) is the similar at all 

latitudes, as projected by the climate models’ simulations, and is consistent with the observed 

ocean warming rate. The normalized cumulative sum of the OHCRCP shows the consistent 

rise of ocean warming across the globe with a symmetric pattern in both hemispheres. 

The ASYMobs (Figure 3.4.a, solid blue) explains nearly 40% of the total ocean heat gain 

between 40oS-Equator in the southern hemisphere whereas, the northern hemisphere (62oN-

Equator) shows a negative contribution of 18% in the net global ocean heat gain at 62oN. 

Unlike the ASYMobs, the IVobs (Figure 3.4.a, solid green) has a weak contribution to the 

redistribution of the global ocean heat gain. The IVobs oscillates around zero and contributes 

only 9% of the net heat gain at 62oN. The OHCRCP and IVobs together account for 1.18% of the 

net heat gain at 62oN, which compensates the negative contribution of ASYMobs at 62oN by 

0.18% (Supplementary Table 3.5). 

The most striking thing to note is the robust identification of the ASYMobs in the Pi-Ctrl 

simulation (ASYMPi-Ctrl, dash blue) that shows the climate system is naturally generating this 

mode which redistributes the ocean heat gain so effectively. The ASYMPi-Ctrl (dash blue) shows 

similar behavior to the ASYMobs (solid blue), i.e., high heat gain in the southern hemisphere 

and a reduced heat gain in the northern hemisphere. It is also noteworthy that the IVPi-Ctrl 

(dash green) oscillates around zero similar to the IVobs (solid green), which confirms that the 

IV mode has a weak contribution in the redistribution of heat gain.  

The OHCobs change in the 0-700 m layer primarily reflects the changes in the 0-2000 m layer 

(Figure 3.4.a) due to anthropogenic warming (OHCRCP), ASYM, and IV mode (Supplementary 

Figure 3.9.a) indicating that the 0-700 m layer dominates the OHC changes above 2000 m. 

However, in the depth of 700-2000 m, the OHCRCP, ASYMobs (ASYMPi-Ctrl) and IVobs (IVPi-Ctrl) 

have a positive contribution to the net global ocean heat gain in both hemispheres, and 

ASYMobs (ASYMPi-Ctrl) in particular, which has contributed negatively in the northern 

hemisphere in the 0-700 m (0-2000 m) layer. This might be the reason that the explained 

variance by the OHCRCP and ASYM is of comparable magnitude in 700-2000 m (Supplementary 

Table 3.4).  
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Thus, in the climate system, OHC of 0-2000 m (0-700 m) is weakly influenced by known modes 

of IV (e.g., ENSO, PDO) and largely irrelevant to the overall energy balance unlike the sea 

surface temperature (SST) which is significantly influenced by ENSO (Roemmich and Gilson, 

2011). More importantly, the contribution from the ASYM mode on the Earth’s energy 

balance in either hemisphere is as large as the anthropogenic climate change (OHCRCP) to 

redistribute the heat gain by 0-700 m (0-2000 m) layer during 2005-2015. This asymmetric 

mode dominates the hemispheric heat content variations from all the common climate 

modes in this period and is therefore climatically important. 

3.4.6. Northward ocean heat transport 

One of the consequences of this ASYM mode is shown in Figure 3.4.b for the poleward ocean 

heat transport (OHT). The time-mean of the poleward OHT (Figure 3.4.b, MOHT, black) shows 

slightly enhanced poleward transport of heat in the southern hemisphere from the southern 

tropics during 2005-2015 (dash black) as compared to 1958-2004 (solid black). Concurrently, 

in the northern hemisphere, the reduction of MOHT during 2005-2015 (dash black) as 

compared to the long term mean of 1958-2004 (solid black) is observed. The enhanced 

(reduced) poleward OHT during 2005-2015 in the southern (northern) hemisphere 

corresponds to the hemispheric asymmetry is plausibly associated with the ASYM mode 

(Figure 3.4.a, blue).  

The MOHT is further decomposed into its meridional overturning component (OVHT, Figure 

3.4.b, red) and the horizontal gyre component (GYHT, Figure 3.4.b, blue) (see methods for 

detail). The time-mean OVHT shows a similar response of MOHT such that OVHT primarily 

drives the MOHT. Due to this, more heat is transported towards the subtropical mode water 

region in the southern hemisphere from the southern tropics. Also, due to the negative 

contribution of ASYM mode in the northern hemisphere, there is a reduced poleward heat 

transport from the northern tropics.  

The reduction in MOHT is due to the weakening of the meridional overturning circulation 

(OVHT) owing to the strong influence of the ASYM mode which reduces the cross-equatorial 

ocean heat transport in the northern hemisphere. It is worth mentioning that the change in 

GYHT during 2005-2015, as compared to 1958-2004, is quite small compared with the change 

of MOHT (Figure 3.4.b). These results suggest that the observed hemispheric asymmetry in 
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the global OHC change is likely to be explained by the ASYM mode of asymmetric internal 

variability of the ocean. 

3.5. Discussion & Conclusion 

While the warming of the global ocean (OHCobs) is “virtually certain (probability > 99%)” 

(Rathore, Bindoff, Phillips, et al., 2020) as projected from the climate models’ simulations 

(OHCRCP) (Figure 3.4.a), a new mode of asymmetric internal variability (Figure 3.2.c, Figure 

3.3.c, and 3.4.a (blue)) redistributes the ocean heat gain such that it generates the 

hemispheric asymmetry (Figure 3.1, 3.2.a, 3.3.a, and 3.4.a (black), Supplementary Figure 

3.1.a). This ASYM mode (Figure 3.2.c, Figure 3.3.c, Supplementary Figure 3.3.c, and 

Supplementary Figure 3.4.c) is different from the variability generated by the known modes 

of the internal variability such as ENSO, PDO, NAO, etc. (Figure 3.2.e, Figure 3.3.e, 

Supplementary Figure 3.3.e, and Supplementary Figure 3.4.e). Moreover, the identification of 

the ASYM mode is robust and coherent between models as it is present in the 10-year trend 

patterns computed from the Pi-Ctrl simulations of the 20 CMIP5 models used in this study. 

The identification of this mode would plausibly reduce the importance of the asymmetric 

aerosol loading (Shi, Xie and Talley, 2018; Irving, Wijffels and Church, 2019) as the primary 

constraint to the hemispheric asymmetry in the global ocean heat content change. Moreover, 

this asymmetric mode might have contributed to the variations of anthropogenic heat and 

carbon uptake through the Atlantic meridional overturning circulation (Landschützer et al., 

2015; DeVries, Holzer and Primeau, 2017; Ritter et al., 2017). 

The extreme hemispheric OHC change due to the combination of climate change and internal 

variability is discussed by Rathore, Bindoff, Phillips, et al., (2020). This study shows the overall 

pattern of the ASYM mode from the control simulations of the pre-industrial period and from 

observations (Figure 3.2, Figure 3.3, Supplementary Figure 3.3 and Supplementary Figure 3.4). 

The presence of the ASYM mode is stronger in the upper ocean (0-700 m) and has a greater 

influence on the underlying trends as compared to the deep ocean (700-2000 m) 

(Supplementary Figure 3.3.c, 3.3.d, and 3.9.a). The response from the IV mode has a weak, 

insignificant contribution in the observed rate of change of hemispheric or global OHC (Figure 

3.4.a and Supplementary Figure 3.9.b). 
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Relative to the OHCRCP, the OHCobs in 0-700 m depth (Supplementary Figure 3.9.a) is more 

substantial in amplitude in the southern hemisphere as compared to the northern 

hemisphere. The observed high (low) heat gain of the southern (northern) hemisphere is due 

to the presence of the ASYM mode which increases (reduces) with the OHCRCP  in the 

southern (northern) hemisphere. In contrast, the 700-2000 m depth shows robust warming 

in both hemispheres (OHCobs) and is large in magnitude relative to the OHCRCP due to the 

reduced response from the ASYM mode (Supplementary Figure 3.9.b). The contribution of 

the different climate modes (IV) towards the OHCobs is shown in Supplementary Figure 3.5, 

3.6, 3.7, and 3.8 for the zonal section, depth of 0-2000 m, 0-700m, and 700-2000 m, 

respectively. The ASYM and IV climate modes are more prominent in the 0-700 m layer 

(Supplementary Figure 3.5, 3.7, and 3.9.a) and are often considered “noise” in the detection 

and attribution of human influence in the climate system (Bindoff et al., 2013). These modes 

are smaller in magnitude in the deeper depth of 700-2000 m layer (Supplementary Figure 3.5, 

3.8, and 3.9.b) and make for a clearer detection of anthropogenic climate change. Moreover, 

the robustness of the MLR technique to separate the contribution of the known climate 

modes is shown in Supplementary Figure 3.10. The adjusted R-square maps show the 

increased explained variance in the OHC change in the 0-2000 m (0-700 m) layer after taking 

into account the noise of the climate system from the known modes of the internal variability, 

i.e., ENSO, PDO, etc.  

This study also shows that ASYM mode has two types. The first is when the southern 

hemisphere has a higher rate of ocean heat gain than the northern hemisphere (Figure 3.2.c, 

and 3.3.c), and the second is the opposite phase when the southern hemisphere has a lower 

rate (Supplementary Figure 3.11). The detection of the ASYM mode suggests that this 

asymmetric internal variability primarily generates the observed asymmetric warming of the 

global ocean and the known modes of climate variability have minimal impact on the 

hemispheric redistribution of heat during 2005-2015. Our study concludes that the identified 

ASYM mode of internal variability explains the hemispheric asymmetry in the global ocean 

heat gain and OHT, and it accounts for the same amount of variance in the spatial patterns as 

explained by the anthropogenic climate change (OHCRCP) for this decade. 

This study has important implications because it demonstrates that IV modes such as ENSO, 

IPO, IOD, etc. are relatively less important as compared with the ASYM mode for climate 
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variables like OHC. Further, the ASYM mode is potentially useful for the predictability of the 

climate system on shorter timescales. In contrast to our study, others (Shi, Xie and Talley, 

2018; Irving, Wijffels and Church, 2019) suggest that the presence of anthropogenic aerosols 

and greenhouse gas, preferentially in the northern hemisphere, strongly influence the global 

ocean heat gain and AMOC changes. However, our study suggests that the ASYM mode can 

plausibly play an important role in the weakening or strengthening of the AMOC in 

combination with the anthropogenic aerosol and GHG forcing.  

Moreover, Thompson and Merrifield, (2014) identified a unique hemispheric asymmetry in 

the sea-level change on decadal timescales from satellite altimetry (after 1993). The 

asymmetry presented by Thompson and Merrifield, (2014) in sea-level change is not based 

on the partitioning around the Equator but the clusters of northern and southern 

hemisphere’s regions (details in there). The regions included by them in the northern and 

southern hemispheres broadly coincide with the region of low and high ocean heat gain in 

this study. Our study, along with Thompson and Merrifield, (2014), suggests that the ASYM 

mode drives the hemispheric asymmetry in the OHC change that generates a fingerprint on 

the global and hemispheric sea-level variations. 

Another implication of this study is on the oceanic sink of anthropogenic carbon dioxide (CO2). 

Several studies suggested that the global ocean and particularly the southern ocean is the 

primary region for the uptake of anthropogenic CO2 (Sabine et al., 2004; Johnson et al., 2007; 

Khatiwala et al., 2013; Devries, 2014; DeVries, Holzer and Primeau, 2017; Gruber et al., 2019). 

However, prior to the 2000s, the uptake of CO2 was stagnant or declined in the southern 

hemisphere due to changes in oceanic and atmospheric circulation (McKinley et al., 2011; 

Pérez et al., 2013; DeVries, Holzer and Primeau, 2017). The declining trend of the southern 

ocean’s uptake of CO2 reversed during the early 2000s due to the weakening of the 

overturning circulation (DeVries, Holzer and Primeau, 2017). This enhanced uptake of the CO2 

in the southern hemisphere might be related to the ASYM mode of climate variability that 

favoured the weakening of the mean meridional overturning circulation post-2000s. 

Hence, further investigation is needed, e.g., the role of atmospheric variability to understand 

the generation mechanism of ASYM mode and its impact on driving key climate change 

responses like carbon uptake and thermosteric sea-level rise from regional to global scales. 

Moreover, when we enter the opposite phase of the ASYM mode (Supplementary Figure 3.11) 
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where the northern hemisphere dominates ocean heat gain, this may be associated with a 

strengthened cross-equatorial ocean heat transport from southern to northern hemisphere 

and may reduce the uptake of the anthropogenic CO2 in the southern hemisphere 

(Landschützer et al., 2015; DeVries, Holzer and Primeau, 2017). 

On a final note, the identification of ASYM mode suggests that the redistribution of 

anthropogenic heat gain by the ocean on decadal timescales can be better understood for 

the near-term prediction of thermosteric sea-level rise from global to hemispheric scales. We 

infer that in an 11-year record of OHC from the high-quality global Argo array, the underlying 

trend of OHC variability for 0-700 m layer is strongly (weakly) influenced by the asymmetric 

mode (known modes) of internal climate variability. Below 700m, the internal variability 

(asymmetric and other modes) has a weaker effect and thus increases the signal-to-noise 

ratio for OHC change to track anthropogenic warming. 

3.6. Supplementary Information 

3.6.1. Supplementary Note 1  

Adjusted R-Square from the multi linear regression  

The adjusted R-square value from the multi linear regression compares the explanatory 

power of regression models that contain different numbers of predictors. Here, 

Supplementary Figure 3.10 shows that more than 50% of the variance in 0-2000 m (0-700 m) 

OHCA trend analysis is explained in the Pacific and the North Atlantic Ocean. The maximum 

amount of the variance explained in the Pacific Ocean is attributed to the ENSO and PDO/IPO, 

and it is the NAO in the north Atlantic. In the depth of 700-2000 m, most of the global ocean 

variability except north and south Pacific and the North Atlantic cannot be explained by the 

predictors used in multi linear regression. This suggests that the known modes of climate 

variability have a weak effect on the deeper depths of the ocean. 

3.6.2. Supplementary Note 2 

Opposite phase of ASYMIV corresponds to the observed asymmetric pattern 
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Supplementary Figure 3.11 elucidate the opposite pattern of the trend from the MMM of the 

Pi-control simulations relative to the observed asymmetric pattern of warming shown in 

Figure 3.2.c, 3.2.d, 3.3.c and 3.3.d. 

Supplementary Table 3.1. CMIP5 Model with Pre-industrial Control Simulation Length. CMIP5 

models used in this study and the length (years) of their pre-industrial control simulations. 

Model Modelling Centre 
Pi-control 
Length (yr) 

ACCESS 1-0 (Bi et al., 2013) CSIRO-BoM 500 

bcc-csm1-1 (Xiao-Ge et al., 2013) BCC 500 

CCSM4 (Gent et al., 2011) NCAR 1051 

CMCC-CM (Scoccimarro et al., 2011) 
Centro Euro-Mediterraneo per I 

Cambiamenti Climatici 
330 

CNRM-CM5 (Voldoire et al., 2013) 
Centre National de Recherches 

Meteorologiques 
850 

CSIRO-Mk3-6-0 (Jeffrey et al., 2013) CSIRO-QCCCE 500 

EC-EARTH (Prodhomme et al., 2016) EC-EARTH 452 

GFDL-ESM2G (Dunne et al., 2012) NOAA/GFDL 500 

MPI-ESM-LR (Jungclaus et al., 2013) MPI for Meteorology 1000 

MRI-CGCM3 (Yukimoto et al., 2012) 
Meteorological Research 

Institute (MRI) 
500 

NorESM1-M (Bentsen et al., 2013) 
Norwegian Climate Centre 

(NCC) 
501 

NASA-GISS-E2RCC (Schmidt et al., 
2014) 

National Aeronautics and Space 
Administration 

251 

FGOALS-g2 (Li et al., 2013) Chinese Academy of Sciences 750 

MIROC-ESM (Watanabe et al., 2011) 
JAMSTEC, University of Tokyo, 

NIES 
630 

CanESM2 (Chylek et al., 2011) 
Canadian Centre for Climate 

Modelling and Analysis 
996 

HadGEM2-CC (Martin et al., 2011) Met Office Hadley Centre 240 

CESM1/CAM5 (Hurrell et al., 2013) 
National Center for 

Atmospheric Research 
319 

FIO-ESM (Qiao et al., 2013) First Institute of Oceanography 800 

BNU-ESM (Ji et al., 2014) Beijing Normal University 559 

IPSL-CM5A-MR (Dufresne et al., 2013) Institut Pierre Simon Laplace 300 
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Supplementary Table 3.2. Cross-correlation between the indices used in the multi linear regression. 

Cross-correlation between the indices and the correlation coefficients in bold represent significant 

correlation at 95% confidence from 2-sided student t-test after considering the lag-1 autocorrelation. 
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Supplementary Table 3.3. Pattern correlation of the zonal and spatial trends. Pattern correlation 

between the OHC trend pattern for the zonal section, 0-2000 m layer, 0-700 m layer and 700-2000 m 

layer. 

 

 

 

 

 

 

 

 

 

0-2000 m Zonal Slope Pattern

OHCobs OHCRCP ASYMobs IVobs ASYMPi-Ctrl IVPi-Ctrl Niño1 DMI SAMm Niño2 NAOHi PDO AMO NAOLo

OHCobs 1 0.48 0.69 0.12 0.46 -0.29

OHCRCP 1 -0.07 0.23 0.08 0.1

ASYMobs 1 -0.55 0.63 -0.45 -0.23 0.1 -0.3 -0.27 -0.43 0.13 0.6 -0.37

IVobs 1 -0.41 0.31

ASYMPi-Ctrl 1 -0.67

IVPi-Ctrl 1

0-2000 m Spatial Slope Pattern

OHCobs OHCRCP ASYMobs IVobs ASYMPi-Ctrl IVPi-Ctrl Niño1 DMI SAMm Niño2 NAOHi PDO AMO NAOLo

OHCobs 1 0.12 0.72 -0.02 0.33 -0.08

OHCRCP 1 -0.14 0.05 0.12 0.03

ASYMobs 1 -0.68 0.38 -0.08 -0.2 -0.04 -0.003 0.016 -0.13 -0.08 0.53 -0.32

IVobs 1 -0.25 0.02

ASYMPi-Ctrl 1 -0.5

IVPi-Ctrl 1

0-700 m Spatial Slope Pattern

OHCobs OHCRCP ASYMobs IVobs ASYMPi-Ctrl IVPi-Ctrl Niño1 DMI SAMm Niño2 NAOHi PDO AMO NAOLo

OHCobs 1 0.1 0.74 -0.002 0.28 0.009

OHCRCP 1 -0.13 0.04 0.12 0.04

ASYMobs 1 -0.65 0.37 -0.04 -0.16 -0.05 -0.02 -0.05 -0.08 -0.06 0.52 -0.33

IVobs 1 -0.29 0.06

ASYMPi-Ctrl 1 -0.5

IVPi-Ctrl 1

700-2000 m Spatial Slope Pattern

OHCobs OHCRCP ASYMobs IVobs ASYMPi-Ctrl IVPi-Ctrl Niño1 DMI SAMm Niño2 NAOHi PDO AMO NAOLo

OHCobs 1 0.22 0.68 0.03 0.31 -0.18

OHCRCP 1 -0.17 0.12 0.07 -0.002

ASYMobs 1 -0.67 0.31 -0.1 -0.24 -0.08 -0.01 0.1 -0.2 -0.19 0.52 -0.18

IVobs 1 -0.13 -0.05

ASYMPi-Ctrl 1 -0.53

IVPi-Ctrl 1
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Supplementary Table 3.4. Explained variance for 0-2000 m, 0-700 m and 700-2000 m layer. Variance 

explained (adjusted R2) by the different modes of variability from the multi linear regression analysis 

for the depth of 0-2000 m, 0-700 m and 700-2000 m. 

 

 

 

 

 

R2
Adjusted R2

Adjusted

Regression 0-2000 m OBS with RCP Regression 0-2000 m OBS - RCP

OHCRCP (Full -IV) 0.0679 ASYMobs (Full - IV) 0.0646

OHCRCP 0.09776 ASYMobs 0.08136

Niño1 0.0865 Niño1 0.0769

DMI 0.0207 DMI 0.02273

SAMm 0 SAMm 0

Niño2 0.03764 Niño2 0.03546

NAOHi 0.001203 NAOHi 0.0011

PDO 0.1238 PDO 0.1235

AMO 0.0705 AMO 0.0726

NAOLo 0.08711 NAOLo 0.08789

Niño1+DMI+SAMm+Niño2+NAOHi+PDO+AMO+NAOLo (IV) 0.349 Niño1+DMI+SAMm+Niño2+NAOHi+PDO+AMO+NAOLo (IV) 0.3379

OHCRCP+Niño1+DMI+SAMm+Niño2+NAOHi+PDO+AMO+NAOLo (Full) 0.4169 ASYMobs+Niño1+DMI+SAMm+Niño2+NAOHi+PDO+AMO+NAOLo (Full) 0.4025

R2
Adjusted R2

Adjusted

Regression 0-700 m OBS with RCP Regression 0-700 m OBS - RCP

OHCRCP (Full -IV) 0.071 ASYMobs (Full - IV) 0.072

OHCRCP 0.1024 ASYMobs 0.08974

Niño1 0.08561 Niño1 0.07649

DMI 0.02114 DMI 0.02337

SAMm 0 SAMm 0

Niño2 0.03608 Niño2 0.03345

NAOHi 0 NAOHi 0

PDO 0.1307 PDO 0.1302

AMO 0.07556 AMO 0.07636

NAOLo 0.09115 NAOLo 0.09355

Niño1+DMI+SAMm+Niño2+NAOHi+PDO+AMO+NAOLo (IV) 0.3578 Niño1+DMI+SAMm+Niño2+NAOHi+PDO+AMO+NAOLo (IV) 0.3462

OHCRCP+Niño1+DMI+SAMm+Niño2+NAOHi+PDO+AMO+NAOLo (Full) 0.4288 ASYMobs+Niño1+DMI+SAMm+Niño2+NAOHi+PDO+AMO+NAOLo (Full) 0.4182

R2
Adjusted R2

Adjusted

Regression 700-2000 m OBS with RCP Regression 700-2000 m OBS - RCP

OHCRCP (Full -IV) 0.0841 ASYMobs (Full - IV) 0.074

OHCRCP 0.1197 ASYMobs 0.09235

Niño1 0.03645 Niño1 0.03099

DMI 0.01141 DMI 0.0111

SAM 0 SAMm 0

Niño2 0.03408 Niño2 0.03081

NAOHi 0 NAOHi 0.001155

PDO 0.06347 PDO 0.05937

AMO 0.07006 AMO 0.06625

NAOLo 0.06486 NAOLo 0.05739

Niño1+DMI+SAMm+Niño2+NAOHi+PDO+AMO+NAOLo (IV) 0.2643 Niño1+DMI+SAMm+Niño2+NAOHi+PDO+AMO+NAOLo (IV) 0.2455

OHCRCP+Niño1+DMI+SAMm+Niño2+NAOHi+PDO+AMO+NAOLo (Full) 0.3484 ASYMobs+Niño1+DMI+SAMm+Niño2+NAOHi+PDO+AMO+NAOLo (Full) 0.3195
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Supplementary Table 3.5. The normalized cumulative sum. Net contribution of OHCRCP, ASYMobs and 

IVobs in the OHCobs for the depth of 0-2000 m, 0-700 m, and 700-2000 m. 

 

 

 

 

 

Supplementary Table 3.6. Data of Climate indices. List of climate indices used in the study with their 
sources.  

Index Source 

Niño-3.4 http://www.esrl.noaa.gov/psd/gcos_wgsp/Timeseries/Nino34/ 

IOD https://www.esrl.noaa.gov/psd/gcos_wgsp/Timeseries/DMI/ 

PDO https://www.esrl.noaa.gov/psd/gcos_wgsp/Timeseries/PDO/ 

AMO https://www.esrl.noaa.gov/psd/gcos_wgsp/Timeseries/AMO/ 

SAM http://www.nerc-bas.ac.uk/icd/gjma/sam.html 

MEI https://www.esrl.noaa.gov/psd/data/correlation/mei.data 

IPO https://www.esrl.noaa.gov/psd/data/timeseries/IPOTPI/ 

NAO http://iridl.ldeo.columbia.edu/SOURCES/.Indices/.CPC_Indices/.NHTI/.NAO/dods 

 

 

 

 

 

 

 

 

 

 

 

 

 

Normalised Cumulative Sum 

 OHCobs OHCRCP ASYMobs IVobs 

0-2000 m 1 1.09 -0.18 0.09 

0-700 m 0.52 0.77 -0.31 0.06 

700-2000 m 0.48 0.32 0.13 0.02 
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Supplementary Figure 3.1. Monthly time series of observed OHC change. Monthly 

Time Series of observed ocean heat content change (OHC) during 2005-2015 from 

the ensemble mean of six products for Global Ocean (Global, black), Southern 

Hemisphere (red) and Northern Hemisphere (blue) for (a) 0-700 m and (b) 700-

2000 m depth with their respective trends (1022 J decade-1) in the top and the grey 

lines are the time series of observed OHC change for the Global Ocean from all the 

six observational products. 
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Supplementary Figure 3.2. Monthly time series of the indices used in multi linear regression. 

Normalised monthly time series of the high frequency indices of Niño-3.4 index (Niño1), Multivariate 

ENSO index (MEI1), Indian Ocean Dipole (DMI), Marshall’s index of Southern Annular Mode (SAMm), 

SAMcal index calculated by the definition from (Gong and Wang 1999), Imaginary part of Hilbert 

transform of Niño1 (Niño2) and MEI1 (MEI2), North Atlantic Oscillation (NAOHi), Low frequency indices 

of Pacific Decadal Oscillation (PDO), Interdecadal Pacific Oscillation index (IPO), Niño-3.4 index 

(NiñoLo), Atlantic Multidecadal Oscillation (AMO), North Atlantic Oscillation (NAOLo). 
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Supplementary Figure 3.3. Global OHC trend for 0-700 m layer. Depth integrated (0-700 m) global 

OHC trend (107 J m-2 year-1) for (a) Observed OHC change (𝑂𝐻𝐶𝑜𝑏𝑠) (b) MMM of OHC change from RCP 

simulations (𝑂𝐻𝐶𝑅𝐶𝑃) (c) Observed asymmetric mode of climate variability (ASYMobs) (d) ASYM mode 

in pre-industrial control simulations (ASYMPi-Ctrl) (e) Observed internal variability mode (IVobs) 

corresponds to ENSO (Niño1 and Niño2), IOD, IPO, NAO, SAM and AMO (f) IV mode in pre-industrial 

control simulations (IVPi-Ctrl, 106 J m-2 year-1). Stippling indicates the locations where OHC trends are 

not significant, i.e., <2*standard error of the trends estimated from (n = 6) observation products and 

(n = 20) CMIP5 models used in this study. 
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Supplementary Figure 3.4. Global OHC trend for 700-2000 m layer. Depth integrated (700-2000 m) 

global OHC trend (107 J m-2 year-1) for (a) Observed OHC change (𝑂𝐻𝐶𝑜𝑏𝑠) (b) MMM of OHC change 

from RCP simulations (𝑂𝐻𝐶𝑅𝐶𝑃) (c) Observed asymmetric mode of climate variability (ASYMobs) (d) 

ASYM mode in pre-industrial control simulations (ASYMPi-Ctrl) (e) Observed internal variability mode 

(IVobs) corresponds to ENSO (Niño1 and Niño2), IOD, IPO, NAO, SAM and AMO (f) IV mode in pre-

industrial control simulations (IVPi-Ctrl, 106 J m-2 year-1). Stippling indicates the locations where OHC 

trends are not significant, i.e., <2*standard error of the trends estimated from (n = 6) observation 

products and (n = 20) CMIP5 models used in this study. 
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Supplementary Figure 3.5. Zonally integrated Global OHC trend from known modes. Zonally 

integrated observed partial regression coefficient for the period of 2005-2015 from the multi linear 

regression analysis for (a) Niño1 (1011 J m-2 year-1) (b) DMI (1011 J m-2 year-1) (c) SAMm (1011 J m-2 year-

1) (d) Niño2 (1011 J m-2 year-1) (e) NAOHi (1011 J m-2 year-1) (f) PDO (1012 J m-2 year-1), (g) AMO (1012 J m-

2 year-1), (h) NAOLo (1012 J m-2 year-1). Stippling indicates the location where OHC trend associated with 

the corresponding climate mode is not significant, i.e., <2*standard error of the trends estimated from 

(n = 6) observation products used in this study. 
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Supplementary Figure 3.6. Global OHC trend for 0-2000 m layer from known modes. Depth 

integrated (0-2000 m) observed partial regression coefficient for the period of 2005-2015 from the 

multi linear regression analysis for (a) Niño1 (107 J m-2 year-1) (b) DMI (107 J m-2 year-1) (c) SAMm (107 J 

m-2 year-1) (d) Niño2 (107 J m-2 year-1) (e) NAOHi (107 J m-2 year-1) (f) PDO (108 J m-2 year-1), (g) AMO (108 

J m-2 year-1), (h) NAOLo (108 J m-2 year-1). Stippling indicates the location where OHC trend associated 

with the corresponding climate mode is not significant, i.e., <2*standard error of the trends estimated 

from (n = 6) observation products used in this study. 
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Supplementary Figure 3.7. Global OHC trend for 0-700 m layer from known modes. Depth integrated 

(0-700 m) observed partial regression coefficient for the period of 2005-2015 from the multi linear 

regression analysis for (a) Niño1 (107 J m-2 year-1) (b) DMI (107 J m-2 year-1) (c) SAMm (107 J m-2 year-1) 

(d) Niño2 (107 J m-2 year-1) (e) NAOHi (107 J m-2 year-1) (f) PDO (108 J m-2 year-1), (g) AMO (108 J m-2 year-

1), (h) NAOLo (108 J m-2 year-1). Stippling indicates the location where OHC trend associated with the 

corresponding climate mode is not significant, i.e., <2*standard error of the trends estimated from (n 

= 6) observation products used in this study. 

 



 

Page | 76 
 

 

 

 

 

 

 

 

Supplementary Figure 3.8. Global OHC trend for 700-2000 m layer from known modes. Depth 

integrated (700-2000 m) observed partial regression coefficient for the period of 2005-2015 from the 

multi linear regression analysis for (a) Niño1 (107 J m-2 year-1) (b) DMI (107 J m-2 year-1) (c) SAMm (107 J 

m-2 year-1) (d) Niño2 (107 J m-2 year-1) (e) NAOHi (107 J m-2 year-1) (f) PDO (108 J m-2 year-1), (g) AMO (108 

J m-2 year-1), (h) NAOLo (108 J m-2 year-1). Stippling indicates the location where OHC trend associated 

with the corresponding climate mode is not significant, i.e., <2*standard error of the trends estimated 

from (n = 6) observation products used in this study. 
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Supplementary Figure 3.9. Normalized cumulative sum of OHC trend. (a) 

Normalised cumulative sum of global OHC trend for 0-700 m depth from OHCobs 

(Obs, black), OHCRCP (RCP, red), ASYMobs (solid blue), ASYMPi-Ctrl (dash blue), IVobs 

(solid green), and IVPi-Ctrl (dash green). Contribution of OHCRCP, ASYMobs, and IVobs 

towards the OHCobs trend is indicated in parentheses. (b) same as (a) but for 

700-2000 m. 

Supplementary Figure 3.10. Adjusted R-Square from the multi linear regression. Adjusted R-square 

(explained variance) from the multi linear regression analysis for the depth of (a) 0-2000 m, (b) 0-700 

m, and (c) 700-2000 m. 
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Supplementary Figure 3.11. Opposite phase of ASYMIV corresponds to the observed asymmetric 

pattern. Opposite phase of the Zonally integrated global OHC trend from (a) ASYMPi-Ctrl (1011 j m2 

year-1) (b) IVPi-Ctrl (1010 j m2 year-1), depth integrated global OHC trend from (c) ASYMPi-Ctrl (107 j m2 

year-1) for 0-2000 m (d) and (e) same as (c) but for 0-700 m and 700-2000 m respectively, (f) IVPi-Ctrl 

(106 j m2 year-1) for 0-2000 m (g) and (h) same as (f) but for 0-700 m and 700-2000 m respectively. 

Stippling indicates the location where OHC trend is not significant, i.e., <2*standard error of the 

trends estimated from (n = 20) CMIP5 models used in this study. 
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Chapter 4 

Near-Surface Salinity Reveals the 

Oceanic Sources of Moisture for 

Australian Precipitation Through 

Atmospheric Moisture Transport 

Abstract 

The long-term trend of sea surface salinity (SSS) reveals an intensification of the global hydrological 

cycle due to human-induced climate change. This study demonstrates that SSS variability can also be 

used as a measure of terrestrial precipitation on interseasonal to interannual time scales, and to locate 

the source of moisture. Seasonal composites during El Niño–Southern Oscillation/Indian Ocean dipole 

(ENSO/IOD) events are used to understand the variations of moisture transport and precipitation over 

Australia, and their association with SSS variability. As ENSO/IOD events evolve, patterns of positive 

or negative SSS anomaly emerge in the Indo-Pacific warm pool region and are accompanied by 

atmospheric moisture transport anomalies toward Australia. During co-occurring La Niña and negative 

IOD events, salty anomalies around the Maritime Continent (north of Australia) indicate freshwater 

export and are associated with a significant moisture transport that converges over Australia to create 

anomalous wet conditions. In contrast, during co-occurring El Niño and positive IOD events, a moisture 

transport divergence anomaly over Australia results in anomalous dry conditions. The relationship 

between SSS and atmospheric moisture transport also holds for pure ENSO/IOD events but varies in 

magnitude and spatial pattern. The significant pattern correlation between the moisture flux 

divergence and SSS anomaly during the ENSO/IOD events highlights the associated ocean–

atmosphere coupling. A case study of the extreme hydroclimatic events of Australia (e.g., the 2010/11 

Brisbane flood) demonstrates that the changes in SSS occur before the peak of ENSO/IOD events. This 

raises the prospect that tracking of SSS variability could aid the prediction of Australian rainfall. 

© American Meteorological Society. Used with permission. 
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4.1. Introduction 

The water cycle is an integral part of the climate system that regulates the temperature of 

our planet by maintaining the balance between energy and mass via evaporation, 

condensation, and precipitation processes (Bowen, 2011). The presence of water vapor in 

Earth’s atmosphere serves as a greenhouse gas, and its distribution is subjected to climate 

change (Raval and Ramanathan, 1989; Bindoff et al., 2013). Due to the effect of 

anthropogenic climate change, the water cycle has intensified over the past few decades, and 

some of the best evidence for this intensification is in the long-term ocean salinity 

measurements (Huntington, 2006; Helm, Bindoff and Church, 2010; Durack, Wijffels and 

Matear, 2012). The intensification of the global water cycle on long time scales follows the 

paradigm “rich-gets-richer and the poor-gets-poorer,” which means wet regions are getting 

wetter and dry regions are getting drier (Trenberth, 2011). However, some studies (Greve et 

al., 2014; Kumar et al., 2015; Feng and Zhang, 2016; Polson and Hegerl, 2017) show that the 

wet-gets-wetter and dry-gets-drier paradigm has discrepancies on regional and short 

temporal scales between the expected response of the hydrological cycle to global warming 

and observed changes over land. While the ocean salinity patterns reflect the intensified 

global water cycle (Helm, Bindoff and Church, 2010; Durack, Wijffels and Matear, 2012), it 

also serves the purpose of nature’s rain gauge (Yu, 2011) and is an effective tool to estimate 

global evaporation E and precipitation P changes (Hosoda et al., 2009). 

In the context of using regional SSS as nature’s rain gauge, its links with the terrestrial 

precipitation are also gaining attention and raising the prospects of using SSS as a precursor 

for terrestrial precipitation (L. Li et al., 2016b, 2016a; Chen et al., 2019). Examples are the 

assimilation of SSS in coupled models to improve rainfall predictions (through the 

improvement of the upper ocean thermal structure) (Yaremchuk, 2006; Koul et al., 2018; 

Seelanki, Sreenivas and Prasad, 2018). Moreover, SSS also plays an active role in the 

development of ENSO and IOD events (Cravatte et al., 2009; Hasson, Delcroix and Boutin, 

2013; Hasson et al., 2014) and aids in improving the forecast of these events (Zhu et al., 2014; 

Hackert et al., 2019; Sun et al., 2019). 

Various studies show the effect of SST and large-scale atmospheric circulation anomalies on 

Australian rainfall during ENSO/IOD events (Ashok, Guan and Yamagata, 2003; Cai, Cowan and 
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Sullivan, 2009; Ummenhofer et al., 2009, 2011; Taschetto et al., 2011; King et al., 2015) but 

the link between SSS and the moisture transport during these events from the adjacent ocean 

basins has not been addressed. In this study, we demonstrate that variations in the SSS across 

the Indo-Pacific warm pool region on interannual time scales are profoundly linked with the 

moisture transport over Australia. In particular, we use a composite analysis of SSS, Australian 

precipitation, and convergence/divergence of atmospheric moisture during the ENSO/IOD 

events to demonstrate these linkages. 

An application of these linkages is demonstrated for the case of an extreme hydroclimatic 

event in Australia during 2010/11 austral summer that brought one of the worst floods on 

record to Brisbane with 35 deaths and estimated damage to be more than $2 billion (NCCARF, 

2011; Holmes, 2012; Hayes and Goonetilleke, 2013; Queensland Government, 2015). The year 

of 2010/11 was a co-occurring La Niña and negative IOD event, which generally brings high 

rainfall to northeastern Australia (Evans and Boyer-Souchet, 2012); a drop of 5 mm in global 

mean sea level also resulted from this event (Boening et al., 2012; Fasullo et al., 2013; Lim 

and Hendon, 2015). 

4.2. Methods 

The seasonal composite from the anomaly fields of SST, 10-m surface winds, SSS, moisture 

flux divergence (MFD), and its divergent component and Australian precipitation has been 

constructed for years of ENSO and IOD events. The years of ENSO and IOD events were 

selected using the seasonally averaged time series of the ENSO index and DMI during 

November–February (NDJF) and August–November (ASON), respectively. 

To include a maximum number of significant events in the composite fields, we select years 

where the index in question (seasonally averaged time series) exceeds a threshold of ±0.5 

standard deviation of the respective long-term time series (Lestari and Koh, 2016) (Figure 4.2). 

The choice of other thresholds, e.g., ±0.7 or ±1.0 standard deviation, does not cause any 

significant change in the results. The years that satisfy this criterion in the seasonally averaged 

time series of NDJF for ENSO and ASON for DMI are chosen and further divided into six 

categories, as shown in Table 1. These categories are pure El Niño, pure La Niña, pure positive 

IOD, pure negative IOD, co-occurring El Niño and positive IOD, and co-occurring La Niña and 

negative IOD events. Most of the ENSO and IOD years, classified by our study into different 
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categories agree with previous studies (Saji and Yamagata, 2003; Meyers et al., 2007; 

Ummenhofer et al., 2011; Pepler et al., 2014), and also with the years identified by the Bureau 

of Meteorology and the National Weather Service Climate Prediction Center (Table 1). The 

results from co-occurring events are shown in the main text and the remaining pure events 

in the auxiliary information. 

Table 4.1. Year of ENSO and IOD. ENSO and IOD events in six categories with their respective years 

from 1961-2017 based on the methodology adopted in this study. Here * indicates years similar to 

(Meyers et al., 2007; Ummenhofer et al., 2011), + indicates years similar to Bureau of Meteorology, 

Australia, # indicates years similar to (Saji and Yamagata, 2003), $ indicates years similar to (Pepler et 

al., 2014) and @ indicates ENSO years similar to National Weather Service Climate Prediction Centre. 

 

The computation of MFD is carried out by using Equation 4.1. 

                              𝑀𝐹𝐷 =  (
1

𝑔
) ∇. ∫ 𝑞�⃑� 

𝑃𝑠

0
𝑑𝑝 ≅  (𝐸 − 𝑃)                                     (4.1) 

Where MFD is the moisture flux divergence, g is the gravitational acceleration (9.8 ms-2), q is 

specific humidity (g/kg), �⃑�   is horizontal wind velocity (ms-1), E is evaporation, and P is 

precipitation. Moisture flux 𝑞�⃑�  is computed at each pressure level of the reanalysis and then 

integrated from the surface (1000 hPa) to 500 hPa. The upper limit of integration is taken as 

500 hPa, as the majority of moisture in the atmosphere is concentrated below that level, as 

suggested by previous studies (Zhou and Yu, 2005; Li, Li and Barros, 2013; Seager and 

Events Category Years of occurrence 

Pure El Niño 
1965/66*+#$@, 1969/70+#$@, 1979/80@, 1986/87*#@, 2004/05*@, 

2009/10+$@, 2014/15+@ 

Pure La Niña 
1985/86*#, 1988/89*+#$@, 1995/96@, 1999/2000$@, 2000/01@, 

2008/09+$@ 

Pure Positive IOD 1961*+#$, 1966, 2012+$ 

Pure Negative IOD 1980*, 1981*+, 1992*+#$, 2001 

Co-occurring El 
Niño and Positive 

IOD 

1963/64*+#@, 1972/73*+#$@, 1976/77@, 1977/78$@, 1982/83*+#$@, 
1987/88@, 1991/92*@, 1994/95+$@, 1997/98*+#$@, 2002/03@, 

2006/07+$@, 2015/16+@ 

Co-occurring La 
Niña and Negative 

IOD 

1964/65+#$@, 1970/71@, 1971/72#$@, 1973/74@, 1974/75@, 
1975/76*+#$@, 1984/85@, 1996/97#, 1998/99+@, 2005/06@, 

2010/11+$@, 2016/17@ 
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Henderson, 2013; L. Li et al., 2016a). The divergent component of moisture flux (MF) is 

computed by solving Poisson equations (Lynch, 1988). The transport and divergent 

component of moisture flux together show the pathway of atmospheric moisture that directly 

link the oceanic sources of moisture with the terrestrial sink regions.  

For significance testing of the composite analysis, we use the Hotelling’s T-square test 

(Hotelling, 1931). The null hypothesis is that the composite mean (𝜇1) = long term seasonal 

mean (𝜇2). The number of composite samples is equal to the number of ENSO and IOD events 

in each category; the number of seasonal mean samples is 57 (i.e., the total number of years 

in the reanalysis time series). The test statistic for Hotelling’s T-square test is shown in 

Equation (4.2) and see also Appendix A for more detail.  

𝑇 =
(𝜇1̅̅ ̅ − 𝜇2̅̅ ̅)

√𝑆𝑝𝑜𝑜𝑙
2 (

1
𝑛1

+
1
𝑛2

)

            𝑆𝑝𝑜𝑜𝑙
2 = 

(𝑛1 − 1)𝑆1
2 + (𝑛2 − 1)𝑆2

2

𝑛1 + 𝑛1 − 2
          (4.2) 

The null hypothesis will be rejected at 𝛼/2 significance level when 𝑇 ≥ 𝑡𝑛1+𝑛2−2,𝛼/2  with 

𝑛1 + 𝑛1 − 2 degrees of freedom.  

We also performed a linear correlation for the relationship between SSS and MFD during co-

occurring ENSO and IOD events. In the interest of conciseness, results are only shown for co-

occurring ENSO and IOD events in the subsequent sub-sections. 

4.3. Data availability 

We focus our analyses on the Indo-Pacific region 40°E–100°W, 50°S–10°N (i.e., the domain 

shown in Figure 4.1). Monthly means of oceanic and atmospheric parameters from 1961 to 

2017 are used from various observational and reanalysis products.  

To assess the interseasonal to interannual climate variability, we used the Niño-3.4 index for 

ENSO and the dipole mode index (DMI) for IOD. The ENSO index is the area average SST 

anomaly bounded by the region 5°S–5°N, 170°–120°W and based on the monthly time series 

of ERSSTv5 (Huang et al., 2017). The DMI is based on Saji et al., (1999) and represents the SST 

anomaly difference between the western equatorial (50°–70°E, 10°S–10°N) and the 

southeastern equatorial (90°–110°E, 10°S–0°N) the Indian Ocean. Both indices were linearly 
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detrended for further analysis to focus on interseasonal to interannual climate variability. The 

sources for the monthly time series data of the ENSO index and DMI are 

https://origin.cpc.ncep.noaa.gov/products/analysis_monitoring/ensostuff/ONI_v5.php 

https://www.esrl.noaa.gov/psd/gcos_wgsp/Timeseries/DMI/ 

We used monthly values of specific humidity and horizontal winds between 1000 hPa and 500 

hPa and surface wind components from NCEP/NCAR Reanalysis 1 (Kalnay et al., 1996).  

Monthly SST data is from HadISST1 (Rayner et al., 2003), and monthly SSS data is from Hadley 

Centre subsurface objective analyses (EN 4.2.1) (Gouretski and Reseghetti, 2010; Good, 

Martin and Rayner, 2013). Terrestrial precipitation data over Australia is from the Australian 

Water Availability Project (AWAP) (Raupach et al., 2009). 

Analyses shown in the results section were repeated with different observational and 

reanalysis products which include SSS from ORAS4 (Balmaseda, Trenberth and Källén, 2013), 

SST from ERSSTV5 (Huang et al., 2017), terrestrial precipitation from Climate Research Unit 

(CRU) (New, Hulme and Jones, 2000), zonal and meridional winds and specific humidity 

between 1000 hPa and 500 hPa from ERA-Interim (Dee et al., 2011). Results were qualitatively 

similar and are not shown here. 

 

 

Figure 4.1. Domain of study region. Annual mean of Sea Surface Salinity (SSS) for the study area 

overlaid with the boxes for the Dipole Mode Index (DMI; cyan), Salinity Dipole Index (purple) and Niño-

3.4 index (green). 
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4.4. Results 

4.4.1. SST and SSS in the Niño-3.4 and DMI regions 

The relationship between ENSO/IOD events and SSS can be established by examining the 

monthly time series of various standard ENSO and DMI indices and SSS in the study region. 

Figure 4.2.a shows the monthly time series of the Niño-3.4 index, and the SSS anomaly 

averaged over the Niño-3.4 region and Figure 4.2.b for the DMI and the SSS dipole mode. The 

SSS dipole mode is defined as the difference of SSS anomaly averaged over the central 

equatorial Indian Ocean (70oE-90oE and 5oS-5oN) and the region off the Sumatra-Java coast 

(100oE-110oE, 13oS-3oS) (J. Li et al., 2016). The main advantage of using the SSS dipole mode 

index is for detecting and characterizing its relationship with the SST anomaly dipole and 

provides positive feedback to the formation of the IOD events (J. Li et al., 2016; Sun et al., 

2019).  

Figure 4.2. Temporal variations of ENSO, IOD and SSS. Monthly normalized time series of (a) the El 

Niño–Southern Oscillation (ENSO) index of the Niño-3.4 region (170°–120°W, 5°S–5°N) (black) and SSS 

anomaly averaged over the Niño-3.4 region (blue) and (b) the Indian Ocean dipole (IOD) index (black) 

and the dipole index of SSS anomaly (blue), which is the difference of the central equatorial Indian 

Ocean (70°–90°E, 5°S–5°N) and the region off the Sumatra/Java coast (100°–110°E, 13°–3°S). The red 

dashed line indicates the threshold of ±0.5 standard deviation of the Niño-3.4 index and DMI. The 

correlation cofficient r at zero lead/lag between the SSS anomaly and the Niño-3.4 index (SSS0/Niño-

3.4) is −0.25 and for the SSS anomaly dipole and IOD index (SSS0/IOD) is −0.17. Similarly, the lead/lag 

correlation shows that the SSS anomaly lags Niño-3.4 index by 6 months (SSS−6/Niño-3.4) with 

maximum r of −0.47 and lags IOD index by 4 months (SSS−4/IOD) with maximum r of −0.37. All of the 

correlation coefficients are statistically significant at 95% from a two-tailed Student’s t test. 
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The correlation between the SSS and SST anomaly over the Niño-3.4 region is -0.25 at zero 

lag but the correlation increases to -0.47 (significant at 95% confidence) when the Niño-3.4 

index leads the SSS anomaly by 6 months (Figure 4.2.a). This result is consistent with 

Ballabrera-Poy, Murtugudde and Busalacchi, (2002) and Singh and Delcroix, (2011), where 

they show that the signal of ENSO in SSS lags the ENSO signal in SST by 3-6 months. Moreover, 

this negative correlation exists between the Niño-3.4 SST, and equatorial SSS anomalies is due 

to the increase of local rainfall and anomalous eastward advection of low‐salinity warm pool 

waters in the equatorial band associated with El Niño (Ballabrera-Poy, Murtugudde and 

Busalacchi, 2002; Singh and Delcroix, 2011).  

Hackert et al., (2019) and Zhu et al., (2014) also suggested that the SSS significantly 

contributes to the surface dynamics of the western and south-central Pacific to trigger ENSO 

events. According to Ballabrera-Poy, Murtugudde and Busalacchi, (2002); Hackert et al., (2011, 

2019); Zhu et al., (2014); Zhao et al., (2016); and Zhi et al., (2019) fresh anomalies advected 

from the Southern Hemisphere to the western equatorial region through subduction 

processes lead to increased barrier layer thickness and a shoaling of mixed layer depth (MLD). 

Fresh anomalies at the surface reduce mixing, decrease buoyancy, and shoal the thermocline 

and thus enhancing the Kelvin wave amplification, which leads to more efficient air/sea ENSO 

coupling. Moreover, Hackert et al., (2019) show that by improving near‐surface density 

structure via SSS assimilation in coupled models, ENSO forecasts are improved with respect 

to observed Niño-3.4 SST anomalies for both the temporal (i.e., correlation) and amplitude 

[root-mean-square difference (RMSD)] signals and particularly for the 2‐10‐month lead times. 

The correlation of SSS anomaly with DMI at zero lead/lag is -0.17 and increases to -0.37 when 

DMI leads the SSS anomaly by four months (Figure 4.2.b). Previous studies (J. Li et al., 2016; 

Kido and Tozuka, 2017; Kido, Tozuka and Han, 2019; Sun et al., 2019) suggest that the SSS 

anomalies due to evaporation, precipitation, zonal advection by winds and mesoscale eddies 

impact the development of IOD events. 

4.4.2. Climatological conditions over the Indo-Pacific 

On seasonal cycle, there are clear associations between ocean salinity and atmospheric 

moisture fluxes. The seasonal climatology of SSS, SST, Australian precipitation, MFD, and the 

divergent component of moisture flux is shown in Figure 4.3. From MAM (March-May) to DJF 
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(December-February), the relatively high (low) SSS around 20o–40oS (10oN-10oS) is in good 

agreement with divergence (convergence) of moisture over the ocean (Figure 4.3, all panels). 

The divergence of moisture leaves an imprint of increased SSS whereas, the convergence of 

moisture leaves an imprint of freshened SSS in the ocean. The region of high SSS (Figure 4.3, 

first column) around Australia and in the tropical Pacific between 150oE and 100oW, shows 

the oceanic source of atmospheric moisture associated with MFD (Figure 4.3, second column). 

Similarly, the low SSS (Figure 4.3, first column) of the Inter-Tropical Convergence Zone (ITCZ) 

and South Pacific Convergence Zone (SPCZ) is indicative of the convergence of atmospheric 

moisture (Figure 4.3, second column). The Indian Ocean off western Australia and Pacific 

Ocean off eastern Australia are the primary sources of moisture supply (Figure 4.3, second 

Figure 4.3. Seasonal climatological features. Seasonal climatology of (a),(d),(g),(j) sea surface salinity 

(SSS; shaded) overlaid by SST (contoured), (b),(e),(h),(k) moisture flux divergence (shaded) where 

positive indicates convergence and negative indicates divergence overlaid by the divergent 

component of moisture flux (vectors), and (c),(f),(i),(l) precipitation over Australia. 
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column) for the mean Australian precipitation. The moisture originating from the Indo-Pacific 

Ocean converges over land, as shown by the vectors of the divergent component of moisture 

flux and high precipitations on northwestern, northeastern, southwestern, southeastern and 

the east coasts of Australia (Figure 4.3, third column). 

This analysis shows that the atmospheric moisture originating from the ocean leaves an 

imprint on SSS and this atmospheric moisture converges over Australia where it can 

precipitate. Hence, from the climatological perspective, the Indian and the Pacific Oceans 

adjacent to Australia are the main sources of moisture for mean Australian precipitation, and 

the mean SSS signal is a robust indicator of this atmospheric moisture transport. However, 

the maxima and minima of MFD are displaced with respect to the maxima and minima of SSS 

(Figure 4.3, compare column 1 and column 2) which warrants further investigation. Moreover, 

during the climactic events (e.g., ENSO and IOD), the conditions vary considerably from the 

mean state. 

4.4.3. Evolution of the SSS signature during co-occurring ENSO and IOD 

events with links for Australian precipitation 

In this section, we show the link between Australian precipitation and SSS signatures during 

co-occurring ENSO/IOD events. We focus here on these types of events because they have 

the strongest signal for demonstrating the relationship between precipitation and SSS. In co-

occurring events, IOD peaks in strength during SON and is generally followed by ENSO that 

peaks during DJF. A positive IOD (IOD+) event is followed by El Niño, and negative IOD (IOD-) 

is followed by La Niña; this sequence/combination is known as a co-occurring event. Based 

on this sequence there are 12 co-occurring El Niño and IOD+ events (1963-64, 1972-73, 1976-

77, 1977-78, 1982-83, 1987-88, 1991-92, 1994-95, 1997-98, 2002-03, 2006-07, and 2015-16) 

and 12 co-occurring La Niña and IOD- events (1964-65, 1970-71, 1971-72, 1973-74, 1974-75, 

1975-76, 1984-85, 1996-97, 1998-99, 2005-06, 2010-11, and 2016-17) (Table 1). However, the 

independence of ENSO/IOD is still debated (Allan et al., 2001; Meyers et al., 2007; Stuecker 

et al., 2017). 
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4.4.3.1. Co-occurring El Niño and positive IOD event 

In co-occurring El Niño and IOD+ events, anomalously warm SST anomalies appear in the 

equatorial Pacific during boreal summer (JJA). The Indian Ocean shows a IOD+ signature 

starting from JJA, peaking in SON and dissipating in DJF (i.e., the season when ENSO peaks) 

(Figure 4.4, first column). During these events, surface winds show significant coherence with 

the SST anomaly pattern. The intensification of the anomalous easterlies off the Java-Sumatra 

coast in the Indian Ocean during SON coincides with the SST anomaly pattern of IOD+. 

Similarly, the relaxation of easterlies over the equatorial Pacific coincides with the El Niño-

related SST anomaly pattern (Figure 4.4, first column). 

The anomalous SSS anomaly pattern (Figure 4.4, second column) around northern Australia 

starts evolving prior to the peak seasons of ENSO and IOD. The SSS anomaly signature appears 

Figure 4.4. Composite analysis. Seasonal composite mean during co-occurring El Niño and IOD+ of 

(a),(e),(i),(m) SST anomaly (shaded; °C) overlaid by 10-m anomalous surface winds (vectors; m s−1), 

(b),(f),(j),(n) sea surface salinity (SSS) anomaly (shaded; psu) overlaid by seasonal climatology of SSS 

(contour), (c),(g),(k),(o) moisture flux divergence anomaly (MFD; mm day−1; shaded) overlaid by the 

divergent component of moisture flux anomaly (kg m−1 s−1; vectors), and (d),(h),(l),(p) Australian 

precipitation anomaly (mm day−1). Black dots indicate regions that are statistically significant at 95%, 

thick black vectors are statistically significant at 90%, and thick magenta vectors are statistically 

significant at 95% from Hotelling’s T-square test. Here, (0) and (1) represents the current year of ENSO 

and the following year, respectively. 
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during the boreal spring and peaks progressively with the ENSO and IOD events. During these 

events, the region of positive SSS anomaly around northern Australia, exhibits large-scale 

patterns of salinification, whereas the equatorial Indian and the Pacific Ocean, away from the 

Maritime Continent, exhibit freshening (Figure 4.4, second column). This pattern in SSS, to a 

large extent, reflects the enhanced evaporation and precipitation associated with the co-

occurring ENSO/IOD events across the Indo-Pacific. This pattern of SSS anomaly is also 

reflected in MFD. MFD is taken to be a proxy for total precipitable water present in the 

atmospheric column (Figure 4.4, third column).  

Positive MFD reflects the convergence of moisture, and negative reflects the divergence. The 

MFD signature in the atmosphere evolves simultaneously with the SSS anomaly in the ocean. 

The divergence (convergence) of moisture flux generally coincides with a positive (negative) 

SSS anomaly signature. During co-occurring El Niño/IOD+, the divergence of moisture flux 

evolves over northern Australia and becomes more organized as IOD+ and El Niño peak in 

SON and DJF, respectively. A large part of the atmospheric moisture originates and is 

transported from the Indonesian seas and SPCZ region, as shown by the vectors of the 

divergent component of moisture flux (Figure 4.4, third column). The vectors of the divergent 

component of moisture flux show the pathways of moisture transport. 

The divergence and convergence of moisture over land are as important as that over the 

ocean because they indicate the increased likelihood for terrestrial precipitation. During co-

occurring El Niño and IOD+ event, the mean moisture supply towards Australia is weakened 

by an anomalous reversal of the direction of moisture flux (Figure 4.4, third column). The 

reduced mean moisture transport coincides with the divergence over the Australian continent 

and is thus less likely to precipitate during co-occurring El Niño and IOD+ events. During these 

events, weak convergence of moisture is present over southern Australia (Figure 4.4.o) which 

is associated with an increase in precipitation over the same region during DJF (Figure 4.4.p). 

In contrast, the strong divergence over northern Australia (Figure 4.4.o) associated with 

negative rainfall anomalies (Figure 4.4.p) coincides with the strong subsidence over northern 

Australia and resulting in anomalously dry conditions (Taschetto et al., 2011).  

The co-occurring El Niño and IOD+ brings strong anomalous dry conditions over Australia 

(Figure 4.4, fourth column) because the moisture originating from the ocean encounters 

strong divergence over land. The weak convergence over western and central Australia during 
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JJA shows relatively less dry conditions as compared to southeastern Australia (Figure 4.4.h). 

As IOD+ and El Niño evolve and peak in SON and DJF, respectively, the magnitude of moisture 

transport anomaly becomes intensified. During SON (Figure 4.4.k), western Australia receives 

significant moisture transport from the Indian Ocean and coincides with a weak convergence 

of moisture. In contrast, the moisture transport from the Pacific Ocean coincides with 

divergence from eastern to central Australia (Figure 4.4.k). This results in a moderately wet 

condition over western Australia and significant dryness over the rest of Australia (Figure 

4.4.f). In the boreal winter season DJF (Figure 4.4.o), the moisture transport from the Indian 

and the Pacific Ocean coincides with weak convergence (strong divergence) over southern 

(northern) Australia. This results in weak positive precipitation anomalies in southern 

Australia and significant dry anomalies over northern Australia (Figure 4.4.p).  

This overall suppression of rainfall over Australia during co-occurring El Niño and IOD+ events 

is likely to be due to a tropical and extra-tropical teleconnection, triggered by the diabatic 

heating anomalies and Rossby wave trains (Cai et al., 2011).  

Our analysis (Figure 4.4) suggests that the exchange of moisture between ocean and 

atmosphere leaves a distinct signature in SSS on the ocean, earlier than the peak SST 

anomalies during El Niño and IOD+ events (e.g. Figure 4.2 & 4.4) and that these patterns can 

be traced through the atmospheric moisture pathway. 

4.4.3.2. Co-occurring La Niña and negative IOD event 

The following analysis of co-occurring La Niña and IOD- also reveals these same relationships 

but of opposite sign (Figure 4.5). During co-occurring La Niña and IOD- events, a negative SST 

anomaly developed in the equatorial Pacific Ocean during boreal summer (JJA) and peaks in 

boreal winter (DJF). While in the Indian Ocean, the IOD- peaks in SON, as shown in Figure 4.5 

(first column). The anomalous SST condition is supported by the intensification of westerlies 

in the equatorial Indian Ocean and easterlies in the equatorial Pacific during SON and DJF, 

respectively. 

During the development of La Niña and IOD- events, a significant positive anomaly of SSS 

evolves in the equatorial Indian and Pacific Oceans between 10oS-10oN during MAM (Figure 

4.5.b), off the Maritime Continent. Similarly, another positive anomaly of SSS between 10oS-

30oS and 170oE-150oW is also observed. As the co-occurring La Niña and IOD- evolves, the 
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region around northern Australia gets fresher whereas, the region of the Indian and the 

Pacific Ocean off the Maritime Continent gets saltier (Figure 4.5, second column). 

Similarly, the atmospheric moisture is divergent over the region of positive SSS anomaly and 

convergent over the negative SSS anomaly (i.e. fresher region) (Figure 4.5, third column). 

During JJA, a significant amount of moisture moves towards the Australian continent from 

two branches connected to the Pacific Ocean (Figure 4.5.g). The first branch is a direct route 

crossing northeastern Australia from the equatorial Pacific, as shown by Brown et al., (2009). 

The second branch crosses southeast Australia over the Tasman Sea. Both branches coincide 

with weak convergence over Australia, and this is reflected in enhanced rainfall over Australia 

(Figure 4.5.h). In the following season (SON), both the Indian and the Pacific Ocean contribute 

transport moisture towards Australia (Figure 4.5.k). During this season, there is a three-way 

Figure 4.5. Composite analysis. Seasonal composite mean during co-occurring La Niña and IOD- of 

(a),(e),(i),(m) sea surface temperature anomaly (SST anomaly; shaded; °C) overlaid by 10-m 

anomalous surface winds (vectors; m s−1), (b),(f),(j),(n) sea surface salinity anomaly (SSS anomaly; 

shaded; psu) overlaid by seasonal climatology of sea surface salinity (SSS; contour), (c),(g),(k),(o) 

moisture flux divergence anomaly (MFD; mm day−1; shaded) overlaid by the divergent component of 

moisture flux anomaly (kg m−1 s−1; vectors), and (d),(h),(l),(p) Australian precipitation anomaly (mm 

day−1). Black dots indicate regions that are statistically significant at 95%, thick black vectors are 

statistically significant at 90%, and thick magenta vectors are statistically significant at 95% from 

Hotelling’s T-square test. Here, (0) and (1) represents the current year of ENSO and the following year, 

respectively. 
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moisture supply that includes the two branches from the Pacific Ocean, as described above, 

and an additional branch from the Indian Ocean towards southwestern Australia. Similar 

conditions prevail in DJF with further intensification and widespread convergence of moisture 

over the Australian continent (Figure 4.5.o). This suggests that the SSS anomaly is organized 

by the atmospheric circulation and reflects the regions dominated by evaporation and 

precipitation during co-occurring La Niña and IOD- events. 

Australian precipitation progressively increases from JJA to DJF during co-occurring La Niña 

and IOD- (Figure 4.5, fourth column), due to enhanced mean moisture supply towards 

Australia. This anomalous transport of moisture from the Indian and the Pacific Ocean 

experiences strong convergence over the Australian continent and is likely to precipitate. The 

anomalously wet condition over Australia during co-occurring La Niña and IOD- events is likely 

to be associated with the moisture convergence due to lower surface pressure and cyclonic 

anomalies from the barotropic Rossby wave trains that emanate from the tropical Indian 

Ocean (McBride and Nicholls, 1983; Meyers et al., 2007; Cai et al., 2011; Lim et al., 2016). 

These wet conditions contrast with the situation during co-occurring El Niño and IOD+ events 

when conditions over Australia are anomalously dry. The conditions during co-occurring La 

Niña and IOD- events bring a significant amount of rain, and the origin of moisture that feeds 

the precipitation is evident in the SSS anomaly in the prior season.  

The analyses for the remaining categories, i.e., pure El Niño, pure La Niña, pure IOD+, and 

pure IOD-, are shown in the appendices (see Supplementary Figure 4.1, 4.2, 4.3, and 4.4). It is 

worth mentioning that the magnitude of anomalies generated by pure ENSO and IOD events 

(Supplementary Figure 4.1, 4.2, 4.3 and 4.4) are weak compared to co-occurring ENSO and 

IOD events (Figure 4.4 and Figure 4.5). The underlying mechanism for this contrast, which 

involves the ENSO and IOD dynamics is explained by previous studies (Meyers et al., 2007; 

Risbey et al., 2009; Ummenhofer et al., 2009, 2011; Cai et al., 2011). 

4.4.4. Relationship between moisture flux divergence and SSS anomaly 

In the previous section, we have described the oceanic and atmospheric links between SSS 

anomaly and MFD during co-occurring ENSO and IOD events. In this section, we demonstrate 

the statistical relationship between SSS anomaly and MFD and show the evolution of the 

signal throughout the event. The seasonal evolution of the relationship between SSS anomaly 
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and MFD in the Indian and Pacific Ocean for each co-occurring event is obtained from the 

pattern correlation.  

Prior to pattern correlation analysis, we masked and regridded the MFD field to 1o×1o spatial 

resolution similar to that of the SSS anomaly field. We then normalized these fields by their 

respective spatial standard deviation to provide a comparable contribution from each field at 

each grid point. Each point of the scatter plot of the pattern present in the normalized SSS 

anomaly and MFD field corresponds to the value of the SSS anomaly and MFD field at the 

same grid point (Figure 4.6). 

The coupling between SSS anomaly and MFD is primarily tested over the tropical region of 

the Indian (60oE-120oE and 30oS-10oN) and Pacific Oceans (150oE-150oW and 30oS-10oN) 

where a strong signal is present. 

4.4.4.1. Pacific Ocean during co-occurring ENSO and IOD events 

The evolution of ocean-atmosphere coupling between the SSS anomaly and MFD in the Pacific 

Ocean during co-occurring ENSO/IOD events is shown in Figure 4.6.a-d. As ENSO 

Figure 4.6. Pattern correlation analysis. Pattern correlation analysis of seasonal composite mean of 

spatially normalized SSS anomaly and MFD anomaly with their respective standard deviation during 

co-occurring El Niño and IOD+ (red) and co-occurring La Niña and IOD- (blue) over the (a)–(d) Pacific 

(150°E–150°W, 30°S–10°N) and (e)–(h) Indian Ocean (60°–120°E, 30°S–10°N). The pattern correlation 

coefficient r is shown at the bottom in all panels. The correlation coefficients that are statistically 

significant at 95% from a two-tailed Student’s t test are marked with asterisks. Here, (0) and (1) 

represents the current year of ENSO and the following year, respectively. 
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predominantly influences the Pacific Ocean, the pattern correlation between SSS anomaly 

and MFD during co-occurring El Niño and IOD+ events progressively strengthen from MAM to 

DJF. Similar behaviour in the correlation is also observed for co-occurring La Niña and IOD- 

events except in JJA when the correlation is slightly weaker (0.31) compared to 0.36 in MAM.  

The maximum correlation is observed during DJF (i.e., when ENSO peaks), with 0.64 and 0.46 

for co-occurring El Niño/IOD+ and co-occurring La Niña/IOD- events respectively and 

significant at 95% confidence (Figure 4.6.d). The strengthening of coupling between SSS 

anomaly and MFD anomaly from MAM to DJF shows the enhancement of the signal from the 

weak developing state of ENSO and IOD to the strong mature state. The progressive 

increment in correlation from MAM to DJF (Figure 4.6.a-d) also shows the organization and 

synchronization of ocean-atmosphere coupling during these large-scale climatic fluctuations. 

This represents the signal of SSS anomaly intensifying with the convergence/divergence of 

moisture in the atmosphere. 

4.4.4.2. Indian Ocean during co-occurring ENSO and IOD events 

The Indian Ocean also shows a strengthening of the pattern correlation from MAM to DJF 

(Figure 4.6.e-h) as both ENSO and IOD influence it. However, the effect of ENSO on the Indian 

Ocean lasts longer than the IOD when the anomalous dipole mode pattern of SST anomaly 

during SON vanishes in DJF and turns into basinwide warming. During co-occurring El Niño 

and IOD+ events, maximum correlation is observed during DJF (0.47) at 95% confidence. 

However, during the co-occurring La Niña and IOD- event, DJF has a maximum correlation of 

0.34 significant at 95% as compared to the previous seasons but lower than for the co-

occurring El Niño and IOD+ events. This asymmetrical correlation is plausibly the combined 

effect of the co-occurring ENSO and IOD events and the asymmetry in the ENSO events (Hong 

et al., 2010). 

It is important to note that the spread of the correlation pattern is reduced considerably in 

the Pacific Ocean from MAM to DJF.  In the Indian Ocean, the spread is large in all seasons 

except in DJF, when it is more aligned along the best fit line. This observation suggests that, 

in the Pacific Ocean, the ocean-atmosphere coupling evolves with the ENSO events, while in 

the Indian Ocean, this coupling is weak (Jansen, Dommenget and Keenlyside, 2009). Figure 

4.6 also shows that the correlation coefficient for the co-occurring El Niño and IOD+ events is 
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greater than that for La Niña and IOD- events in both the Indian and the Pacific Ocean. One 

possible reason for this is the positive skewness of the ENSO and IOD events; that is, the 

anomalies generated by the co-occurring El Niño and IOD+ events are larger in magnitude 

than the co-occurring La Niña and IOD- (Hong et al., 2010; Cai et al., 2012).  

This correlation analysis (Figure 4.6), along with Figure 4.4 and Figure 4.5, corroborates the 

relationship between the SSS and the precipitation over Australia via atmospheric moisture 

transport. It is important to note that the correlation analysis (Figure 4.6) has no consideration 

of the lead/lag component at this stage. However, when incorporating a lead of 1-month to 

the SSS anomaly with respect to MFD anomaly, the correlation is marginally improved in most 

of the seasons in both events (Supplementary Figure 4.5). This suggests that the relationship 

between SSS and the MFD could be improved with the consideration of some moderate 

lead/lag associated with these fields. 

4.4.5. Case study of Australian hydroclimatic extremes in 2010-2011 

The previous sections make the case that SSS is a useful ocean variable for understanding 

precipitation over Australia.  Here we look more closely at the utility of SSS for the extreme 

hydroclimatic events in Australia. In particular, the flooding event in Brisbane and southern 

Queensland happened during the co-occurring La Niña and IOD- events of 2010/11. This case 

study serves the purpose of exploring the role of SSS anomaly over the Indo-Pacific region as 

a precursor for enormous moisture export for extreme precipitation events. 

During this co-occurring La Niña and IOD- event, a strong SST anomaly developed in the 

eastern tropical Indian Ocean near the island of Java/Sumatra and the equatorial Pacific 

Ocean, as shown by the bimonthly evolution maps (Figure 4.7, first column). The SST anomaly 

in the Indian Ocean shows a strong IOD- pattern during November-December (Figure 4.7.i). 

Similarly, the anomalous cooling of the equatorial Pacific Ocean during July-August (Figure 

4.7.a) peaks during November-February (Figure 4.7.i, 4.7.m). The signatures of the SST 

anomaly pattern are aligned with the surface wind anomaly (Figure 4.7, first column) and 

indicates the intensification of westerlies (easterlies) over the eastern tropical Indian 

(equatorial Pacific) ocean. At the same time, a positive SSS anomaly organizes equatorial (5oS-

5oN) Indian and Pacific Ocean (Indo-Pacific warm pool) and also in the extra-tropical region of 

the Indian (60oE-110oE and 30oS-40oS) and the Pacific Ocean (100oW-170oW and 20oS-40oS), 
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showing intense evaporation during the co-occurring La Niña and IOD- event (Figure 4.7, 

second column). The development of intense anomalous freshening (negative SSS anomaly) 

is also apparent around the western coast of Australia and is an indication of more intense 

precipitation perhaps associated with strong Indonesian throughflow (ITF) (Feng et al., 2015). 

During the co-occurring La Niña and IOD- event of 2010/11, a large amount of moisture 

originates from the Pacific Ocean in July-August and is transported towards the Australian 

continent (Figure 4.7, third column). It is observed that during this event, there are four 

branches supplying moisture that converge over eastern Australia (Figure 4.7, third column). 

The first branch of moisture is over northeastern Australia and has a pathway that comes 

directly from the equatorial Pacific. The second branch converges over southeast Australia 

and originates from the extratropical Pacific over the Tasman Sea. The third branch of 

Figure 4.7. Composite analysis of case study. Case study of 2010/11 extreme hydroclimatic events of 

Australia (Brisbane flood), during a co-occurring La Niña and IOD- event. Bimonthly means from July–

August 2010 to January–February 2011 of (a),(e),(i),(m) sea surface temperature anomaly (SST 

anomaly; shaded; °C) overlaid by 10-m surface winds (vectors; m s−1), (b),(f),(j),(n) sea surface salinity 

anomaly (SSS anomaly; shaded; psu) overlaid by seasonal climatology of sea surface salinity (SSS; 

contour), (c),(g),(k),(o) moisture flux divergence anomaly (MFD; mm day−1; shaded) overlaid by the 

divergent component of moisture flux anomaly (kg m−1 s−1; vectors), and (d),(h),(l),(p) Australian 

precipitation anomaly (mm day−1). Here, the red circle is the location of Brisbane, which was severely 

affected by this flood event. Here, (0) and (1) represents the current year of ENSO and the following 

year, respectively. 
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moisture shows convergence over western Australia and originates from the eastern tropical 

Indian Ocean. The fourth branch of moisture transport emerges during November-February 

(Figure 4.7.k, 4.7.o), from the extratropical southeastern Indian Ocean. The anomalously high 

supply of moisture from this branch directly converges over the west coast of Australia (Figure 

4.7.k, 4.7.o) and also causes a freshening in the adjacent eastern Indian Ocean (Figure 4.7.j, 

4.7.n).  

The emergence of the moisture transport corresponds with the positive SSS anomaly, which 

is apparent in the prior season and intensifies with the evolution of the co-occurring La Niña 

and IOD- event. Moreover, the convergence of the first, second, and third branches of 

moisture supply associated with the effect of La Niña and IOD- as shown by previous studies 

(Risbey et al., 2009; Ummenhofer et al., 2009; Cai et al., 2011). However, the substantial 

moisture convergence and freshening on the west coast of Australia coincides with the 

Ningaloo Niño and the co-occurring La Niña and IOD- event. During Ningaloo Niño, the 

Leeuwin Current intensified, and the west coast of Australia experienced anomalously warm 

Figure 4.8. Schematic illustration. Schematic illustration of the extreme hydroclimatic events of 

Australia during November–December 2010 (Brisbane floods in eastern Australia). The presence of a 

high-salinity signal in the Indian and Pacific Oceans around 10°S–10°N shows a region of high 

evaporation. This extra moisture (green arrows) is transported toward the region indicating freshening 

in the ocean and the Australian landmass as shown by the vectors of atmospheric moisture transport 

(yellow arrows). In this figure the moisture transported from the high salinity region in the Indian 

Ocean converges over the ocean to the northwest of Australia, whereas the moisture transported 

from the high salinity region of Pacific Ocean converges over the east coast of Australia. 
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SST and intensification of surface winds (Figure 4.7.i, 4.7.m) (Feng et al., 2013; Pearce and 

Feng, 2013; Kataoka et al., 2014).  

The combination of events, i.e., co-occurring La Niña and IOD- with Ningaloo Niño, draws 

anomalously high moisture that converges over the Australian continent and results in heavy 

precipitation. A large part of the moisture comes from the Pacific Ocean and causes heavy 

precipitation over the east coast of Australia (Figure 4.7.l, 4.7.p, and Figure 4.8) and in 

particular, across southern Queensland. Similarly, the precipitation over western Australia is 

driven by moisture transport from the Indian Ocean (Figure 4.7.l, 4.7.p, and Figure 4.8). This 

study shows that the source of moisture for intense precipitation over Australia emerges in 

the ocean in prior seasons with anomalously high positive SSS anomaly. The suggested role 

of long-term ocean warming in contributing to the severity of the Queensland floods event 

during 2010/11 (Ummenhofer et al., 2015) is consistent with a local intensification of the 

hydrological cycle, as evidenced by the strong SSS signal shown here. 

4.4.6. The relative contribution of the Indian and the Pacific Ocean towards 

Australian rainfall 

The relative contribution of the Indian and the Pacific Ocean to moisture transport over 

Australia is shown in Figure 4.9 for all seasons during mean climatological conditions and co-

occurring ENSO and IOD events. Here, the net moisture transport (given in Sv; 1 Sv = 106 m3 

s-1) is the spatial integration of MFD (mm day-1) over the continental area of Australia (Figure 

4.9). In the mean climatology conditions during DJF (Figure 4.9.j), the moisture transport of 

0.074 Sv (31% of the net moisture transport) is over western Australia, showing that the 

Indian Ocean is the primary source of mean moisture supply for the west coast of Australia. 

However, the Pacific Ocean, adjacent to the east coast of Australia, has a transport of 0.054 

Sv (Figure 4.9.j), which represents 22% of the net moisture transport over Australia. Eastern 

and Western Australia combined to give 53% of the net moisture transport from the Pacific 

and the Indian Ocean. The remaining 47% of moisture can be attributed to the transport 

towards northern Australia from the Southern Ocean sector (Figure 4.3.k) and also local 

recycling. 
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In contrast, during co-occurring El Niño and IOD+ events, the whole of Australia is 

anomalously dry due to the high divergence of moisture in all seasons. In JJA (0.003 Sv) and 

SON (0.006 Sv), western Australia experiences a weak convergence of atmospheric moisture, 

which is supplied by the Indian Ocean from north of 30oS (Figure 4.4). During the co-occurring 

La Niña and IOD- event, there is an anomalously high convergence of moisture over the 

Figure 4.9. Regional moisture transport. Spatially integrated moisture flux divergence (Sv; 1 Sv = 

106 m3 s−1) over the Australian continent for western (113°–125°E, 15°–31°S), northern (125°–142°E, 

11°–18°S), eastern (142°–154°E, 11°–31°S), southern (113°–154°E, 31°–44°S), and central (125°–

142°E, 18°–31°S) Australia during MAM, JJA, SON, and DJF for (a),(d),(g),(j) climatology, (b),(e),(h),(k) 

co-occurring El Niño and IOD+, and (c),(f),(i),(l) co-occurring La Niña and IOD-. Here shading indicates 

vertically integrated moisture flux divergence (mm day−1) in which blue is convergence and orange is 

divergence with the magnitude in blue and red (numbers) for net converged and diverged moisture 

transport (Sv) in the box, respectively. Here black numbers indicate net moisture transport (Sv) for 

each season over Australia where positive (negative) is convergence (divergence), and the green 

numbers show the net annual converging/diverging moisture transport (Sv) for seasonal climatology, 

co-occurring El Niño and IOD+, and co-occurring La Niña and IOD-. 
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Australian landmass (Figure 4.9): the Indian (Pacific) Ocean is the primary source of moisture 

over western (eastern) Australia during DJF (JJA and SON) (Figure 4.5). The anomalous 

moisture transport by the Indian and the Pacific Ocean during the DJF season of co-occurring 

La Niña and IOD- events is 0.012 Sv, i.e., 39%, and 0.005, i.e., 16%, of the net moisture 

transport over Australia with associated convergence (Figure 4.9.l). 

This analysis shows that the tropical Indian Ocean on the western coast and the tropical 

Pacific Ocean on the eastern coast of Australia are the primary source regions for the moisture 

supply. It is worth mentioning that the southern sector of the Indian Ocean also contributes 

to the mean and anomalous (La Niña and IOD- event) transport of moisture towards the 

Australian landmass (Figure 4.3 and Figure 4.5). 

4.5. Discussion & Conclusion 

Previous studies have concentrated on the changes in SST during ENSO and IOD events for 

monitoring or anticipating terrestrial precipitation anomalies. This study brings a new 

perspective on the link between SSS and Australian precipitation via pathways of atmospheric 

moisture transport during these events. A composite analysis is carried out for the ENSO and 

IOD events to establish the link between SSS anomalies and Australian precipitation. The 

resultant maps included here demonstrate that the high- and low-SSS regions are associated 

with convergence and divergence of the atmospheric moisture flux. The pattern of positive 

SSS anomaly during ENSO and IOD events provides an insight into the oceanic sources of 

moisture transport towards Australia. However, the MFD variations in the atmosphere are 

not perfectly aligned with the SSS anomaly signals in the ocean. The correlation between SSS 

and MFD anomalies is likely to be further improved by accounting for oceanic advection. We 

would expect the oceanic advection anomalies associated with surface wind variations to be 

the primary source of difference in longer-term pattern correlations along with the temporal 

lead/lag, as evidenced by the displaced maxima of MFD and SSS anomalies in the seasonal 

climatology (e.g. Figure 4.3.a and 4.3.b).   

This study shows that the anomalous moisture transport during ENSO and IOD events 

significantly affects the mean moisture transport towards land from the adjacent ocean 
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basins. The anomalous moisture transport during co-occurring El Niño and IOD+ (La Niña and 

IOD-) events oppose (reinforces) the mean moisture transport. The effect from co-occurring 

ENSO and IOD events (Figure 4.4, and Figure 4.5) is more intense than the pure events 

(Supplementary Figure 4.1, 4.2, 4.3, and 4.4). In a broad sense, the combined effect of ENSO 

and the IOD on Australian rainfall is generally more extreme than either on its own (Risbey et 

al., 2009). During co-occurring El Niño and IOD+ events, we find the ocean north of Australia 

supplies a large amount of moisture, which is associated with the positive SSS anomaly there. 

However, the strong atmospheric subsidence over Australia makes it less likely to precipitate 

over the land (Taschetto et al., 2011). 

Figure 4.10. EOF analysis describing mechanistic links. Leading mode of empirical orthogonal function 

(EOF1) of (a) DJF rainfall over Australia and (b) SON SSS over the whole domain (40°E-100°W, 50°S-

10°N) overlaid by the vectors of moisture transport estimated from the regression of divergent 

component of moisture flux of SON onto the leading principal component (PC1) associated with the 

EOF1 of SON SSS; the colored field over Australia is the regressed pattern of SON MFD onto the PC1 

of SON SSS where blue and red represents convergence and divergence respectively. (c) As in (b), but 

for DJF SSS, DJF moisture transport vectors, and DJF MFD. (d) Normalized PC1 time series of DJF rainfall 

(red), SON SSS (grey thick), and DJF SSS (black dashed). The correlation 

coefficients rSON and rDJF represent the correlation between the PC1 of DJF rainfall and the SSS anomaly 

of SON and DJF; respectively. Asterisks (thick black vectors) indicate the statistical significance of 

correlation coefficient and (regression) at 95% from a two-tailed Student’s t test. 
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In contrast, during the La Niña event, the moisture transport associated with the positive SSS 

anomaly in the Indo-Pacific warm pool region, coincides with strong atmospheric 

convergence over land, resulting in anomalously wet conditions over Australia. In the case of 

pure events, the anomalies generated by the ENSO events (Supplementary Figure 4.1 and 4.2) 

have a stronger hydrological response than the IOD events (Supplementary Figure 4.3 and 

4.4). This suggests that among the large-scale drivers for Australian rainfall, ENSO is the key 

player at interannual time scales that has broad influence and impact, both on the ocean and 

atmosphere (Risbey et al., 2009).  

Our results also suggest that changes that occur in the SSS of the preceding season are 

associated with the convergence and divergence of atmospheric moisture during the 

development of ENSO and IOD events (e.g. Figure 4.4 and Figure 4.5). These changes in the 

SSS are also observed in the case study of the extreme hydroclimatic event in eastern 

Australia that resulted in the 2010-11 Brisbane floods (Figure 4.7). This result shows that the 

organization of moisture transport is well captured by the changes in SSS. The emergence of 

an SSS anomaly signature in the preceding season, and its intensification in subsequent 

seasons (Figure 4.4 and Figure 4.5), suggests that SSS can be used as a potential predictor for 

terrestrial rainfall over Australia. The potential use of SSS as a precursor for terrestrial 

precipitation has also been demonstrated for the Sahel and the US Midwest region (L. Li et 

al., 2016a, 2016b).  

Some preliminary analysis of Australian rainfall prediction using SSS is shown in 

Supplementary Figure 4.5, and Figure 4.10. Supplementary Figure 4.5, similar to Figure 4.6, 

shows a slight improvement in the correlation when the SSS anomaly leads MFD by one 

month. Further, the leading mode of empirical orthogonal function (EOF1) of Australian 

rainfall during DJF shows that the rainfall is highly distributed over northern Australia and 

extends south-eastwards region (Figure 4.10.a) with an explained variance of 32%. 

Similarly, the EOF1 of SSS in the preceding season (i.e. SON; Figure 4.10.b), shows strong 

loading of SSS in the western Pacific warm pool region (150oE-160oW and 10oS-10oN) which is 

strengthened in the concurrent season, i.e. DJF (Figure 4.10.c), suggesting the signature of 

ENSO development. The variance explained by the EOF1 of SON and DJF SSS is 18.56% and 

19.23% respectively. The regression of the principal component time series (PC1) associated 

with the EOF1 of SON and DJF SSS with the MFD and the divergent component of moisture 
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flux (vectors) is shown in Figure 4.10.b and 4.10.c, respectively. The regression pattern of 

significant moisture transport towards Australia originates in the prior season (SON) and 

becomes more intense in the concurrent season (DJF). This moisture transport (Figure 4.10.b 

and 10c) is associated with the SSS loading and converges/diverges over Australia, resembling 

the ENSO and IOD pattern, as shown in Figure 4.4 and Figure 4.5. This analysis suggests that 

the positive (negative) loading of SSS in the Indo-Pacific warm pool region is associated with 

the La Niña and IOD- (El Niño and IOD+) event and hence the convergence (divergence) of 

moisture transport towards land. These results show a clear path of atmospheric moisture 

transport originates from the Indo-Pacific warm pool towards Australia at these times. 

The signatures of ENSO and IOD events are also apparent in the SSS anomaly, as shown in 

Figure 4.2 and also in Supplementary Figure 4.6, which shows a modest, yet significant, 

anticorrelation exists between them. The correlation between the PC-1 of SSS anomaly for 

the study region (40oE-100oW and 50oS-10oN) and the Niño-3.4 index is -0.65 (significant at 

95% confidence) and is -0.40 (significant at 95% confidence) in the case of DMI during SON 

season.  

It is worth mentioning the diversity present within the ENSO events, as discussed by (Santoso, 

Mcphaden and Cai, 2017). They show that the extreme El Niño event of 2015/16 has distinct 

features as compared to previous extreme El Niño events of 1982/83 and 1997/98. During 

the El Niño event of 2015/16 record-breaking warm SST anomalies were present in the central 

Pacific, whereas in 1982/83 and 1997/98 SST anomalies peak towards the far eastern Pacific. 

Moreover, the 2015/16 El Niño corresponds to heavy rainfall in the Niño-4 region (160oE-

150oW and 5oS-5oN) as compared to the 1982/83 and 1997/98 events which showed intense 

precipitation over the eastern equatorial Pacific (Niño-3 region; 150oW-90oW and 5oS-5oN). 

Similarly, the extreme La Niña event of 1998/99 is different than the subsequent La Niña of 

1999/2000. The former one starts from an extremely warm condition associated with the 

1997/98 El Niño and thus requires a significantly large cooling to get started, whereas the 

latter one does not require further cooling. This shows the diversity within the ENSO events 

(Santoso, Mcphaden and Cai, 2017). Such diversity can also be seen with the IOD events co-

occurring with the ENSO events in which extreme El Niño events have occurred with notable 

IOD+s (e.g., 2015/16). In contrast, extreme La Niña events were accompanied by neutral and 

weak IODs (Santoso, Mcphaden and Cai, 2017).  Therefore, by taking the ENSO/IOD diversity 
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(e.g. eastern and central Pacific ENSO) into account, the relationship between SSS and rainfall 

over land can be further improved. 

It is also observed that the moisture originates in the prior season (SON) and leaves an imprint 

on the SSS and contributes to the terrestrial precipitation over Australia in the following 

season (DJF). This relationship can be further inferred from the correlation analysis between 

the PC1 of DJF rainfall and the (SON and DJF) SSS (Figure 4.10.d). A significant correlation (r= 

0.32 at 95% confidence) exists between the PC1 of DJF rainfall and the PC1 of SON SSS which 

further increased to 0.43 when both the fields are from the concurrent season (DJF). This 

analysis suggests that there is a significant link between DJF rainfall of Australia and the SSS 

through atmospheric moisture transport. This analysis warrants further investigation about 

the oceanic source regions (anomalously high SSS regions), for atmospheric moisture, that 

can be used for the prediction of Australian rainfall. 

The land surface processes during ENSO and IOD events also affect the precipitation and 

convergence/divergence of atmospheric moisture (Evans, Pitman and Cruz, 2011; Decker, 

Pitman and Evans, 2015; Evans, Meng and McCabe, 2017; Holgate et al., 2019; Zhao, Zhang 

and Dharssi, 2019). The large-scale dynamics translate into local land surface processes that 

are influenced by vegetation, soil moisture, irrigation, and orography, and so on. Furthermore, 

due to the uncertainty in estimating E - P (evaporation minus precipitation) from the present 

generation reanalyses products, SSS appears to be an additional new variable to evaluate the 

E - P field (Yu et al., 2017). However, our study does not account for the modification of upper-

ocean salinity by oceanic processes (i.e., advection, diffusion, and vertical entrainment), as 

mentioned by Yu (2011), that are beyond the scope of the present study.  

The use of satellites for monitoring SSS, evaporation, and precipitation on a global scale is 

also gaining attention. Satellite data from ESA/Soil Moisture and Ocean Salinity (SMOS) and 

Soil Moisture Active Passive (SMAP) missions reveal potential implications of monitoring SSS 

from space to understand the global hydrological cycle, the ocean circulation from the 

mesoscale through the gyre, basin and global scales (Rast, Johannessen and Mauser, 2014; 

Reul et al., 2014; Srokosz and Banks, 2019). Moreover, recent studies show that SSS is a 

potential precursor for the prediction of ENSO and IOD events along with the terrestrial 

precipitation (J. Li et al., 2016; L. Li et al., 2016b, 2016a; Hackert et al., 2019). The assimilation 

of SSS in the numerical model can improve the forecast of these events that eventually 
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improve the forecast of terrestrial precipitation. Further analysis is required in this direction 

to use SSS to locate the oceanic sources of moisture for Australia that could aid rainfall 

prediction in varied climatic conditions. Therefore, we see the substantial utility in the 

continuous monitoring of the ocean surface and subsurface salinity through in situ and 

spaceborne measurements to understand the Earth’s hydrological cycle from global to 

regional scales. 

This study investigates the ENSO and IOD impact on SSS, atmospheric moisture transport, and 

precipitation over Australia, and establishes the links among them. The link between SSS and 

Australian precipitation is further illustrated in the schematic of the extreme hydroclimatic 

conditions of Australia during 2010/11 austral summer (Figure 4.8). Apart from the local 

recycling processes over the ocean surface, we show that the source of moisture transport 

from ocean to land can be identified by monitoring SSS. Importantly, the signature of 

anomalous positive SSS appears in the Indo-Pacific warm pool region and over northern 

Australia prior to the monsoon rainfall season (DJF) (Figure 4.4.f, 4.4.j, 4.5.f, 4.5.j, 4.7.f, and 

4.7.j). Similarly, the mean moisture transport over the Australian continent is profoundly 

linked with the mean SSS in the Indo-Pacific basin (Figure 4.3, column 1, 2, and 3). Moreover, 

a large part of the mean monsoonal moisture that converges over Australia during DJF comes 

primarily from the Indian Ocean (Figure 4.9.j). 

We show that with the evolution of ENSO and IOD events, a characteristic SSS anomaly 

signature in the Indo-Pacific Ocean emerges and is accompanied by moisture flux divergence 

anomalies. Moreover, the pattern correlation between SSS anomaly and moisture flux 

divergence progressively increases with the strengthening of the ENSO and IOD events. 

During co-occurring El Niño and IOD+ events in DJF, anomalous dry conditions prevail over 

Australia (Figure 4.4) due to the divergence of moisture flux. In contrast, during co-occurring 

La Niña and IOD- events, the Australian continent is anomalously wet with the convergence 

of moisture, particularly in the JJA, SON, and DJF periods (Figure 4.5, column 3 and 4). When 

these co-occurring events peak, a maximum pattern correlation between MFD and SSS is 

observed (Figure 4.6). 

Finally, these results show that SSS variability is perhaps most directly linked with atmospheric 

moisture transport at seasonal and interannual time scales and at regional scales (Figure 4.10). 

The long-term trends (on time scales of decades) in SSS that have been used for evidence of 
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hydrological intensification are more complex because oceanic advection and mixing have a 

cumulative impact on SSS variability. However, the utility of SSS on regional spatial and 

temporal scales of months rather than decades, such as the case study of the extreme 

hydroclimatic event of the year 2010/11 exemplifies the scale separation nicely. 

4.6. Supplementary Information 

4.6.1. Hotelling’s T-square test for significance testing of composite means 

The term 𝑋𝑖,𝑗 is the number of years chosen for ENSO and IOD events, here 𝑖  represents 

season (MAM, JJA, SON, and DJF), and 𝑗 represents the year of the event. 𝑌𝑖,𝑘 are the total 

number of years for seasonal average (i.e., k=57 years for each 𝑖𝑡ℎ season in our study).  𝜇1 is 

the composite mean of 𝑋𝑖,𝑗  (i.e., the composite mean of each season from the selected years 

of ENSO and IOD events). Let 𝜇2 is the seasonally average anomaly of 𝑌𝑖,𝑘 from all 57 years 

(i.e., long-term seasonal mean).  

The null hypothesis is 𝐻0 : 𝜇1 = 𝜇2 against the alternate hypothesis 𝐻1 ∶  𝜇1  ≠  𝜇2 

E.g., we are going to demonstrate the significance testing for co-occurring El Niño and IOD+ 

cases during the MAM season as an example.  

Here 𝑋𝑖,𝑗 are the total number of each season for this event. We further denote this as 𝑋𝑀𝐴𝑀,𝑗, 

here 𝑗 represent years i.e. (1963/64, 1972/73, 1976/77, 1977/78, 1982/83, 1987/88, 1991/92, 

1994/95, 1997/98, 2002/03, 2006/07, 2015/16). 

𝜇1 = 
∑ 𝑋𝑀𝐴𝑀,𝑗

𝑗=𝑛𝑀𝐴𝑀
𝑗=1

𝑛𝑀𝐴𝑀
,  

here 𝑛𝑀𝐴𝑀 = 12, i.e., number of MAM season during co-occurring El Niño and IOD+ event. 

𝜇2 = 
∑ 𝑌𝑀𝐴𝑀,𝑘

𝑘=57
𝑘=1

57
,  

where 𝑘 = 57 are the total number of years in our study. 

𝑆2
𝑥 = 

∑ (𝑋𝑀𝐴𝑀,𝑗 − 𝜇1)
2𝑗=𝑛𝑀𝐴𝑀

𝑗=1

𝑛𝑀𝐴𝑀 − 1
 , 

𝑆2
𝑦 = 

∑ (𝑌𝑀𝐴𝑀,𝑘 − 𝜇2)
2𝑘=57

𝑘=1

57 − 1
 , 
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Here 𝑆2
𝑥 and 𝑆2

𝑦 are the sample variances. 

𝑆2
𝑝 = 

(𝑋𝑛𝑀𝐴𝑀𝑗
 −1)𝑆2

𝑥 +  (𝑌𝑛𝑀𝐴𝑀𝑘
 −1)𝑆2

𝑦

𝑋𝑛𝑀𝐴𝑀𝑗
 + 𝑌𝑛𝑀𝐴𝑀𝑘

 − 2
 , 

Here 𝑆2
𝑝  is the pooled variance, 𝑋𝑛𝑀𝐴𝑀𝑗

 is the number of MAM seasons for compositing 

during co-occurring El Niño and IOD+ event (i.e., 12, 𝑌𝑛𝑀𝐴𝑀𝑘
) is the total number of MAM 

season in our study period (i.e., 57). 

𝑡 =  
𝜇1− 𝜇1

√𝑆2
𝑝 (

1

𝑋𝑛𝑀𝐴𝑀𝑗
+ 

1

𝑌𝑛𝑀𝐴𝑀𝑘
)

 ~ 𝑡𝑋𝑛𝑀𝐴𝑀𝑗
+ 𝑌𝑛𝑀𝐴𝑀𝑘

−2 , 

This test statistic will be t-distributed with 𝑋𝑛𝑀𝐴𝑀𝑗
+ 𝑌𝑛𝑀𝐴𝑀𝑘

− 2 degrees of freedom. The 

null hypothesis will be rejected if the test statistic "𝑡” exceeds the critical value from t-table 

with 𝑋𝑛𝑀𝐴𝑀𝑗
+ 𝑌𝑛𝑀𝐴𝑀𝑘

− 2 at α⁄2 significance level i.e., |𝑡|  >  𝑡𝑋𝑛𝑀𝐴𝑀𝑗
+ 𝑌𝑛𝑀𝐴𝑀𝑘

−2,𝛼 2⁄
 

4.6.2. Pure ENSO and IOD events 

Generally, IOD coincides with ENSO, which means IOD+ is followed by El Niño, and IOD- is 

followed by La Niña; these sequences of events are known as co-occurring ENSO and IOD 

events. In the case of Pure ENSO, there will be no signal of IOD in the Indian Ocean, but the 

Pacific Ocean exhibits a strong signal of ENSO. We also categorized our study based on co-

occurring and pure events. 

4.6.2.1. Pure El Niño and La Niña case 

In our study, there are a total of 13 cases of pure ENSO in which seven events are pure El Niño 

(1965/66, 1969/70, 1979/80, 1986/87, 2004/05, 2009/10, and 2014/15) and six events are 

pure La Niña (1985/86, 1988/89, 1995/96, 1999/2000, 2000/01, and 2008/09). The selection 

of these events is based on the threshold criteria, as described in the methods section. The 

pure El Niño events (Supplementary Figure 4.1) are markedly different from the co-occurring 

El Niño and IOD+ events in terms of strength of salinity and moisture transport. The salinity 

and moisture transport signals during pure ENSO events are relatively weak as compared to 

co-occurring ENSO and IOD events. 
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During pure El Niño events in DJF (Supplementary Figure 4.1), the Australian continent is not 

as dry as it is during co-occurring El Niño and IOD+ events (Figure 4). Similarly, in the case of 

pure La Niña events (Supplementary Figure 4.2) during SON, the Australian continent is not 

as wet as it is in co-occurring La Niña and IOD- events (Figure 5). Moreover, during DJF, the 

pattern of precipitation over Australia during pure La Niña events is more towards the eastern 

half from north to south Australia. Whereas, during co-occurring La Niña and IOD- events, the 

Australian precipitation is more on the east-west coast of Australia. 

4.6.2.2. Pure IOD+ and IOD- case 

In our study, there are 7 cases of pure IOD events from the selection criteria described in the 

methods section. Out of 7 events of pure IOD, 3 are pure IOD+ (1961, 1966, and 2012) and 4 

IOD- cases (1980, 1981, 1992, and 2001). The case of pure IOD+ (Supplementary Figure 4.3) 

and IOD- (Supplementary Figure 4.4) event show relatively weak signals of salinity and 

moisture transport as compared to pure ENSO and co-occurring ENSO and IOD events. This 

suggests the relative importance of ENSO events as compared to IOD events to modulate 

oceanic and atmospheric fields. During pure IOD+ (IOD-), southeast Australia in SON is 

anomalously dry (wet). Similarly, during the IOD+ event in DJF, northern (eastern) Australia is 

anomalously dry (wet), respectively, and vice versa for IOD- event. 

The pattern correlation of seasonal composite mean of normalized SSS anomaly leading by 1 

month and MFD anomaly during co-occurring El Niño/IOD+ and co-occurring La Niña/IOD- is 

shown in Supplementary Figure 4.5. The normalized time series of Niño-3.4 index and dipole 

mode index with PC 1 of SSS during SON is shown in Supplementary Figure 4.6. 
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Supplementary Figure 4.1. Composite analysis. Seasonal composite mean during pure El Niño of 

(a),(e),(i),(m) sea surface temperature anomaly (SST anomaly; shaded; °C) overlaid by 10-m 

anomalous surface winds (vectors; m s−1), (b),(f),(j),(n) sea surface salinity anomaly (SSS anomaly; 

shaded; psu) overlaid by seasonal climatology of sea surface salinity (SSS, contour), (c),(g),(k),(o) 

moisture flux divergence anomaly (MFD; mm day−1; shaded) overlaid by the divergent component of 

moisture flux anomaly (kg m−1 s−1; vectors), and (d),(h),(l),(p) Australian precipitation anomaly (mm 

day−1). Black dots indicate regions that are statistically significant at 95%, thick black vectors are 

statistically significant at 90%, and thick magenta vectors are statistically significant at 95% from 

Hotelling’s T-square test. Here, (0) and (1) represents the current year of ENSO and the following year, 

respectively. 
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Supplementary Figure 4.2. Composite analysis. Seasonal composite mean during pure La Niña of 

(a),(e),(i),(m) sea surface temperature anomaly (SST anomaly; shaded; °C) overlaid by 10-m 

anomalous surface winds (vectors; m s−1), (b),(f),(j),(n) sea surface salinity anomaly (SSS anomaly; 

shaded; psu) overlaid by seasonal climatology of sea surface salinity (SSS; contour), (c),(g),(k),(o) 

moisture flux divergence anomaly (MFD; mm day−1; shaded) overlaid by the divergent component of 

moisture flux anomaly (kg m−1 s−1; vectors), and (d),(h),(l),(p) Australian precipitation anomaly (mm 

day−1). Black dots indicate regions that are statistically significant at 95%, thick black vectors are 

statistically significant at 90%, and thick magenta vectors are statistically significant at 95% from 

Hotelling’s T-square test. Here, (0) and (1) represents the current year of ENSO and the following year, 

respectively. 
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Supplementary Figure 4.3. Composite analysis. Seasonal composite mean during pure IOD+ of 

(a),(e),(i),(m) sea surface temperature anomaly (SST anomaly; shaded; °C) overlaid by 10-m 

anomalous surface winds (vectors; m s−1), (b),(f),(j),(n) sea surface salinity anomaly (SSS anomaly; 

shaded; psu) overlaid by seasonal climatology of sea surface salinity (SSS; contour), (c),(g),(k),(o) 

moisture flux divergence anomaly (MFD; mm day−1; shaded) overlaid by the divergent component of 

moisture flux anomaly (kg m−1 s−1; vectors), and (d),(h),(l),(p) Australian precipitation anomaly (mm 

day−1). Black dots indicate regions that are statistically significant at 95%, thick black vectors are 

statistically significant at 90%, and thick magenta vectors are statistically significant at 95% from 

Hotelling’s T-square test. Here, (0) and (1) represents the current year of IOD and the following year, 

respectively. 
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Supplementary Figure 4.4. Composite analysis. Seasonal composite mean during pure IOD- of 

(a),(e),(i),(m) sea surface temperature anomaly (SST anomaly; shaded; °C) overlaid by 10-m 

anomalous surface winds (vectors; m s−1), (b),(f),(j),(n) sea surface salinity anomaly (SSS anomaly; 

shaded; psu) overlaid by seasonal climatology of sea surface salinity (SSS; contour), (c),(g),(k),(o) 

moisture flux divergence anomaly (MFD; mm day−1; shaded) overlaid by the divergent component of 

moisture flux anomaly (kg m−1 s−1; vectors), and (d),(h),(l),(p) Australian precipitation anomaly (mm 

day−1). Black dots indicate regions that are statistically significant at 95%, thick black vectors are 

statistically significant at 90%, and thick magenta vectors are statistically significant at 95% from 

Hotelling’s T-square test. Here, (0) and (1) represents the current year of IOD and the following year, 

respectively. 
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Supplementary Figure 4.5. Pattern correlation analysis. Pattern correlation analysis of seasonal 

composite mean of spatially normalized SSS anomaly (leading by 1 month) and MFD anomaly with 

their respective standard deviation during co-occurring El Niño and IOD+ (red) and co-occurring La 

Niña and IOD- (blue) over (a)–(d) Pacific (150°E–150°W, 30°S–10°N) and (e)–(h) Indian Ocean (60°–

120°E, 30°S–10°N). The pattern correlation coefficient r is shown at the bottom in all panels. The 

correlation coefficients that are statistically significant at 95% from a two-tailed Student’s t test are 

marked with asterisks. Here, (0) and (1) represents the current year of ENSO and the following year, 

respectively. 

Supplementary Figure 4.6. Temporal variability of ENSO, IOD and SSS during SON. Normalized time 

series of the (a) Niño-3.4 index (red) and (b) DMI (red) with the PC1 of SSS (gray) during SON with the 

correlation coefficient r in parentheses where the asterisk represents significance at 95% from a two-

tailed Student’s t test. 
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Chapter 5 

Improving Australian Rainfall 

Prediction Using Sea Surface Salinity 

Abstract 

This study uses sea surface salinity (SSS) as an additional precursor for improving the prediction of 

summer (December-February, DJF) rainfall over northeastern Australia. From a singular value 

decomposition between SSS of prior seasons and DJF rainfall, we note that SSS of the Indo-Pacific 

warm pool region [SSSP (150oE-165oW and 10oS-10oN), and SSSI (50oE-95oE and 10oS-10oN)] co-vary 

with Australian rainfall, particularly over the Northeast. Composite analysis based on high (low) SSS 

events in SSSP and SSSI region is performed to understand the mechanistic links between the SSS and 

the atmospheric moisture originating from the regions of anomalously high (low) SSS and precipitation 

over Australia. The composites show the signature of co-occurring La Niña and negative Indian Ocean 

dipole (co-occurring El Niño and positive Indian Ocean dipole) with anomalously wet (dry) conditions 

over Australia. During the high (low) SSS events of SSSP and SSSI regions, the convergence (divergence) 

of incoming moisture flux results in anomalously wet (dry) conditions over Australia with a positive 

(negative) soil moisture anomaly. Furthermore, we show from the random forest regression analysis 

that the El Niño Southern Oscillation is the most important precursor for the Australian rainfall, 

followed by the SSS of the western Pacific warm pool (SSSP). The random forest regression also 

predicts Australian rainfall, and this prediction is improved by including SSS from the prior season. This 

evidence suggests that sustained observations of SSS can improve the monitoring of the Australian 

regional hydrological cycle. 
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5.1. Introduction 

Various climate drivers profoundly influence Australian rainfall. Among these variations, El 

Niño Southern Oscillation (ENSO) and Indian Ocean dipole (IOD) have, perhaps, the most 

impact (Ashok, Guan and Yamagata, 2003; Risbey et al., 2009; Ummenhofer et al., 2009; Cai 

et al., 2012) with implications for Australia’s ecosystems and socio-economic prospects 

(NCCARF, 2011; Holmes, 2012; Hayes and Goonetilleke, 2013; Yuan and Yamagata, 2015). 

Hence, there is a need to improve the prediction of Australian rainfall to help anticipate such 

impacts.  

Previous studies have focused on oceanic and atmospheric modes and teleconnections such 

as ENSO, IOD, southern annular mode (SAM) etc. (Risbey et al., 2009; Hendon et al., 2014; 

Lim and Hendon, 2015) whereas this study brings a new perspective of using SSS as an 

additional precursor for the prediction of Australian rainfall. A recent study shows that the 

SSS of the Indo-Pacific warm pool region is linked with Australian rainfall via atmospheric 

moisture transport (Rathore, Bindoff, Ummenhofer, et al., 2020). In the Atlantic and tropical 

northwest Pacific, it was also shown that the moisture originating from the ocean surface 

leaves an imprint on the SSS that in turn can be used as a precursor for rainfall over adjacent 

land areas (L. Li et al., 2016b, 2016a; Chen et al., 2019). Here, we use this relationship between 

the SSS and atmospheric moisture to predict the rainfall over Australia, which has not been 

previously investigated. 

It is widely known that the climatic phenomena of ENSO and IOD have a profound influence 

on the upper ocean properties such as sea surface temperature (SST) and SSS, and these 

properties can assist the prediction of ENSO and IOD events (Ballabrera-Poy, Murtugudde and 

Busalacchi, 2002; Hackert et al., 2011; Singh and Delcroix, 2011; J. Li et al., 2016; Sun et al., 

2019). Moreover, the phenomena of ENSO and IOD are also the most dominant climate 

modes that significantly impact Australian rainfall (Risbey et al., 2009) by modifying the 

atmospheric transport of moisture and the moisture content of the soil (Timbal et al., 2002; 

Evans, Pitman and Cruz, 2011; Ummenhofer et al., 2011).  

The study’s application is demonstrated for the Brisbane region because it encountered 

Australia’s severe precipitation anomalies during 1973/74 and 2010/11 years (Ummenhofer 

et al., 2015). Recent records (NCCARF, 2011; Holmes, 2012; Hayes and Goonetilleke, 2013; 
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Queensland Government, 2015) shows that the financial and human loss due to the flooding 

event associated with the extreme hydroclimatic conditions of 2010/11 was estimated to be 

around $2 billion and 35 deaths. Both of these flooding events in 1973/74 and 2010/11 years 

were associated with co-occurring La Niña and negative IOD (IOD-), which generally brings 

anomalously high rainfall over Australia’s northeast region (Evans and Boyer-Souchet, 2012; 

Zhu, 2018; Rathore, Bindoff, Ummenhofer, et al., 2020).  

This study demonstrates the use of SSS and the SST variations (ENSO and IOD) to improve the 

prediction of the terrestrial rainfall. The paper is organized as follows Section 5.2 and Section 

5.3 provides the methodology and data sets, respectively, used in this study. Section 5.4 focus 

on the links between SSS and Australian rainfall with physical mechanisms and the application 

of SSS for the prediction of Australian rainfall over northeast and Brisbane region. Section 5.5 

is the discussion of the results and conclusions of the study, respectively.  

5.2. Methods 

Monthly anomalies are computed for each data set by removing their respective monthly 

climatology and then detrending the anomaly time series to remove long-term trends. The 

three different time series of SSS anomaly and rainfall anomaly are averaged, as shown in 

Equation 5.1 and Equation 5.2 respectively, to eliminate the biases from the different 

interpolation and reanalysis techniques.  

𝑆𝑆𝑆 =  
𝑆𝑆𝑆𝑂𝑅𝐴𝑆4+ 𝑆𝑆𝑆𝐺10+ 𝑆𝑆𝑆𝐿09

3
  (5.1) 

𝑅𝑎𝑖𝑛 =  
𝑅𝑎𝑖𝑛𝐴𝑊𝐴𝑃+ 𝑅𝑎𝑖𝑛𝐶𝑃𝐶+ 𝑅𝑎𝑖𝑛𝐶𝑅𝑈

3
  (5.2) 

The Moisture Flux Divergence (MFD) is computed, as shown in Equation 5.3. 

𝑀𝐹𝐷 =  (
1

𝑔
)∇. ∫ 𝑞�⃑� 

𝑃𝑠

0
𝑑𝑝 ≅  (𝐸 − 𝑃)  (5.3) 

Where g is the gravitational acceleration (9.8 ms-2), q is specific humidity (g/kg), �⃑�   is 

horizontal wind velocity (ms-1), E is evaporation, and P is precipitation. Moisture flux 𝑞�⃑�  is 

computed at each pressure level of the reanalysis and then integrated from the surface (1000 

hPa) to 500 hPa. The upper limit of integration is taken as 500 hPa, as the majority of the 

moisture in the atmosphere is concentrated below this level (Zhou and Yu, 2005; Li, Li and 
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Barros, 2013; Seager and Henderson, 2013; L. Li et al., 2016a). The divergent component of 

moisture flux (MF) is computed by solving Poisson equations (Lynch, 1988) and this 

component shows the pathways of moisture transport.  

Seasonal averages of July-August-September (JAS), September-October-November (SON) and 

December-January-February (DJF) are computed for each detrended and deseasonalized time 

series.  

We used singular value decomposition (SVD) (Wallace, Smith and Bretherton, 1992) to assess 

the co-variability between SSS and Australian rainfall. The SSS anomalies within the region 

40oE-100oW and 50oS-10oN are included in the analysis, and the rainfall anomaly is over the 

Australian land area. This analysis helps to identify the regions of SSS anomaly in the ocean 

which co-vary with the rainfall anomalies over the Australian landmass. For composite 

analysis, we selected the high and low SSS anomaly events in the top and bottom decile of 

the SSS anomaly of those oceanic regions that co-vary with Australian rainfall. 

The significance test for the composite analysis is estimated by using a Monte Carlo simulation 

with replacement. The null hypothesis is that the composite mean of high and low decile years 

is same as the composite mean of randomly selected years. Out of the total 56 events, the 

composite mean (𝜇1) is estimated from the six events from each high and low decile category. 

For the null hypothesis, a composite mean of six randomly selected years is estimated, and 

this procedure is repeated 10,000 times to generate a distribution of the composite mean (𝜇0) 

from random selection.  

Null hypothesis (𝐻𝑜)   𝐻𝑜 ∶  𝜇1 = 𝜇0 

Alternate hypothesis (𝐻1)  𝐻1 ∶  𝜇1 ≠ 𝜇0 

We have set the significance level such that 𝜇1  ≥ 1.645 ∗ 𝑆𝑇𝐷(𝜇0) which is equivalent to 90% 

confidence from a two-tail student’s t-test. Here, 𝑆𝑇𝐷(𝜇0) is the standard deviation of the 

10,000 composite means that are generated from the random selection of the six events from 

the high and low decile categories. 

The east Australian region from north to south is a vulnerable region and more prone to 

flooding events (Halgamuge and Nirmalathas, 2017; Hu et al., 2018). Hence, for the prediction 

assessment, we used random forest regression analysis, a machine learning algorithm that 
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takes an ensemble learning approach for the prediction (Breiman, 2001). The random forest 

regression uses the training data sets to create decision trees and builds a predictive model. 

This predictive model is applied over the testing data sets and assessed for its predictive skill. 

For random forest regression, we used two indices of SSS anomaly [SSSP (150oE-165oW and 

10oS-10oN), and SSSI (50oE-95oE and 10oS-10oN)], and two indices based on SST anomaly 

(Niño-3.4 index and DMI) for predicting DJF rainfall over northeastern Australia (132oE-152oE 

and 25oS-10oS).  

Rathore, Bindoff, Ummenhofer, et al., (2020) have shown that there is a link between SSS 

anomaly and the Australian rainfall anomaly during ENSO/IOD events. These events are the 

prominent modes in the tropical Indo-Pacific ocean that have a profound influence on 

Australian rainfall (Ashok, Guan and Yamagata, 2003; Cai, Cowan and Sullivan, 2009; 

Ummenhofer et al., 2009, 2011; Taschetto et al., 2011; King et al., 2015) and SSS (Delcroix et 

al., 1996; Grunseich et al., 2011; Singh and Delcroix, 2011). In random forest regression, we 

train the model with rainfall anomaly over the Northeast of Australia, i.e. spatially averaged 

over the region marked by the box in Figure 5.2.b. SSS anomaly indices from the western 

Pacific (SSSP) and Indian Ocean (SSSI) are spatially averaged over the region marked by boxes 

in Figure 5.2.a along with Niño-3.4 and DMI index. The rainfall anomaly index is seasonally 

averaged for DJF, whereas SSSP, SSSI, Niño-3.4 and DMI index are seasonally averaged over 

JAS and SON. After constructing these indices, we used the DJF rainfall anomaly as predictand 

and JAS and SON indices of SSSP, SSSI, Niño-3.4 index, and DMI as predictors.  

The prediction assessment was run 1000 times, and at each iteration, 50% of the samples 

were drawn out randomly for training the random forest regression algorithm. The remaining 

50% was used for testing the model, i.e., the prediction. This analysis is used for predicting 

rainfall over different parts of the world, such as the Sahel, US Midwest, and East Asian 

monsoon region over China (L. Li et al., 2016b, 2016a; Chen et al., 2019).  

We have also assessed each index’s importance for the prediction of rainfall, also known as 

feature importance. For the assessment of each index’s importance, we have used the 

permutation feature importance method, which is defined as the decrease in a model score 

when a single feature is shuffled randomly (Altmann et al., 2010). The random shuffling of the 

feature (predictor) breaks its relationship to the response variable (predictand). Thus, the 

drop in the model score indicates how much the model depends on this feature. To get the 
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importance score, we randomly shuffled each index 50 times using the permutation feature 

importance method. 

Similarly, the random forest regression analysis is also applied for the case study of the region 

that surrounds the Brisbane (144oE-154oE and 34oS-24oS).  

5.3. Data availability 

Our study is focused on the Indo-Pacific region and is bounded between 40oE-100oW and 

50oS-10oN with the regions of IOD and ENSO defined by purple and green box, respectively 

(Figure 5.1). Monthly means of various oceanic and atmospheric parameters from 

observations and reanalysis are used in this study from 1961 to 2017. For climate variability 

measures, we use the Niño-3.4 index for ENSO and the Dipole Mode Index (DMI) for IOD. The 

ENSO index is the area-averaged SST anomaly in the equatorial Pacific region bounded by 5oS-

5oN and 170oW-120oW and based on the monthly time series of ERSSTv5 (Huang et al., 2017). 

The DMI index is based on Saji et al., (1999) and computed as the difference of spatially 

averaged SST anomaly between the western equatorial (50oE-70oE and 10oS-10oN) and the 

southeastern equatorial (90oE-110oE and 10oS-0oN) Indian Ocean. Both of these indices were 

linearly detrended to enable a focus on interseasonal to interannual climate variability. We 

have used the monthly time series of these indices from the sources as listed below  

Figure 5.1. Annual mean features. Annual mean of Sea Surface Salinity (SSS) for the study area 

overlaid with the boxes for Dipole Mode Index (DMI, purple), Niño-3.4 index (green), vectors of 

moisture transport i.e. divergent component of moisture flux and the Australian precipitation where 

brown indicates low rainfall and green indicates high. 
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https://origin.cpc.ncep.noaa.gov/products/analysis_monitoring/ensostuff/ONI_v5.php 

https://www.esrl.noaa.gov/psd/gcos_wgsp/Timeseries/DMI/ 

EN4 data (Good, Martin and Rayner, 2013) is produced by incorporating World Ocean 

Database (WOD) as a main data source used for reconstruction of temperature and salinity 

fields along with the Coriolis data set for Reanalysis (CORA). Data from the Global 

Temperature and Salinity Profile program (GTSPP) from 1990 onwards, and Argo data from 

2000 onwards were also included in EN4. The quality-controlled data are used to produce a 

monthly objective analysis of the temperature and salinity from all types of ocean profiling 

instruments. By persisting anomalies through to the next month, a forecast of the ocean state 

is produced and this is used in the quality control of the following month of data and as the 

background to the next month’s analysis (Good, Martin and Rayner, 2013). 

For ORAS4 (Mogensen, Alonso and Weaver, 2012), data is assimilated using NEMOVAR which 

is a variational data assimilation software for the NEMO ocean model. ORAS4 assimilates 

temperature and salinity profiles from the quality-controlled EN3 data set which includes data 

from eXpandable BathyThermographs (XBT), Conductivity-Temperature-Depth sensors (CTD), 

Argo, moorings for the period of 1957-2009. From 2010, real time data from the Global 

Telecommunications System (GTS) are used. 

Usually the assimilation of ocean data brings the state closer to reality, but only in the 

presence of enough observations. In the early 1960s the surface ocean is more sparsely 

sampled in SSS data sets and is therefore the most unreliable period in the full time series 

analysed here. In order to reduce the uncertainty in the ECMWF’s ORAS4 product, an 

ensemble generation strategy is used with time-varying fluxes and assimilating temperature 

and salinity, for the period 1958 to 1980 which improves the fit to the temperature and 

salinity profiles (Balmaseda, Mogensen and Weaver, 2013). Finally, we have used the 

ensemble mean of the three SSS data sets, as mentioned above. The ensemble mean 

approach results in a smoother field with a smaller standard error and bias. This approach is 

consistent with using as much of the data on SSS as is available across a suite of products (that 

use different methods). Furthermore, the use of the machine learning approach with a 

random selection of the independent learning samples generates a robust prediction of the 

testing data by minimising the underlying uncertainties caused by spatial and temporal 
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distribution in the data across the entire time record. However, the records post 1990 are the 

most well sampled and reliable.  

Likewise, we have used three different products for the terrestrial precipitation data over 

Australia which includes the Australian Water Availability Project (AWAP) (Raupach et al., 

2009), NOAA’s National Weather Service/Climate Prediction Centre (CPC) (Chen et al., 2002), 

and Climate Research Unit (CRU) (New, Hulme and Jones, 2000; Mitchell and Jones, 2005). 

We also used monthly means of specific humidity and horizontal winds between 1000 hPa 

and 500 hPa from NCEP/NCAR Reanalysis 1 (Kalnay et al., 1996). However, it is important to 

mention that the specific humidity and horizontal winds from the NCEP/NCAR Reanalysis 1 

are the averages of the instantaneous values at every six hours over the averaging period of 

(1 month). Monthly SST data is from HadISST1 (Rayner et al., 2003) and monthly means of soil 

moisture data from NOAA’s CPC Soil Moisture (Fan and van den Dool, 2004). We focus on the 

seasonal time scales which are prone to be less noisy than the higher frequency time scales 

and forecasting of seasonally-averaged variability is a logical first step. 

5.4. Results 

5.4.1. Singular value decomposition 

SVD analysis of multiple fields is a technique to investigate the fields that co-vary spatially and 

temporally, i.e. they seem to have some degree of correlation. A recent study from Rathore, 

Bindoff, Ummenhofer, et al., (2020) shows that the variability of SSS in the Indo-pacific warm 

pool is linked to Australian rainfall anomalies via atmospheric moisture transport. Therefore, 

in this study, we are assessing the co-variability of the SSS anomaly over the Indo-Pacific 

domain (Figure 5.1) and the Australian rainfall anomaly. 

Figure 5.2 shows the joint SVD analysis of the two field (SSS anomaly during JAS, SON, and DJF 

and Australian rainfall anomaly during DJF). The first mode of SVD (SVD1) shows that the 

positive loading of JAS SSS anomaly (Figure 5.2.a) of the western Pacific warm pool (SSSP over 

150oE-165oW and 10oS-10oN) strongly co-varies with the positive loading of DJF rainfall 

anomaly (Figure 5.2.b) over northeastern Australia. However, a very weak signal of SSS 

anomaly is present in the Indian Ocean (SSSI over 50oE-95oE and 10oS-10oN). The first mode 

of JAS SSS anomaly and DJF rainfall anomaly jointly explains 57% of the variance. The time 
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series associated with the first mode of SVD (Figure 5.2.c) shows the co-variability of JAS SSS 

anomaly and DJF rainfall anomaly. A significant correlation (r = 0.50 at 𝛼  = 0.05) exists 

between the time series of JAS SSS anomaly and DJF rainfall anomaly associated with the first 

mode of SVD. Furthermore, the signatures in JAS SSS anomaly during 1973 and 2010 co-vary 

with the heavy precipitation events over Australia in the following season of DJF. 

As compared to JAS, the first mode of SVD of SON SSS anomaly (Figure 5.2.d) has now 

developed a positive loading over the SSSI region, and a more concentrated positive loading 

is observed over the SSSP region with a weakening south of 10oS. This pattern of SSS anomaly 

during SON is plausibly associated with the development of the ENSO and IOD events 

(Ballabrera-Poy, Murtugudde and Busalacchi, 2002; Grunseich et al., 2011; Singh and Delcroix, 

2011; Kido, Tozuka and Han, 2019).  

Figure 5.2. Singular value decomposition of co-varying fields. First mode of joint Singular value 

decomposition (SVD) analysis of (a),(d),(g) SSS anomaly during JAS, SON and DJF (b),(e),(h) DJF rainfall 

anomaly associated with SSS anomaly of JAS, SON and DJF (c),(f),(i) normalized time series associated 

with the first mode of SVD analysis of SSS anomaly (red) and Australian rainfall anomaly (grey). The 

explained variance by SVD analysis of SSS anomaly and rainfall anomaly is represented by square 

covariance fraction (SCF) and the correlation coefficient between the associated time series is 

represented by ‘r’ which is significant at 95% from a two-tail student’s t test. 
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The explained variance (Figure 5.2.e) corresponds to the first mode of SVD of SON SSS 

anomaly, and DJF rainfall anomaly is increased to 62%. This increase in the variance is 

plausibly due to the increased positive loading of rainfall anomaly over the northwestern 

coastal strip of Australia (Figure 5.2.e); however, our analysis is primarily concentrated on 

eastern Australia and other regions are outside the scope for this study. The correlation 

between the time series of SON SSS anomaly and DJF rainfall anomaly, which is associated 

with the first mode of SVD, is marginally reduced to 0.45 but still significant at 𝛼 = 0.05.  

This pattern of loading in SSS anomaly and rainfall anomaly is continued from SON to the 

concurrent season of DJF, and the first mode of SVD of DJF SSS anomaly and DJF rainfall 

anomaly jointly explains 65% of the variance with a significant temporal correlation of 𝑟 =

0.50 (𝛼  = 0.05) between their associated time series. This analysis suggests that the SSS 

anomaly of the previous seasons (JAS and SON) over the region of Indo-Pacific warm pool 

(SSSP and SSSI) is coupled with the rainfall anomaly over northeastern Australia in the 

following season (DJF). Moreover, the heavy precipitation events of Australia during 1973/74 

and 2010/11 are consistent with the anomalously high SSS in prior seasons (Figure 5.2.c and 

5.2.f). 

5.4.2. Composite analysis based on high and low SSS anomaly events 

The composite analysis is based on high and low SSS anomaly events selected as a top and 

bottom decile, respectively, from the spatially averaged SSSP and SSSI time series during SON. 

These anomalously high and low SSS events of the SSSI and SSSP regions of the Indo-Pacific 

warm pool are related to the anomalously wet and dry conditions over northeastern Australia. 

Hence, a composite analysis is conducted to investigate the links between the ocean and 

atmosphere during the high and low SSS anomaly events of the SSSP and SSSI regions of the 

Indo-Pacific warm pool and the rainfall over Australia. These links are described in the 

following section. 

5.4.2.1. Composite analysis based on high SSS anomaly events of SSSP region 

The composite mean of SST anomaly (Figure 5.3, first column), which is based on high SSS 

anomaly events of the SSSP region, shows the development of co-occurring La Niña and 

negative IOD (IOD-) conditions. The anomalously low SST present in the tropical Pacific Ocean 



 

Page | 125 
 

coincides with the development of an IOD- event in the Indian Ocean with anomalously high 

SST in the southeast Indian Ocean near Java-Sumatra and anomalously low SST in the 

southwestern equatorial Indian ocean. These signatures of co-occurring La Niña and IOD- 

events are also present in the SSS anomaly (Figure 5.3, second column) where anomalously 

high SSS is present in the SSSP region and a weak positive anomaly signal in the SSSI (Figure 

5.3.b). With the intensification of co-occurring La Niña and IOD- events from JAS to DJF (Figure 

5.3 first column), the positive SSS anomaly in SSSP and SSSI regions also intensify (Figure 5.3, 

second column) and corresponds to the evaporation of moisture from (on) the ocean surface. 

In contrast, negative SSS anomaly around the east and west coast of Australia corresponds to 

the freshening due precipitation (Figure 5.3, second column). 

This moisture flux originating from the ocean surface coincides with the atmospheric 

divergence (Figure 5.3, third column) over the anomalously high SSS regions of Indo-Pacific 

warm pool (SSSP and SSSI) and some part of this moisture is directed towards the Australian 

continent. A large part of significant moisture transport towards Australia from the SSSP and 

SSSI region coincides with the atmospheric convergence over eastern Australia. There are 

primarily two branches of moisture transport towards Australia during JAS (Figure 5.3.c), one 

Figure 5.3. Composite analysis. Composite analysis based on high SON SSS events of SSSP region 

during JAS, SON and DJF for (a),(e),(i) SST anomaly (b),(f),(j) SSS anomaly (c),(g),(k) MFD anomaly 

(shading) overlaid by vectors of divergent component of moisture flux anomaly (d),(h),(l) soil moisture 

anomaly (m),(n),(o) rainfall anomaly. Stippling regions and magenta vectors are significant at 90%.  
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is the direct branch from the SSSP region, and the second branch is over the Tasman sea. In 

the later season (SON and DJF). There are three additional branches of moisture transport 

emerging in which two branches are from the tropical Indian Ocean, and the third branch is 

from the south of Australia (Figure 5.3.g and 5.3.k). 

The convergence of the incoming moisture transport over Australia results in the anomalously 

high soil moisture (Figure 5.3, fourth column), which progressively increases from JAS to DJF. 

The significant positive soil moisture anomalies which are in northeastern Australia during JAS 

(Figure 5.d) get intensified and spread over the large part of the continent in the later seasons 

(Figure 5.3.h and 5.3.l). This anomalous rise in soil moisture (Figure 5.3, fourth column) is 

corroborated with anomalously wet conditions over Australia with significant rainfall 

anomalies over eastern Australia during JAS (Figure 5.3.m) to a widespread wetting during 

SON (Figure 5.3.n).  

Interestingly, the widespread wetting of SON retreated during DJF, and a significantly intense 

wetting is primarily confined to eastern Australia. It is worth mentioning that the regions of 

high SSS anomalies do not coincide perfectly with the regions of high MFD, which likely 

signifies the role of oceanic currents in advecting the SSS anomaly forced by surface 

freshwater flux (Yu, 2011; L. Li et al., 2016b). 

5.4.2.2. Composite analysis based on low SSS anomaly events of SSSP region 

The composite analysis for the low SSS events in the SSSP region is shown in Figure 5.4 and is 

opposite in phase to the high SSS events in this region (Figure 5.3). During the low SSS events 

in the SSSP region, signatures of co-occurring El Niño and positive IOD (IOD+) are observed in 

the equatorial Indian and the Pacific Ocean shown by the composite mean of SST anomaly 

(Figure 5.4, first column). As the signatures of co-occurring El Niño and IOD+ in SST get 

intensified from JAS to DJF, the significantly intense salty and fresh signatures in SSS are also 

strengthened (Figure 5.4, second column).  

The salty (fresh) anomalies (Figure 5.4 second column) to the north of Australia (SSSP and SSSI 

region) indicate the source (sink) region of atmospheric moisture (Figure 5.4 third column). 

From JAS to DJF a large amount of significant moisture that originates from the source region 

coincides with the atmospheric divergence over Australia and diverges away south of 10oS. 
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However, the moisture converges over the SSSI and SSSP region north of 10oN due to the 

presence of atmospheric convergence. 

The presence of diverging anomalies of atmospheric moisture transport over Australia result 

in anomalously dry conditions with negative soil moisture anomalies (Figure 5.4, fourth 

column). From JAS to DJF, the significantly negative soil moisture anomalies primarily 

confined to eastern Australia (Figure 5.4, fourth column) and this is corroborated from the 

rainfall anomalies (Figure 5.4.m-o). Similar to Figure 5.3.m-o, it is interesting to note that the 

widespread dryness during JAS (Figure 5.4.m) and SON (Figure 5.4.n) is reduced south of 25oS 

during DJF and concentrated over the northeastern Australia (Figure 5.4.o). It is worth 

mentioning that the contrast in the wet (Figure 5.3.o) and dry region (Figure 5.4.o) during DJF 

could be influenced by the diversity of ENSO and IOD events (Santoso, Mcphaden and Cai, 

2017). 

5.4.2.3. Composite analysis based on high SSS anomaly events of SSSI region 

The composite analysis of high SSS events of the SSSI region is shown in Figure 5.5. It is 

observed that there is a very weak signal IOD- is present in the SST anomaly field during JAS 

Figure 5.4. Composite analysis. Composite analysis based on low SON SSS events of SSSP region during 

JAS, SON and DJF for (a),(e),(i) SST anomaly (b),(f),(j) SSS anomaly (c),(g),(k) MFD anomaly (shading) 

overlaid by vectors of divergent component of moisture flux anomaly (d),(h),(l) soil moisture anomaly 

(m),(n),(o) rainfall anomaly. Stippling regions and magenta vectors are significant at 90%. 
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(Figure 5.5.a) and SON (Figure 5.5.e) but diminished during DJF (Figure 5.5.i). The 

corresponding SSS anomaly field shows a significant positive anomaly over SSSI region, which 

intensified from JAS to DJF (Figure 5.5, second column).  

The SSSI region indicated by the positive SSS anomaly is the source of atmospheric moisture. 

Most of the moisture that originates from the SSSI region converges over western and central 

Australia (Figure 5.5, third column). The convergence of moisture over Australia is weak 

during JAS but intensified in the later seasons (Figure 5.5, third column). This effect of 

moisture convergence is depicted in the soil moisture anomaly, which is anomalously wet (dry) 

in eastern (western) Australia during JAS (Figure 5.5.d) but having widespread wet conditions 

during SON (Figure 5.5.h) and DJF (Figure 5.5.l). 

These variations of soil moisture anomalies (Figure 5.5, fourth column) resemble the rainfall 

anomalies over Australia from JAS to DJF (Figure 5.5.m-o). The SSSI region’s high SSS events 

show anomalously wet conditions over eastern Australia during JAS and SON (Figure 5.5.m-n) 

and over northern and central Australia during DJF (Figure 5.5.o). This analysis resembles pure 

IOD-, which is shown by Rathore, Bindoff, Ummenhofer, et al., (2020). 

Figure 5.5. Composite analysis. Composite analysis based on high SON SSS events of SSSI region during 

JAS, SON and DJF for (a),(e),(i) SST anomaly (b),(f),(j) SSS anomaly (c),(g),(k) MFD anomaly (shading) 

overlaid by vectors of divergent component of moisture flux anomaly (d),(h),(l) soil moisture anomaly 

(m),(n),(o) rainfall anomaly. Stippling regions and magenta vectors are significant at 90%. 
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5.4.2.4. Composite analysis based on low SSS anomaly events of SSSI region 

The composite analysis based on low SSS events of the SSSI region (Figure 5.6) resembles the 

low SSS events of the SSSP region (Figure 5.4). The composite mean of SST anomaly (Figure 

5.6, first column) shows similar features to the SSSP region (Figure 5.4, first column) of co-

occurring El Niño and IOD+ events with significantly intense SSS anomaly over the SSSP and 

SSSI region (Figure 5.6, second column). Fresh (salty) anomalies around the Maritime 

Continent to the north of Australia indicate sink (source) of atmospheric moisture. 

The moisture originating from the salty region coincides with the atmospheric divergence and 

is transported towards the SSSI, SSSP region (north of 10oS) and Australian continent (south 

of 10oS). The moisture transported towards SSSI and SSSP region precipitates due to the 

presence of atmospheric convergence (Figure 5.6, third column) and make these regions 

anomalously fresher (Figure 5.6, second column). In contrast, the portion of moisture, which 

is directed towards the Australian continent, coincides with the weak atmospheric 

convergence and results in weak anomalous wet conditions over Australia (Figure 5.6, third 

column). 

Figure 5.6. Composite analysis. Composite analysis based on low SON SSS events of SSSI region during 

JAS, SON and DJF for (a),(e),(i) SST anomaly (b),(f),(j) SSS anomaly (c),(g),(k) MFD anomaly (shading) 

overlaid by vectors of divergent component of moisture flux anomaly (d),(h),(l) soil moisture anomaly 

(m),(n),(o) rainfall anomaly. Stippling regions and magenta vectors are significant at 90%. 
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It is interesting to see that the anomalous dryness in the soil moisture (Figure 5.6, fourth 

column) is not as pronounced as in the low SSS events of the SSSP region (Figure 5.4, fourth 

column). In the previous case (Figure 5.4, fourth column), there is a widespread anomalous 

dryness in the soil moisture from JAS to DJF. In contrast, it is primarily concentrated over 

eastern Australia in the latter case (Figure 5.6, fourth column). However, the comparison of 

Figure 5.4.m-o and Figure 5.6.m-o shows a similar distribution of rainfall anomaly over 

Australia but with varied magnitude. 

In the above composite analyses, we show the physical link between the SSS, the moisture 

transport from the source regions, and rainfall over Australia. It is also observed that the 

phenomena of ENSO and IOD modulate the relationships between SSS and Australian rainfall 

via atmospheric moisture transport. Some of these relationships between SSS and Australian 

rainfall during ENSO/IOD events were also shown by Rathore, Bindoff, Ummenhofer, et al., 

(2020). In the following section, we demonstrate the use of SSS along with SST based ENSO 

and IOD index, as an additional precursor for the Australian rainfall and is specifically applied 

to the Brisbane region (144oE-154oE and 34oS-24oS). 

5.4.3. Predictability of Australian rainfall by using SSS 

In the previous section, we established a physical link between the SSS and Australian rainfall 

using moisture transport in the atmosphere, SSS anomalies in the oceanic source region and 

rainfall anomalies over Australia. We have also observed that the SSS of the Indo-Pacific warm 

pool region, in the prior season (JAS and SON), co-vary (and linked by moisture transport) with 

the Australian rainfall in the summer season (DJF). Hence, the information signalled by the 

SSS of the prior season can be used to assess the predictability of Australian summer rainfall. 

We used the random forest regression technique in two phases for predicting the northeast 

Australian rainfall during DJF: (1) by incorporating spatially averaged SON SSS of SSSP and SSSI 

region along with SON Niño-3.4 and SON DMI indices as predictors; and (2) without including 

the SSS indices. Figure 5.7 shows that the variance explained by the predicted time series of 

DJF rainfall over northeastern Australia is increased to R2=0.49 by incorporating the SSS 

indices from R2 = 0.38 without including the SSS indices. However, the predicted time series 

with or without incorporating SSS indices do not differ significantly from each other except in 

1975/76 and differ only marginally in a few other years. This shows that ENSO and IOD already 
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have a strong influence on modulating DJF rainfall over northeastern Australia and provide 

certain predictability one season ahead.  

The importance of different indices for the prediction of DJF rainfall over northeastern 

Australia is further investigated in Figure 5.8. This shows that ENSO (Niño-3.4) has the highest 

importance among all the predictors, followed by the SSSP index as the second most 

important index when compared with DMI, and the SSSI index has the least importance 

(Figure 5.8). The indices’ ranking with the explained variance suggests that most of the 

variability in the DJF rainfall of northeastern Australia is attributed to ENSO; however, the 

Figure 5.8. Predictor importance. Importance of predictors during SON in predicting the DJF rainfall 

over northereastern Australia. Magenta line is the median and blue square is the mean. 

Figure 5.7. Prediction analysis for northeastern Australia. Normalized time series of DJF rainfall over 

northeastern Australia (132oE-152oE and 25oS-10oS) (blue), predicted rainfall time series by 

incorporating the SON indices of SSSP, SSSI, Niño-3.4 and DMI as predictors (red), and predicted 

rainfall without incorporating SSSP and SSSI indices (black dash). The variance explained by the 

prediction model with and without SSS (SSSP and SSSI) indices is shown as R2 value. 
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addition of SSS indices shows further improvement in the variance explained by the predicted 

rainfall. 

5.4.4. Predictability of Brisbane rainfall by using SSS 

Brisbane is vulnerable to flood, as demonstrated by the severe and costly floods in 1973/74 

and 2010/11. Hence it is necessary to improve rainfall prediction to anticipate potential 

economic damages during a heavy rainfall event. Here, we advocate using SSS as an additional 

precursor to be considered for the improvement in the prediction of rainfall over Australia.  

For Brisbane rainfall prediction analysis, we have considered the DJF rainfall over the region 

of 144oE-154oE and 34oS-24oS, along with the JAS and SON indices. From the random forest 

Figure 5.9. Prediction analysis for Brisbane region. Normalized time series of DJF rainfall over 

Brisbane region (144oE-154oE and 34oS-24oS) (blue), predicted rainfall time series by incorporating the 

indices of SSSP, SSSI, Niño-3.4 and DMI as predictors (red) for JAS (upper) and SON (Lower) and 

predicted rainfall without incorporating SSSP and SSSI indices (black dash). The variance explained by 

the prediction model with and without SSS (SSSP and SSSI) indices is shown as R2 value. 
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regression analysis, we have found improvement in the variance explained when predicting 

DJF rainfall when we include JAS SSS from the SSSP and SSSI regions (R2=0.59) compared to 

the variance explained without the SSS (R2 = 0.38) (Figure 5.9 upper panel). Furthermore, by 

using SON SSS, an improvement in the explained variance (R2 = 0.48) is observed as compared 

to the variance explained without SSS (R2 = 0.32) (Figure 5.9 lower panel). However, it is 

interesting to note that the variance explained when predicting DJF rainfall using SON SSS (R2 

= 0.48) is less than when using the longer lead time of JAS SSS (R2 = 0.59). The plausible reason 

for the relatively low improvement of the explained variance by using SON indices compared 

to JAS is the evolution of other indices along with ENSO, which can explain a large part of the 

variability of the DJF rainfall over the Brisbane region. 

This effect is shown in Figure 5.10, where ENSO is the most important index for the prediction 

of DJF rainfall, followed by the rest of the indices used. Furthermore, from the indices used 

Figure 5.10. Predictor Importance. Importance of predictors in predicting the DJF rainfall over 

Brisbane region (144oE-154oE and 34oS-24oS) from JAS indices (Upper) and SON indices (Lower). 
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for JAS, the SSSP index is the second most important index after the Niño-3.4 index, followed 

by IOD and SSSI (Figure 5.10 upper panel). However, among the SON indices, Niño-3.4 index 

is of the highest importance, as we saw for JAS. However, the importance factor of the SSSP 

index is reduced and superseded by the increased importance of IOD during SON. This 

increase in the importance of IOD during SON (Figure 5.10 lower panel), as compared to JAS 

(Figure 5.10 upper panel), is compensated through the reduction in the importance of SSSP, 

which explains less of the variance of DJF rainfall predicted using SON SSS. It is also worth 

mentioning that during SON, IOD is at its peak and ENSO is transitioning to attain its peak 

state. These factors combined can explain the reduced importance of the SSSP index during 

SON. 

From the above analysis, ENSO is the most important factor for predicting DJF rainfall over 

northeastern Australia and for smaller regions like Brisbane. However, the inclusion of the 

SSS indices (SSSP index in particular) improves the prediction of Australian rainfall. Moreover, 

we also observed that the SSS of the Indo-Pacific warm pool shows a lead of 3 to 4 months, 

which coincides with the moisture source from the ocean surface and eventually converges 

elsewhere (on ocean and land) through atmospheric moisture transport. 

5.5. Discussion & Conclusion 

A recent study demonstrates the link between SSS and Australian rainfall during ENSO and 

IOD years (Rathore, Bindoff, Ummenhofer, et al., 2020); however, the application of SSS as a 

precursor was not adequately addressed there. This study focuses on the use of SSS as an 

additional precursor for DJF rainfall over northeastern Australia and the Brisbane region. In 

this study, the SVD analysis (Figure 5.2) shows that the SSS of the equatorial Indian Ocean 

(50oE-95oE and 10oS-10oN) and western Pacific (150oE-165oW and 10oS-10oN) co-vary with the 

rainfall over northeastern Australia (132oE-152oE and 25oS-10oS) and also with other regions 

such as the northwestern coastal strip and the eastern seaboard region of Australia. 

The signature of positive SSS in the western Pacific is quite prominent from JAS to DJF (Figure 

5.2.a, Figure 5.2.d, and Figure 5.2.g) however, positive SSS of the southwestern equatorial 

Indian Ocean is quite weak during JAS (Figure 5.2.a) but appears more strongly during SON 

(Figure 5.2.d). This suggests the evolution of SSS leads the DJF rainfall over Australia.  
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The composite analysis of high SSS events of the SSSP and SSSI region shows the signature of 

co-occurring La Niña and IOD- events (Figure 5.3.a, Figure 5.3.e, Figure 5.3.i, Figure 5.5.a, 

Figure 5.5.e, and Figure 5.5.i) with anomalously high SSS in the Indo-Pacific warm pool region 

(Figure 5.3.b, Figure 5.3.f, Figure 5.3.j, Figure 5.5.b, Figure 5.5.f, and Figure 5.5.j). The regions 

of high (low) SSS broadly coincide with the regions of anomalously high (low) MFD in the 

atmosphere and represent a source (sink) of moisture for evaporation (precipitation) (Figure 

5.3.c, Figure 5.3.g, Figure 5.3.k, Figure 5.5.c, Figure 5.5.g, and Figure 5.5.k). Moreover, during 

the high SSS events of SSSP and SSSI region, the moisture flux originating from the ocean 

surface (Figure 5.3.c, Figure 5.3.g, Figure 5.3.k, Figure 5.5.c, Figure 5.5.g, and Figure 5.5.k) 

strengthens the mean moisture supply (Figure 5.1) and results in anomalous wet conditions 

over Australia. 

To transform the incoming moisture into precipitation, the availability of soil moisture plays 

an important role. Previous studies have recognized the land-atmosphere coupling via soil 

moisture that modulates the terrestrial precipitation (Timbal et al., 2002; Evans, Pitman and 

Cruz, 2011). Timbal et al., (2002) found that the rainfall variability in Australia is strongly 

influenced by soil moisture; moreover, it maintains the in-phase relationship of ENSO and 

Australian rainfall.  

With the influx of moisture, the moisture content of the soil will increase. The positive soil 

moisture anomalies moistened the lower atmosphere which will become unstable due to the 

release of latent heat by evaporation. This will further increase the moisture transport and 

eventually results in convective precipitation (Timbal et al., 2002; Evans, Pitman and Cruz, 

2011). In contrast, the presence of negative soil moisture anomalies corresponds to the dry 

conditions over land. 

Therefore, during the high SSS events of the SSSP and SSSI regions, the presence of positive 

soil moisture anomalies during JAS and SON (Figure 5.3.d, Figure 5.3.h, Figure 5.3.l, Figure 

5.5.d, Figure 5.5.h, and Figure 5.5.l) corroborates anomalously wet conditions over Australia 

(Figure 5.3.m-o and Figure 5.5.m-o). This coupling between the soil moisture and the 

atmospheric circulation, along with the albedo and vegetation effects, contributes to the 

enhancement of rainfall over land (Evans, Meng and McCabe, 2017). 
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In contrast, the composite analysis of low SSS events in the SSSP and SSSI regions show the 

signature of co-occurring El Niño and IOD+ events (Figure 5.4.a, Figure 5.4.e, Figure 5.4.i, 

Figure 5.6.a, Figure 5.6.e, and Figure 5.6.i) with anomalously low SSS in the Indo-Pacific warm 

pool region (Figure 5.4.b, Figure 5.4.f, Figure 5.4.j, Figure 5.6.b, Figure 5.6.f, and Figure 5.6.j). 

The moisture originates from the north of Australia and leaves an imprint of anomalously high 

SSS that broadly coincides with the anomalously high MFD (Figure 5.4.c, Figure 5.4.g, Figure 

5.4.k, Figure 5.6.c, Figure 5.6.g, and Figure 5.6.k). Unlike the high SSS events of SSSP and SSSI 

region, the moisture flux originating from the ocean surface during low SSS events (Figure 

5.4.c, Figure 5.4.g, Figure 5.4.k, Figure 5.6.c, Figure 5.6.g, and Figure 5.6.k) weakens the mean 

moisture supply (Figure 5.1) and results in anomalously dry conditions over Australia. 

Moreover, the moisture directed towards Australia coincides with divergence over land and 

the presence of negative soil moisture anomaly (Figure 5.4.d, Figure 5.4.h, Figure 5.4.l, Figure 

5.6.d, Figure 5.6.h, and Figure 5.6.l) which provides negative feedback to the moisture influx. 

Therefore, despite high moisture transport, anomalously dry conditions persist over 

northeastern Australia (Figure 5.4.m and Figure 5.6.m) due to the negative feedback from the 

dry soil conditions. These physical mechanisms and links between oceanic-atmospheric-land 

variables lead to greater predictive skills for Australian rainfall. 

Previous studies have shown that the Australian rainfall is strongly modulated by the 

variability of the tropical Indian and Pacific Ocean climate associated with ENSO and IOD 

events (Risbey et al., 2009; Ummenhofer et al., 2009; Cai et al., 2011). In this study, we bring 

a new perspective of using SSS as an additional precursor for improving the prediction of 

Australian rainfall. For the prediction of DJF rainfall over northeastern Australia and the 

Brisbane region, we used random forest regression analysis in which we used SSS of Indo-

Pacific warm pool region as an additional precursor, along with the Niño-3.4 index and DMI 

to represents the ENSO and IOD phenomena. We found that the prediction of the DJF rainfall 

over northeastern Australia (Figure 5.7) and the Brisbane region (Figure 5.9) is improved by 

the addition of SSS of SSSP and SSSI regions.  

It is interesting to note the heavy precipitation year of 1990/91 is not captured by the random 

forest regression analysis whether SSS is included or not. Hence, it is also worth discussing 

the heavy precipitation year of 1990/91 in the northeastern Australia region (Figure 5.7). The 

reasons suggested by previous studies are heavy rainfall over the Lake Eyre basin (Pook et al., 
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2014) and a tropical cyclone “Joy” which was dissipated south of Townsville, Queensland (Van 

Woesik, De Vantier and Glazebrook, 1995; McConochie, Hardy and Mason, 2004). During the 

heavy precipitation over Lake Eyre, a dominant synoptic system that combined a monsoon 

trough at mean sea level and a geopotential trough in the mid-troposphere was responsible 

(Pook et al., 2014). Moreover, the tropical cyclone “Joy” also brought heavy rainfall of more 

than 2000 mm between 23 December 1990 and 7 January 1991 over the region between 

Prosperine (20oS) and Rockhampton (23oS). High rainfall associated with tropical low-pressure 

systems continued to the end of March 1991 which led to extensive flooding of the central 

Queensland coastal plain (Van Woesik, De Vantier and Glazebrook, 1995). 

Our study suggests that ENSO remains the most important factor for predicting rainfall over 

northeastern Australia (Figure 5.8) and the Brisbane region (Figure 5.10). The SSS of the SSSP 

region turns out to be the second most important precursor. This suggests that the evolution 

of ENSO and IOD events also modulates the SSS of SSSP and SSSI regions in the prior season 

(JAS and SON), which then contribute as source regions for atmospheric moisture transport 

to Australia in the later season (DJF). 

Furthermore, this study does not account for the effect of upper ocean processes such as 

advection, diffusion and vertical entrainment (Yu, 2011) and the local land surface processes 

that influence the soil moisture-precipitation feedback mechanism, e.g. vegetation and 

albedo (Evans, Meng and McCabe, 2017). However, due to the significant uncertainties in the 

estimation of evaporation minus precipitation flux (E - P) from the present generation 

reanalysis products, the SSS appears to be a strong candidate to improve the prediction of 

terrestrial rainfall (Yu et al., 2017). 

This study demonstrates the moisture pathways between SSS of the SSSP and SSSI regions 

which co-vary with the Australian rainfall over various regions, e.g. northeast, eastern 

seaboard, and the northwestern coastal strip. The events of anomalously high and low SSS of 

SSSP and SSSI regions are connected with the phases of ENSO (La Niña and El Niño) and IOD 

(IOD- and IOD+) in the equatorial region of the Indo-Pacific warm pool. The moisture that 

originates from the SSSP and SSSI regions due to evaporation leaves an imprint on the SSS, 

which broadly coincides with anomalously high MFD in the atmosphere that converges 

elsewhere to produce precipitation.  
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The land-atmosphere coupling strongly influences the convergence of incoming atmospheric 

moisture towards land. As the soil moisture strongly influences the Australian precipitation 

during summer (DJF), it also permits the maintenance of the in-phase ENSO-rainfall 

relationship (Timbal et al., 2002; Evans, Pitman and Cruz, 2011). A positive soil moisture 

anomaly brings in more moisture, which destabilizes the lower atmosphere, resulting in 

convective precipitation over land. Similarly, negative soil moisture anomaly (dry land) 

provides negative feedback to the incoming atmospheric moisture. It develops diverging 

conditions over land that results in anomalously dry conditions over land with a negative 

rainfall anomaly. 

Our predictive analysis using a machine learning algorithm, i.e. random forest regression, 

supports the ENSO-rainfall relationship. ENSO is the most important precursor for predicting 

the Australian rainfall, but the SSS turns out to be the second most important precursor. 

Moreover, an improvement in the prediction is observed for rainfall over a large region of 

northeastern Australia and a small region of Brisbane, by the inclusion of SSS (SSSP and SSSI) 

indices. Hence, continuous monitoring of SSS is required for the better prediction of global to 

regional hydroclimatic conditions. 
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Chapter 6 

Conclusions & Future Research 

Research Overview 

Understanding of the climate variations related to ocean variables such as temperature and 

salinity provides a deep insight into changes in the climate system from global to regional 

scales. Assessment of the variations in ocean temperature and salinity can be used to quantify 

the relative contributions of Earth’s internal variability and anthropogenic forcing to global 

weather and climate phenomena. This thesis highlights the importance of improved 

observational and modelling capabilities to monitor and understand the changes in the 

energy and moisture in the climate system. In this thesis we focused on two such phenomena, 

namely OHC and moisture transport in the atmosphere and its convergence over Australia as 

rainfall.  

The changes in OHC are profoundly related to the changes in the top-of-atmosphere radiation 

imbalance, resulting from human influence on the composition of the atmosphere and driving 

the climate change. Prior to the Argo period (before 2004), large uncertainties were involved 

in the quantification of the global OHC changes and trends (particularly on periods less than 

20 years). The introduction of Argo floats revolutionized the monitoring of the key ocean 

variables temperature and salinity.  

This thesis investigates the changes in the global OHC between 2005 and 2015 for the depth 

of 0-2000 m. Recent studies observed a hemispheric asymmetry in the warming of the global 

ocean during 2005-2015, in which the southern hemisphere has an increased ocean heat gain 

and there is little corresponding heat gain in the northern hemisphere. The precise cause of 

this asymmetric warming pattern of the global ocean was not clear. It was suggested that this 
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hemispheric asymmetry may be related to natural decadal variability or to the cooling effect 

of anthropogenic aerosols which are preferentially located in the northern hemisphere. Here, 

we show that the observed hemispheric asymmetry in the global OHC change is due to the 

combination of anthropogenic warming and internal climate variability. Each has a distinctive 

pattern and driving mechanism in the OHC distribution. The internal asymmetric mode is 

remarkable in the sense that it does not add or remove heat, but it does contribute very 

strongly to the hemispheric redistribution of OHC. 

This thesis also investigates the links between SSS and Australian precipitation via 

atmospheric moisture transport divergence. Previous studies show that SSS serves the 

purpose of Nature’s rain gauge (within limits of advection and ocean mixing) and can be used 

to monitor global and regional water cycle.  

Here we bring the new perspective of using SSS to monitor the oceanic source of moisture for 

Australian rainfall from interseasonal to interannual times scale. The use of SSS to monitor 

terrestrial rainfall has been demonstrated for the other parts of the world but it’s usage for 

pathways of atmospheric moisture transport from oceanic sources and rainfall over Australia 

is novel. We show that changes in the SSS of the Indo-pacific warm pool are profoundly linked 

with the Australian rainfall during ENSO and IOD events. Moreover, using the co-variability 

through these moisture pathways between the SSS and Australian rainfall allows an overall 

improvement in the prediction of rainfall. 

6.1. Conclusions 

Observations show that the global oceans are warming unabatedly due to anthropogenic 

climate change and this warming is consistent with that projected by the 20 CMIP5 climate 

model simulations examined in this thesis. However, the redistribution of anthropogenic heat 

gain by the ocean is subject to internal climate variability, which is often considered to be 

noise in the climate system. Our results suggest that the effect on OHC of a new asymmetric 

mode of internal variability is mostly confined to the upper ocean i.e. 0-700 m. The 

asymmetric mode is much weaker deeper in the ocean (depths of 700-2000 m) where the 

signal of anthropogenic warming dominates. The combined effect of anthropogenic warming 

and internal variability results in the observed hemispheric asymmetry in OHC change during 

the 2005-2015 period. The hemispheric asymmetry is revealed as 92% of the net global ocean 
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heat gain being taken up by the southern hemisphere and only 8% in the northern hemisphere 

in this period. The new asymmetric mode identified in this thesis on the background of 

anthropogenic warming is shown to be responsible for the asymmetry. 

We infer that the Earth’s asymmetric internal climate variability shifts the ocean’s heat gain 

from the northern hemisphere to the southern hemisphere and generates this observed 

asymmetric warming pattern. This asymmetric mode is present in the pre-industrial control 

simulations of 20 CMIP5 models used in this study. Moreover, the fingerprint of this 

asymmetric mode of variability is distinct from the anthropogenic warming, and other known 

modes of internal variability such as ENSO, PDO, SAM, IOD, NAO, and AMO. The magnitude 

of variance explained by this asymmetric mode is comparable to the anthropogenic warming 

for the period of 2005 to 2015. Due to this, the asymmetric mode can effectively shift the 

ocean heat gain from one hemisphere to the other. The apparent effect of this asymmetric 

mode is observed on the increased southward ocean heat transport. The meridional 

overturning component shows an enhanced (reduced) heat transport in the southern 

(northern) hemisphere around 30oS-40oS (30oN-40oN) and explains the enhanced storage in 

the southern hemisphere. The asymmetric mode is new and we show in the pre-industrial 

control simulations that this mode has an opposite phase which is almost the mirror image of 

the recently observed southern hemisphere phase.  

Our study also suggests that the SSS of the Indo-Pacific warm pool can be used as a measure 

of Australian rainfall. We demonstrate the mechanistic links between SSS and Australian 

rainfall during ENSO and IOD events through atmospheric moisture transport from their 

source in the oceans to their “sink” as rain over Australia. We show that the changes in the 

SSS occur prior to the peak of ENSO and IOD events. During co-occurring La Niña and IOD- 

events, salty anomalies emerge in the prior seasons around the  Equator in the Indo-Pacific 

warm pool region and are associated with significant moisture transport that converges over 

Australia and results in anomalous wet conditions. In contrast, during El Niño and IOD+ events 

anomalous dry conditions prevail over Australia due to the associated moisture transport 

divergence anomaly.  

Moreover, the co-variability of SSS over the Indo-Pacific warm pool region with the northeast 

Australian rainfall shows that the SSS could aid the prediction of Australian rainfall. The high 

(low) SSS years in the Indo-Pacific warm pool shows a significant moisture transport 



 

Page | 142 
 

convergence (divergence) over northeastern Australia. The high (low) SSS years in the Indo-

Pacific warm pool region are associated with co-occurring El Niño and IOD+ (La Niña and IOD-) 

events. This raises the prospect of using SSS with ENSO and IOD indices to improve the 

prediction of Australian rainfall. This prospect was tested using random forest regression 

(machine learning algorithm) and our results suggest that the SSS of the western Pacific is the 

second most important precursor after ENSO for the northeast Australian rainfall. Moreover, 

the incorporation of the prior season SSS index with the SST based indices (ENSO and IOD) in 

the random forest regression, shows an improvement in the prediction of rainfall over 

northeastern Australia and the Brisbane region.  

6.2. Future Research 

The mechanisms involved in the generation of the asymmetric mode warrant further 

investigation. The identification of asymmetric internal variability leads to further questions 

about its impact on atmospheric variability, the Atlantic Meridional Overturning Circulation, 

sea level rise, heat and carbon uptake by the ocean from global to regional scale (Thompson 

and Merrifield, 2014; Landschützer et al., 2015; Stephens et al., 2016; DeVries, Holzer and 

Primeau, 2017; Ritter et al., 2017) . There is potential that understanding of this asymmetric 

internal variability could assist the near-term (~10-15 years) projections of these ocean state 

variables. 

This study also brings a new opportunity to use observations of SSS, such as from the global 

Argo array and satellite salinity sensors, to improve the prediction of Australian rainfall. This 

study focuses on the interseasonal to interannual timescales, however decadal prediction of 

Australian rainfall using SSS is still an open question because the role of ocean circulation and 

mixing also affects the SSS patterns. On these longer time scales, these two processes become 

more important (Yu, 2011). Moreover, the use of machine learning is quite new in the field of 

climate science and needs further development to refine numerical models for improved 

weather and climate forecast (Huntingford et al., 2019).  

6.3. Final Remarks 

This study suggests that it is virtually certain (probability > 99%) that global ocean warming is 

due to anthropogenic forcing. Moreover, the hemispheric asymmetry of global OHC changes 
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can be explained by asymmetric internal climate variability without invoking any alternate 

hypotheses such as asymmetric aerosol loading. This study also demonstrates that the SSS 

can serve the purpose of nature’s rain gauge to monitor global and regional water cycle 

(within the limitations of advection, diffusion, and vertical entrainment as described in section 

4.5). This is a novel study for the Australian region that shows the usefulness of SSS for 

terrestrial rainfall. This study also demonstrates the usage of machine learning techniques to 

improve the statistical prediction of Australian rainfall using SSS as an additional precursor. 

Sustained and robust observations for the key ocean variables (e.g. temperature and salinity) 

have improved our understanding of the changes in the climate system (Palmer et al., 2019; 

Vinogradova et al., 2019) and continued observations are essential. The increased density of 

sampling and long-term data coverage will narrow down the uncertainties involved in the 

short- and long-term weather and climate projections. Also, the advancements in modelling 

capabilities will improve the signal-to-noise ratio for the closure of Earth’s energy and sea 

level budget (Flato et al., 2013). The use of new techniques (e.g. machine learning) will 

substantially improve the climate information that is derived from these collections and 

hence will make numerical weather and climate forecasts more robust (Huntingford et al., 

2019). Recent studies show improved prediction of ENSO by using machine learning (Ham, 

Kim and Luo, 2019) in terms of the lead time and magnitude of ENSO. Hence, sustained 

observation and incorporation of new techniques is likely to substantially improve the present 

prediction capabilities for the climate system. 
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