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ARTICLE INFO ABSTRACT

Keywords: Compound drought and heatwaves (CDHWSs) can cause significant socio-economic and ecological impacts. A
Compound events better understanding of historical spatiotemporal changes of Australian CDHWs and their underlying physical
Drought mechanisms can help improve their predictability. We analyse changes in Australian CDHW metrics in the
s;:tg’ave extended summer season (November to March) during the period 1958-2020. Our results suggest that CDHWs
10D increased significantly in terms of their frequency, duration, amplitude, and severity in the recent period (1989/

SMILE 90-2019/20) relative to a historical period (1958/59-1988/89), particularly in eastern Australia. We further
analysed the influence of co-occurring modes of El Nino Southern Oscillation (ENSO) and Indian Ocean Dipole
(IOD) on the frequency and severity of Australian CDHWs using two Coupled Model Intercomparison Project
phase 6 (CMIP6) single model initial-condition large ensembles. We found that frequency, duration, and severity
of CDHWs are significantly increased during strong El Nino phases across northeast Australia compared to
neutral ENSO and IOD conditions. This increase is widespread over northeast and southeast Australia during the
concurrence of strong El Ninos and moderate-strong positive IOD events. Our results show that an extreme
CDHW season in terms of their frequency, duration, and severity occurs one out of every two seasons of strong El
Nino over the northeast Australia. Moreover, the same applies for the co-occurring strong El Nino and positive
IOD over the northeast and southeast Australia as well. Our results highlight the importance of ENSO and IOD
combinations for Australian CDHW events. Our findings provide insights into the importance of climate vari-
ability in driving Australian CDHWs.

1. Introduction

Compound drought and heatwaves (CDHWs) are categorised as a
multivariate type of compound event because the co-occurrence of two
extreme events, i.e., drought and heatwave in the same location, cause
massive impacts (Zscheischler et al., 2020). CDHW events have adverse
effects on agricultural productivity (Ciais et al., 2005), human health
(Fink et al., 2004), water resources (Coffel et al., 2019), biodiversity (Mo
and Roache, 2021), and forest tree mortality (Allen et al., 2010). These
events can result in considerable economic losses, e.g., the 2003 CDHW
event in Europe resulted in 13.1 billion Euros losses to the forestry and
agricultural industry (Fink et al., 2004). The combination of drought and
heatwave events also have the potential to increase bushfire risk (Abram
et al., 2021; Sharples et al., 2016), particularly through their effect on
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fine fuel moisture content (Reddy et al., 2021a). For instance, the
compound influence of prolonged drought combined with repeated
heatwaves during the 2019-20 summer provided conditions favourable
for the unprecedented extent and devastating impacts that characterised
the catastrophic Black Summer bushfires in Australia (Administration
References Committee, 2019; Nolan et al., 2020).

CDHWs are defined as periods of heatwaves occurring during
meteorological drought (Geirinhas et al., 2021; Mukherjee and Mishra,
2021; Wu et al., 2021). Heatwave definitions vary broadly among
different groups based on the targeted sector-based applications (Per-
kins and Alexander, 2013). Heatwaves are generally defined as a
continuous period of hot days with temperatures higher than a specific
extreme threshold. The location-specific percentile thresholds used to
define heatwaves account for regional climatic variations (Perkins and
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Alexander, 2013) and have been widely used in previous heatwave
studies (Fischer and Schar, 2010; Perkins-Kirkpatrick and Lewis, 2020;
Pezza et al., 2012).

Droughts are complex phenomena, defined in a multitude of ways
based on targeted sector impacts and droughts are often classified as
meteorological, hydrological, agricultural, or socio-economic droughts
(Esfahanian et al., 2017). CDHWs generally consider drought as a
meteorological drought, which is associated with rainfall deficits and
are monitored using indices, such as the Standardised Precipitation
Index (SPI) (Mckee et al., 1993), the Standardised
Precipitation-Evapotranspiration Index (SPEI) (Vicente-Serrano et al.,
2010) and the Palmer Drought Severity Index (PDSI) (Palmer, 1965).
However, the SPI has been recommended by the World Meteorological
Organisation (WMO) for monitoring meteorological drought (Hayes
et al.,, 2011; WMO, 2012). Moreover, the temperature independence of
the SPI makes it a favourable tool for the assessment of CDHW in the
context of compound events (Geirinhas et al., 2021; lonita et al., 2021;
Kong et al., 2020; Mazdiyasni and AghaKouchak, 2015; Shi et al., 2021;
Vogel et al., 2021).

Many previous studies have investigated changes in CDHWSs across
different parts of the world. For instance, Mazdiyasni and AghaKouchak
(2015) analysed CDHWs over the United States during the historical
period (1960-2010) and found a substantial increase in their frequency
and spatial extent. Similar results have been found for Brazil (Geirinhas
et al., 2021), China (Kong et al., 2020), Europe (lonita et al., 2021), and
India (Sharma and Mujumdar, 2017). Recently, Mukherjee and Mishra
(2021) reported that CDHW s are becoming more frequent and intense in
the recent period (2000-16) compared to the past (1983-99), particu-
larly across the arid regions of Asia, Australia, Europe, and North
America.

Australia has previously been identified as particularly prone to the
occurrence of CDHWs (Ridder et al., 2020). Future projections indicate
Australia will experience more frequent CDHWs under enhanced
anthropogenic climate change (Ridder et al., 2022). These previous
studies are limited to frequency analysis of CDHW events and can be
extended by studying their multiple characteristics (like duration,
amplitude, and severity), which is currently lacking. Little is known
about the characteristics of CDHW events in Australia. It is important to
analyse the multiple characteristics of CDHWs, because of their potential
for significant socio-economic and ecological impacts across a wide
range of sectors. In view of Australia’s proneness to CDHWs, under-
standing the response of CDHW characteristics to the already experi-
enced warming over the past decades is therefore crucial.

In many regions across the globe, including Australia, favourable
environments for the development of heatwaves and meteorological
droughts are created by atmospheric processes driven by large-scale
modes of climate variability (Hao et al., 2018; Loughran et al., 2019;
Mukherjee et al., 2020; Perkins et al., 2015; Ummenhofer et al., 2009).
For example, Hao et al. (2018) found that El Nino Southern Oscillation
(ENSO (Trenberth, 1997)) had a significant influence on compound dry
and hot events in Australia, southeast Asia, and southern Africa. Simi-
larly, Mukherjee et al. (2020) found that ENSO had a substantial impact
on the frequency and severity of austral summer CDHWs over Australia,
southern Africa, and the Amazon basin. Indeed, ENSO and the Indian
Ocean Dipole (IOD (Saji et al., 1999)) are the climate modes that in-
fluence the occurrence of heatwaves (Perkins et al., 2015) and droughts
(Meyers et al., 2007; Ummenhofer et al., 2011) across eastern and
southeastern Australia. The combined effect of these climate modes on
drought and heatwaves in Australia has been previously studied for each
of the two extremes in isolation (Reddy et al., 2021¢c; Ummenhofer et al.,
2011). Ummenhofer et al. (2011) found that cool season (June-October)
drought conditions over southeast Australia are associated with
co-occurring phases of El Nino and positive IOD. Reddy et al. (2021c)
found that extended summer season (November—-March) contiguous
heatwaves over Australia cover larger areas with increased intensity
during strong El Nino and its concurrence with strong positive I0D
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compared to the neutral phase of both ENSO and IOD. Based on the
previous studies (Reddy et al., 2021¢; Ummenhofer et al., 2011), it can
be hypothesised that the combination of El Nino and the positive IOD
phase might be linked with CDHW conditions over Australia during the
extended summer season. However, the influence of co-occurring ENSO
and IOD phases on extended summer season CDHWs in Australia has not
yet been researched.

Here, we quantify the observed spatiotemporal changes of CDHW
characteristics during the recent period 1989,/90-2019/20 compared to
the historical period 1958/59-1988/89 in Australia. Further, we use the
single model initial-condition large ensemble (SMILE) of the Coupled
Model Intercomparison Project phase 6 (CMIP6) models to specify the
effects of natural variability on CDHWs. A SMILE is a suite of model
simulations produced with a single climate model by varying initial
conditions and with same external forcing. Each member in SMILE is
applied with different initial conditions, which creates diverging climate
trajectories (Maher et al., 2021). A SMILE provides a large sample of
extreme events under many different climate conditions, which allows
us to statistically quantify the role of climate variability on extreme
events (Schaller et al., 2018). SMILE has been widely used to analyse the
effects of climate variability on extreme events and has been identified
as a reliable tool for this type of assessment (Reddy et al., 2021c). Our
analysis quantifies the effects of recent observed warming on CDHWs in
Australia and will help to improve our understanding of the climate
drivers of Australian CDHWs.

2. Data and methods
2.1. Data

We used monthly rainfall and daily maximum and minimum tem-
perature of the Australian Gridded Climate Data (AGCD)/Australian
Water Availability Project (AWAP) gridded dataset covering the
Australian continent for the period from 1910 to 2020 (Jones et al.,
2009). It is constructed by applying the complex gridding procedure on
Australia’s available quality-controlled station data (Jones et al., 2009).
We performed our analysis using the 0.25° x 0.25° resolution data
instead of 0.05° x 0.05° fine resolution data to comply with computa-
tional limitations. Previous studies have suggested that this reduction in
grid resolution did not influence the magnitude and spatial trend pattern
of heatwaves (Perkins and Alexander, 2013). The AGCD/AWAP dataset
has been extensively used for studying droughts (Gallant et al., 2013)
and heatwaves (Herold et al., 2016; Reddy et al., 2021b; Perkins et al.,
2015) in Australia. To ensure optimal data coverage with a dense station
network, which for AGCD/AWAP was realised in 1957 (Herold et al.,
2016; Jones et al., 2009), we only use data from 1958 to 2020, i.e.,
November 1958 to March 2020. We have masked the regions of less
dense station network with no nearest station (<2° radius) containing at
least 90% of non-missing monthly rainfall data during the period
1958-2020. The station locations are extracted from the AGCD/AWAP
station network.

Monthly sea surface temperature (SST) observations for the identi-
fication of climate modes, i.e., ENSO and IOD indices, over the same
time period is obtained from the Hadley Centre Global Sea Ice and Sea
Surface Temperature (HadISST v1.1) dataset (Rayner et al., 2003). This
dataset provides a small sample of co-occurring phases of ENSO and I0D
(Reddy et al., 2021c). Hence, we complemented the HadISST dataset
with monthly SST, daily maximum and minimum temperature, monthly
rainfall, and monthly sensible and latent heat fluxes data from the
CMIP6 SMILEs (CNRM-CM6-1 and CanESMS5) historical experiment for
the period 1958-2014. A SMILE provides a larger sample of the seasons
of different co-occurring modes of ENSO and IOD compared to obser-
vations, which allows for robust quantification of their influence on
extreme events (Reddy et al., 2021c). We use the SMILEs instead of a
multi-model ensemble with a single or a few members from each model
for two reasons. One is that SMILE provides a large sample of extreme
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events under many different climate conditions, which a multi-model
ensemble cannot. The other is that the multi-model ensemble contains
the mixture of structural uncertainty (i.e., model-specific uncertainties)
and uncertainty from internal variability, where SMILE can address both
separately (Maher et al., 2021; Wood et al., 2021).

We used the data from the CNRM-CM6-1 SMILE (r(1-30)ilp1f2)
(Voldoire et al., 2019) but excluded the r2i1p1f2 and r25i1p1f2 mem-
bers data because of previously defined large errors in heatwave
calculation (Reddy et al., 2021c). The CNRM-CM6-1 SMILE reproduced
observed climatology and probability distributions of extreme Austra-
lian temperatures well compared to other CMIP6 SMILEs during the
historical period (1950-2014) (Deng et al., 2021). However, previous
studies showed that the estimates of climate variability differ among
various SMILEs (Deng et al., 2021; Lehner et al., 2020; Maher et al.,
2020). Hence, in addition to CNRM-CM6-1, we used the CanESM5
SMILE (Swart et al., 2019) r(1-25)i1p1f1 data to perform the complete
analysis, which increases the confidence of our results. We have used the
CanESM5 SMILE because Deng et al. (2021) showed that next to
CNRM-CM6-1, CanESM5 SMILE reasonably represented the distribu-
tions and climatology of extreme temperatures in Australia.

2.2. Defining compound drought and heatwaves (CDHWs)

2.2.1. Heatwave definition

We use the definition of heatwaves introduced by Perkins and
Alexander (2013) based on the excess heat factor (EHF) (Nairn and
Fawecett, 2013). As such, we define a heatwave as a period of three or
more successive days with an EHF value greater than zero. A heatwave is
considered continued until two consecutive days have zero or below
zero EHF values (Reddy et al., 2021c). This definition overcomes the
limitation of consecutive day criteria by allowing a break of a normal or
non-heatwave day and enables us to estimate the actual length of the
heatwave containing minor breaks of normal or non-heatwave days in
its duration (Baldwin et al., 2019; Rastogi et al., 2020). This definition
has been proven useful and has been widely used in previous studies
(Baldwin et al., 2019; Rastogi et al., 2020). We calculate EHF according
to Reddy et al. (2021b) as follows:

(Tmax + Tonin)

T= 1
) (€]
T, + T, T;_
EHl;, = %71+'2) — Ty 2)
EHI. — (Ti+Ti+Tin)  (Tis+ ...+ Tis) 3)
acc — 3 30
EHF = EHI;, x max(EHl,. , 1) 4)

where Ty and T, are the daily maximum and minimum near-surface
air temperatures, respectively. T; is the daily mean temperature on the
ith day and Ty is the climatological 90th percentile temperature of this
day relative to a selected base period (here 1961-90). The same base
period is considered for both the observations and model data. EHI;;; and
EHI, are the significance and the acclimatisation excess heat indices,
respectively.

2.2.2. Drought definition

We define drought at a monthly timescale using the Standardised
Precipitation Index (SPI (Mckee et al., 1993);). SPI is based on cumu-
lative precipitation time series that are fitted to a gamma distribution,
with the SPI being the number of standard deviations the cumulative
precipitation deviates from the climatological mean (Mckee et al.,
1993). As such, the SPI is independent of temperature, which makes it a
widely used drought metric for the investigation of the compound na-
ture of CDHW events (Geirinhas et al., 2021; lonita et al., 2021; Kong
et al., 2020; Mazdiyasni and AghaKouchak, 2015; Vogel et al., 2021).
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SPI can be calculated at various monthly timescales (e.g., 3-, 6-, 9-,
12-, 24- and 48-month scales), signifying the length of time over which
accumulated precipitation is calculated (Mckee et al., 1993). The shorter
timescale (e.g., 3-month) SPI represents soil moisture conditions,
whereas long timescales (12-, 24- and 48-month) indicate groundwater
and water storage levels (i.e., hydrological drought conditions) (Gue-
nang and Mkankam Kamga, 2014; Spinoni et al., 2014; Vogel et al.,
2021; WMO, 2012). We considered a meteorological drought to occur in
each month with an associated 3-month SPI (SPI-3) value below or equal
to two thresholds, namely —0.5 (mild drought) and —1 (moderate
drought). Many previous studies have also considered SPI-3 < —0.5 or <
—1 as drought thresholds in defining CDHWs (Geirinhas et al., 2021;
Tonita et al., 2021; Wu et al., 2021). While these SPI thresholds indicate
relatively mild drought conditions, the compounding effect together
with extreme heat, can still cause severe impacts as commonly seen
during compound events (Seneviratne et al., 2012).

2.2.3. Definition of compounding dry and heatwave events

A CDHW event is defined as the period of a heatwave that
commenced during a month of drought. This CDHW definition considers
the ongoing effects of drought on the development of heatwaves and
accommodates the different timescales of both extremes. It has been
effectively applied to other regions in recent studies (Shi et al., 2021).
According to this definition, heatwaves that started during a month of no
drought conditions and extended into a month of drought are not
considered as CDHWs and instead identified as only heatwave events
(Shi et al., 2021).

2.3. CDHW metrics

CDHW events can be characterised using various metrics, including
frequency, duration, severity (Mukherjee and Mishra, 2021), and
amplitude (Table 1).

We analyse these CDHW metrics for the extended summer season
(NDJFM) during the period 1958-2020 using the AWAP data across
Australia. We split this period into two separate periods, 1958/
59-1988/89 (past period) and 1989,/90-2019/20 (current period) and
assess changes in the different CDHW metrics (not detrended). The
statistical significance of changes of CDHW metrics between these two
periods is assessed with the non-parametric permutation test. The per-
mutation test is distribution independent and can be used to test the
significance of non-normally distributed CDHW metrics data (DelSole
et al., 2017; Singh et al., 2021). We considered the significance level as
0.05 and set the permutations to 10,000 times (further information is
provided in Sec. 2.6) (Singh et al., 2021).

2.4. Evaluation of CNRM-CM6-1 and CanESM5 SMILEs

To evaluate the CNRM-CM6-1 and CanESM5 SMILE’s ability in
simulating the CDHWs over Australia, we compared the ensemble mean

Table 1
Definition of CDHW metrics and their abbreviations used in this study.
CDHW Abbreviation  Description Units
metric
Frequency CDHWF Total number of CDHW days in a season ~ Days/
season
Duration CDHWD Duration of the longest CDHW event in ~ Days/
a season season
Daily magnitude of COHW = (— 2-SPI;)-EHF; °c?
i = day;j = corresponding month
Amplitude CDHWA Maximum magnitude reached by the °c%/
intense CDHW event on a particular day ~ season
in a season.
Severity CDHWS The seasonal sum of magnitude across °c%/

all CDHW days season
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of CDHW metrics in SMILEs with the observational gridded data during
the period 1958/59-2013/14. For the comparison, we calculated the
model’s bias in simulating CDHWs as the difference between the
ensemble mean of SMILE’s and the re-gridded observations. The
observational data is re-gridded to the respective model’s resolution
(CNRM-CM6-1 - 1.4008° x 1.40625° and CanESM5 - 2.7906° x
2.8125°) using the bilinear interpolation technique. Further, we eval-
uate each SMILE’s ability in capturing the observed variability in
CDHWs over Australia during the period 1958/59-2013/14 by consid-
ering the evaluation framework followed by Maher et al. (2019), Reddy
et al. (2021c), Suarez-Gutierrez et al. (2020), and Wood et al. (2021). In
this framework, the observed anomalies of CDOHW metrics are compared
with the anomalies of each SMILE member. The anomalies are calcu-
lated with respect to the selected reference period 1961-90. By
following this method, we considered each SMILE to be underestimating
the observed variability if more than 15% of observed anomalies fall
outside the whole ensemble range (0 - 100th percentile) (Fig. 1 (a)). A

a) Underestimated variability
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SMILE is considered as overestimating the observed variability only if
more than 85% of observed anomalies lie inside the central 75th
percentile range (12.5th - 87.5th percentile) of the ensemble and less
than or equal to 15% observed anomalies lie inside the ensemble range
(Fig. 1 (b)). Each SMILE is considered to be exhibiting a satisfactory bias
with the observations in representing the variability when more than or
equal to 85% of observed anomalies are within the ensemble range (not
underestimating variability) and less than or equal to 85% in the central
75th percentile range of the ensemble (not overestimating variability)
(Fig. 1 ().

2.5. ENSO and IOD

We linearly detrend the SST data used to calculate the ENSO and IOD
indices to remove the global warming signal. We quantified ENSO using
the Nino3.4 index (Trenberth, 1997), which is calculated as the average
of SST anomalies (relative to the period 1961-90) over the region

Fig. 1. An example of time series of CDOHWF
anomalies relative to 1961-90 using CNRM-
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5°N-5°S, 170°W-120°W. ENSO strength is highly correlated with
heatwave characteristics over Australia (Perkins et al., 2015). Hence, to
include the influence of ENSO strength variations on Australian CDHWs,
we categorised ENSO according to Casselman et al. (2021) and Reddy
et al. (2021c) into moderate and strong events, expressed in equation

(5.

strong El Nino , Nino3.4 > lo
moderate El Nino , 0.56 < Nino3.4 < lo
neutral, —0.5¢ < Nino3.4 < 0.50 5)
moderate La Nina , —0.56 > Nino3.4 > —lo
strong La Nina , Nino3.4 < —lo

ENSO phase =

We use the dipole mode index (DMI) as a measure for the IOD (Saji
et al., 1999). The DMI is calculated as the difference in SST anomalies
(relative to 1961-90) between the west tropical Indian Ocean
(50°E—70°E, 10°S-10°N), and southeast tropical Indian Ocean
(90°E—110°E, 10°S-0°N). Like ENSO, we categorised the IOD as mod-
erate and strong events to accommodate the variations of IOD’s strength
in our study (see eq. (6)).

strong 10D positive , DMI > 1o
moderate 10D positive , 0.56 < DMI < lo
neutral , —0.56 < DMI < 0.5¢ 6)
moderate 10D negative , —0.5¢ > DMI > —lo
strong 10D negative , DMI < —1o

10D phase =

We combined the co-occurrences of ENSO and IOD using their
respective classified phases (see egs. (5) and (6)), which resulted in a
total of 25 phase groups (5 x 5) (see Table 2). For example, a moderate
El Nino season is defined as a season with ENSO in the moderate El Nino
phase (— 0.5¢ < Nino3.4 < 0.5¢) and IOD in the neutral phase ( —
0.50 < DMI < 0.50). A detailed list of all possible combinations is
presented in Table 2.

2.6. Approach

To study the combined role of ENSO and IOD on CDHWs, the com-
posite mean difference of CDHW metrics is calculated between the co-
occurring phases of ENSO and IOD and the neutral ENSO and neutral
IOD conditions. The significance of the composite mean difference is
assessed using the non-parametric permutation test (Good, 2013). The
permutation test can be applied to both continuous and categorical data
(Good, 2013). The permutation test has been widely used to test the
statistical significance of composite analysis (Reddy et al., 2021c; Singh
etal., 2021, 2022). In this test, the first step is to calculate the difference
in the means of two original distributions (for example p and q of sizes x

Table 2

Total 25 co-occurring phases of ENSO and IOD and the number of their occur-
rence in observations (1958-2020), CNRM-CM6-1 and CanESM5 SMILEs
(1958-2014) (Reddy et al., 2021c). Note that the event numbers for both climate
models are totals over all ensemble members. The data is shown as follows
‘observations {CNRM-CM6-1} [CanESMS5]’. The total number of extended
summers examined for the observations, CNRM-CM6-1, and CanESM5 SMILEs
are 63, 1596, and 1425.

Phase:- Strong Moderate Neutral Moderate Strong
ENSO- IOD | La Nina La Nina El Nino El Nino
Strong 2 {118} 2 {84} 4 {103} 0 {16} 0 {5} [7]
10D [28] [19] [60] [15]
negative
Moderate 4 {41} 1 {36} 4 {67} 1{23} 0 {8}
10D [34] [35] [110] [36] [38]
negative
Neutral 2 {64} 6 {50} 9 {169} 6 {83} 3 {61}
[76] [84] [241] [118] [114]
Moderate 1 {28} 1 {29} 2 {127} 1 {76} 1 {120}
10D positive [16] [19] [50] [33] [59]
Strong 0 {6} 1{13} 1{85} 4 {59} 6 {97}

10D positive [19] [23] [84] [22] [60]
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and y, respectively). The second step is to randomly generate the two
new distributions (of sizes x and y, respectively) from the combined
permuted sample of the two original distributions (p and q) and recal-
culate the difference in the means of these distributions. The third step is
to reiterate the second step for 10,000 times to get a distribution of the
mean difference values. If the difference in the means of two original
distributions is higher (lower) than the 95th (5th) percentile of the
randomly generated distribution of the mean difference values, then
that is considered as significantly different.

We use the evaporative fraction (EF) to assess the land surface con-
ditions during the combinations of ENSO and IOD phases. EF represents
the division of available energy between sensible and latent heat. EF is
used as a proxy for soil moisture, with low EF values indicating dry
conditions and high EF values indicating moist conditions (Donat et al.,
2017). However, daily net radiation and meteorological conditions can
regulate the soil moisture - EF relationship (Ford et al., 2014). EF is
calculated using the US National Oceanic and Atmospheric Adminis-
tration (NOAA) - Cooperative Institute for Research in Environmental
Sciences (CIRES) Twentieth Century Reanalysis (20CR) version 2c data
(Compo et al., 2011), CNRM-CM6-1 and CanESM5 SMILEs data as
follows:

Qé’

EF =——
Qe + Qh

@)

where Q, and Q, are the monthly latent and sensible heat fluxes. EF
values beyond 0-1 range are not considered for the analysis. The
average extended summer EF values are used to calculate the composite
differences between combinations of ENSO and IOD phases and the
neutral phase.

3. Results
3.1. Observed changes in CDHWs across Australia

The changes of CDHW metrics during the recent period (1989/
90-2019/20) compared to the past period (1958/59-1988/89) over
Australia were calculated for both drought thresholds (i.e., SPI-3 < —0.5
and SPI-3 < —1) and are presented in Fig. 2. Both thresholds show a
similar spatial pattern of significant changes in CDHW metrics. How-
ever, CDHW using the lower drought threshold (SPI-3 < —0.5) show
more widespread positive changes in the CDHW metrics than the
CDHWs using the stricter threshold of moderate drought (SPI-3 < —1).
Overall, the results show that all four CDHW metrics considered here
have increased in the recent period compared to the past, particularly in
east Australia (Fig. 2). For example, CDHW frequency (CDHWF) has
largely increased by 3-5 days/season under warmer climate conditions
(Fig. 2 (a and e)). Large statistically significant changes can be found in
the east and, for CDHWs with SPI-3 < —0.5, the central west of the
country. However, we are not confident about the changes in the central
west region given the proximity of masked regions with low station
density. Similar statistically significant changes are produced for event
duration with changes of 1.5-2.5 days/season (Fig. 2 (b and f)). Neither
of the two metrics of CDHW using the lower drought threshold shows a
decrease under recent conditions, particularly in eastern Australia. In
contrast, CDOHW amplitude and severity show several regions with non-
significant decreases, closer to the central east of the continent. The
statistically significant changes are located in the east of Australia and
show increases of 10-12 °C2/season for amplitude, and 75-85 °C%/
season for severity (Fig. 2 (e-h)). At the same time, these fall within the
same regions as the increases in frequency and duration. This suggests
that the regions that experienced more frequent occurrences of CDHWSs
in the recent period compared to the past also experienced an increase in
prolonged and severe CDHWs.
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(refer to Sec.2.1).

3.2. Evaluating CDHWs mean and variability in the CNRM-CM6-1 and
CanESM5 SMILEs

The evaluation of CNRM-CM6-1’s skill in simulating observed CDHW
metrics and their estimated variability over Australia is presented in
Fig. 3. In general, CNRM-CM6-1 is able to capture the observed spatial
patterns of the CDHW metrics over Australia reasonably well (see in
Fig. 3 (a-h)). However, CNRM-CM6-1 shows a positive bias in all metrics
across Australia’s northern and eastern regions (Fig. 3 (a-h)). We also
find that more than 85% of observed anomalies of CDHWF and CDHWD
(CDHWA and CDHWS) clustered inside the 75th percentile range of
CNRM-CM6-1 over the eastern and southwestern (eastern and northern)
regions of Australia, indicating that simulated variability of respective
CDHW metrics is slightly overestimated in those regions (see in Fig. 3
(i-1)). However, results also show that observations occur within the
ensemble spread over most of the regions in Australia except central and
southern parts (see in Fig. 3 (i-1)). In central and southern Australian
regions, particularly CDHWA and CDHWS observed anomalies are
outside the ensemble spread for more than 15% of the time (see in Fig. 3
(k and 1)). This highlights that CNRM-CM6-1 may underestimate the
variability in CDHWA and CDHWS over those regions. Overall, the
evaluation of CNRM-CM6-1 suggests that the model simulated the
observed CDHWs variability adequately over most regions of Australia.
These results are consistent over the two different CDHW drought
thresholds (not shown).

The same analysis for CanESM5 reveals similar biases as the CNRM
ensemble (Supplementary Fig. S1). However, the positive biases in
CanESM5 for all CDHW metrics are greater in magnitude and more
widespread than those in CNRM-CM6-1 (Supplementary fig. S1 (a-h)).
Further, CanESM5 overestimates the variability of all CDHW metrics
compared to observations over most parts of Australia (Supplementary
fig. S1 (i-1)). Overall, the substantial positive biases of all CDHW metrics
and the overestimation of their variability by CanESM5 highlights the
risk of overestimating CDHW metrics response to both external forcing
and internal variability across Australia. This suggests the risk of over-
estimation of the magnitude of CDHW composites over Australia using
the CanESM5 model.

3.3. The combined influence of ENSO and IOD on CDHW:s in Australia

3.3.1. Composite differences in CDHW metrics

We use composites to investigate the combined influence of ENSO
and IOD on Australian CDHWs. The composite differences of CDHW
metrics (Table 1) during the respective co-occurring phases of ENSO and
10D relative to the neutral phase are computed. Detrending the CDHW
metrics had a minimal effect on the results. For the purposes of this
study, we only show the results obtained without removing the trend
from CDHW metrics data. We only present results for COHWs with a
drought threshold of SPI-3 < —0.5 as modelled by the CNRM-CM6-1
(Figs. 4 and 5) and CanESM5 (Supplementary Figs. S2-S3) SMILEs.
Results for CDHWSs using SPI-3 < —1 are similar to these results with
slightly lower values but the same spatial patterns (not shown). We have
not shown the results of El Nino with IOD negative and La Nina with IOD
positive combinations because these phases have occurred only a few
instances in both SMILEs and very rarely in the observed period
(Table 2).

The total number of CDHW days in a season (CDHWF) is largely
influenced by ENSO with the lower CDHWF values during strong La
Nina phases and higher during the strong El Nino phases in both SMILEs
(CNRM-CM6-1 and CanESM5) compared to the neutral phase (compare
the Fig. 4 (g) with 4 (k) and Supplementary Fig. S2 (g) with S2 (k),
respectively). In contrast, CNRM-CM6-1 results show that the IOD is
exhibiting a negligible impact with no statistically significant anomalies
in CDHWF during both the positive and negative phases of the 10D
(notice the lack of shading in Fig. 4 (¢ and o0)). However, CanESM5
suggests that the IOD has a moderate effect on CDOHWF with an overall
increase during the positive phase of IOD, while the negative phase in-
duces weak negative CDHWF anomalies (Supplementary Fig. S2 (¢ and
0)). CanESM5 shows greater composite differences of CDHWF than
CNRM-CM6-1 during co-occurring phases of El Nino and IOD positive.
This might be due to the overestimation of CDHW metrics and their
variability by CanESM5.

Overall, statistically significant positive anomalies in CDHWF are
seen during the strong El Nino phase in isolation and also its co-
occurrence with positive IOD phases (moderate and strong) over
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this article.)

Australia compared to the neutral phase in both SMILEs (CNRM-CM6-1
and CanESM5) (see Fig. 4 (k, n, and q) and Supplementary Fig. S2 (k, n,
and q)). This highlights the dominance of ENSO on changes in CDHWF.
Moreover, CNRM-CM6-1 shows that the average increases in CDHWF
are highest (of about six days/season compared to neutral conditions)
during the strong El Nino phase over northern and northeast Australia
(Fig. 4 (k)). However, more widespread increases (compared to the
neutral conditions) are seen across northern, southern, and eastern
Australia during the concurrence of strong El Nino with positive IOD
phases than strong El Nino alone (Fig. 4 (n) and (q)). In contrast, Can-
ESMS5 results suggest that both the highest (of about eight days/season
compared to neutral conditions) and more widespread increases in
CDHWEF over much of Australia are seen during the concurrent strong El
Nino and strong positive IOD phase (Supplementary Fig. S2). Strong La
Nina produce comparable negative anomalies in both the SMILEs, while
these anomalies are seen over much of Australia in CanESM5 and are
only limited to the northwest, northern subtropical and tropical regions
of Australia in CNRM-CM6-1.

Similar results are found for the CDHW duration (not shown). Again,
strong La Nina generates negative anomalies compared to neutral, while
strong El Nino and its associated positive IOD phases cause increases (of
about three days/season in CNRM-CM6-1 and 3-4 days/season in Can-
ESM5) in CDHWD in both the SMILEs. The amplitude and severity of
CDHWs exhibit very similar spatial patterns of statistically significant
anomalies (CDHWA results are not shown), mostly comparable with the
CDHWEF results. However, the CDHWS show statistically significantly
stronger positive anomalies over the north, northeast, and eastern parts
of Australia — similar to CDOHWF — and also widespread across southeast
and southern regions during the concurrence of strong El Nino with
positive IOD phases in CNRM-CM6-1 (Fig. 5). Similarly, CanESM5 re-
sults show that positive CDHWS anomalies are stronger over much of the
country, particularly during the concurrent strong El Nino and strong
positive 10D phase compared to neutral conditions (Supplementary
Fig. S3).
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3.3.2. Variability

After assessing the influence of different ENSO and IOD phases in the
mean of CDHW metrics, this section assesses the spread in CDHW met-
rics during the same conditions. For this, we focus on the variability of
the CDHW metrics (CDHWF and CDHWS) under the ENSO and IOD
phases (Figs. 6 and 7 and Supplementary Figs. S4-S5). We calculate
variability as the difference between 90th and 10th percentile values of
CDHWF during the corresponding co-occurring phases of ENSO and IOD
(CNRM-CM6-1 data in Fig. 6 and CanESM5 data in Supplementary
Fig. S4). We choose this range (10-90th percentile) as it excludes the
outliers and provides a meaningful estimate of spread for both normal
and non-normal distributions. Similar to CDHWF, the variabilities of
CDHWS during the co-occurring phases of ENSO and IOD using CNRM-
CM6-1 data are presented in Fig. 7, and CanESM5 data are shown in
Supplementary Fig. S5, respectively.

CDHWEF values show substantial variability during the strong El Nino
phase and in its concurrence with positive IOD phases, with variability
being highest (of about 30 days/season in CNRM-CM6-1 and 40 days/
season in CanESM5) in the north of Australia and decreasing when
moving further to the south in both SMILEs (see Fig. 6 (k, n, and q) and
Supplementary Fig. S4 (k, n, and q)). During these phases, the regions
with the large variability in CDHWF also experience strong increases on
average (Fig. 4 (k, n, and q) and Supplementary Fig. S2 (k, n, and q)).
This means that during strong El Nino and associated positive 10D
phases, the mean values of CDHWF are higher than the neutral condi-
tions even when the CDHWF is highly variable, specifically over the
north, northeast, and eastern parts of Australia. This suggests that during
strong El Nino and concurrence of strong El Nino with positive IOD
phases, seasons with a few CDHW days can also occur.

Variability during La Nina phases is lower (by about 10 days/season
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Fig. 5. Same as Fig. 4 but for COHWS.

in CNRM-CM6-1 and 20 days/season in CanESM5) compared to the
neutral conditions, decreasing with the strength of the La Nina event
across much of Australia in both SMILEs (see Fig. 6 (g and h) and Sup-
plementary Fig. S4 (g and h)). During the strong La Nina phase, many
parts of Australia show lower mean and variability in CDHWF than
neutral phase. This suggests that during strong La Nina phases, seasons
with fewer CDHW days are highly likely compared to the neutral con-
ditions. Similar results are found for the CDHWD (not shown). The
spatial patterns of variability results are found to be similar among
CDHWA (not shown) and CDHWS (Fig. 7). Variability of CDHWS on the
other hand is highest in the south of Australia (particularly southeast)
and decreases when moving northwards during strong El Nino events
occurring in isolation or jointly with positive IOD phases in both SMILEs
(Fig. 7 (k), (n), and (q) and Supplementary Fig. S5 (k), (n), and (q)).

3.3.3. Influence on the occurrence of extreme CDHW seasons

Fig. 8 shows the return period of a season with a CDHWF greater than
the 90th percentile of the CDHWF during the neutral phase (hereafter
“extreme CDHWEF season”) for various ENSO and IOD phases using

CNRM-CM6-1 SMILE (with CanESM5 shown in Supplementary Fig. S6).
We calculate the return period as an inverse of the probability of
occurrence of an extreme CDHWEF season. Similarly, the return period of
extreme CDHWS seasons during the various phases of ENSO and 10D
using CNRM-CM6-1 data are presented in Fig. 9, and CanESM5 data are
shown in the Supplementary Fig. S7, respectively. Extreme CDHWF
seasons are most likely with return periods below two seasons during
strong El Nino phases, with the co-occurrence of positive IOD phases
(Fig. 8 and Supplementary Fig. S6). This means that during these phases
on average for every two seasons there is a chance for the occurrence of
extreme CDHWF season. CNRM-CM6-1 results show that during the
strong El Nino and concurrence of strong El Nino with positive IOD
phases, extreme CDHWF seasons are particularly likely with return pe-
riods below two seasons over northeast Australia (Fig. 8 (k, n, and q)).
However, CanESM5 suggests that extreme CDHWF seasons are highly
likely with return periods below one season over much of Australia,
particularly during the co-occurring strong El Nino and strong positive
10D phase (Supplementary Fig. S6 (q)).

Extreme CDHWF seasons are less likely during strong La Nina
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seasons, particularly with the co-occurrence of negative I0D phases. For
example, CNRM-CM6-1 results suggest that the strong La Nina phase
show no occurrences of extreme CDHWF seasons across northeast
Australia and the longest return periods (>25 seasons) over much of
Australia are seen during the co-occurring strong La Nina and strong IOD
negative phase (Fig. 8 (a and g)). CanESM5 shows longest return periods
(>25 seasons) during the strong La Nina phase and no occurrences of
extreme CDHWF seasons during the co-occurring strong La Nina and
strong IOD negative phase over much of Australia (Supplementary
Figs. S6(a and g)). These CDHWF results are very similar to CDHWD (not
shown) and partly comparable with CDHWA (not shown) and CDHWS
(Fig. 9 and Supplementary Fig. S7). However, other than for extreme
CDHWEF, extreme CDHWS seasons show return periods below two sea-
sons over south-eastern Australia in CNRM-CM6-1, particularly during
the concurrence of El Nino seasons with the positive phases of 10D
(Fig. 9 (n and q)). While CanESMS5 shows a return period of one season
over much of Australia during the co-occurring strong El Nino and
strong IOD positive phase (Supplementary Fig. S7 (q)).

10

3.3.4. Land surface conditions

Our results suggest that CDHW characteristics are strongly influ-
enced during the strong El Nino, the concurrence of strong El Nino with
both the moderate and strong positive IOD, and strong La Nina phases
compared to the neutral conditions (Figs. 4-9). Many previous studies
suggest that land surface conditions play a critical role in affecting the
droughts and heatwaves in Australia (Herold et al., 2016; Hirsch et al.,
2019; Holgate et al., 2020; Perkins et al., 2015). The response of land
surface conditions to strong El Nino, the concurrence of strong El Nino
with both the moderate and strong positive IOD, and strong La Nina
phases might have influenced the CDHW activity. To examine this, we
have analysed the composite differences of evaporative fraction (EF)
between these phases and the neutral phase (CNRM-CM6-1 data in
Fig. 10 and CanESMS5 data in Supplementary Fig. S9). Detrending the EF
had a minimal effect on the results. For the purposes of this study, we
only show the results obtained without removing the trend from EF data.
The evaluation of the CNRM-CM6-1 and CanESM5 model’s skill in
simulating EF over Australia is presented in Supplementary Fig. S8. In
comparison with EF climatology of 20CR data, CNRM-CM6-1 is able to
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Fig. 7. Same as Fig. 6 but for COHWS.

capture the spatial variations of the EF over Australia reasonably well
(see Supplementary Fig. S8 (a and b)). However, CNRM-CM6-1 shows
positive biases in EF, particularly across central Australian regions
(Supplementary Fig. S8 (a and b)). The positive biases in EF can induce
the risk of underestimating the positive land-atmosphere feedback
mechanisms, thus leading to underestimating average CDHW condi-
tions. The CanESM5 model shows negative biases in EF over Australia’s
northern and eastern coastal regions, which suggests the overestimation
of positive land-atmosphere coupling and the exacerbation of CDHW
conditions in those regions (Supplementary Fig. S8 (c)).

The statistically significant lower EF values are seen during the
strong El Nino phase compared to the neutral, particularly over Aus-
tralia’s eastern and northeastern coasts in the CNRM-CM6-1 (Fig. 10 (a))
and over much of Australia except the northern region in the CanESM5
(Supplementary Fig. 9 (a)). These low EF values are seen over the
northeastern and southeastern Australia during concurrent strong El
Nino and moderate IOD positive and are widespread over the northern,
northeast, and southeast Australia during the co-occurring strong El
Nino and strong IOD positive phase in the CNRM-CM6-1 (Fig. 10 (b and
c)). However, CanESM5 shows statistically significant low EF values

11

over much of Australia during the co-occurring strong El Nino and
strong 10D positive phase, particularly with greater negative anomalies
over northeastern and southeastern Australia (Supplementary Fig. 9
(c)). The regions that show statistically significant low EF values during
the strong El Nino, the concurrence of strong El Nino with positive IOD
phases (Fig. 10 (a—c)) also exhibit statistically significant high CDHW
characteristics (particularly severity) in those phases, respectively
(Figs. 4 and 5 (k, n, and q)). The low EF values indicate the dry land
surface conditions and an increase in the rate of atmosphere warming by
the land surface (Gibson et al., 2017; Loughran et al., 2019). In contrast,
the statistically significant higher EF values are seen whole over
Australia except the western region during the strong La Nina phase
compared to the neutral phase in both the SMILEs (Fig. 10 (d) and
Supplementary Fig. S9 (d)). The greater EF values are seen particularly
across northeast and northern regions during the strong La Nina phase,
and in these regions, statistically significant low CDHW characteristics
(mainly frequency) (Fig. 4 (g)) and no occurrences of extreme CDHW
season are also observed (Figs. 8 and 9 (g)).
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4. Discussion and conclusions

This study, for the first time, quantified observed changes in CDHW
characteristics over Australia in the extended summer under past
warming conditions. Our results show that CDHW events are occurring
more frequently and become longer and more severe under warmer
conditions, particularly over eastern Australia (Fig. 2). These observa-
tional results can contain biases which could have occurred during the
gridding process of station data in producing a gridded dataset (Jones
et al., 2009; Reddy et al., 2021b). However, AGCD/AWAP gridded data
is known to be a reliable dataset for Australia due to its high station
density and has been widely used in previous studies of temperature and
precipitation extremes (Gallant et al., 2013; Reddy et al., 2021b; Perkins
et al., 2015). Our qualitative results are therefore most likely to hold
using alternative observational datasets (like HadGHCND (Caesar et al.,
2006) and Berkeley Earth (Rohde et al., 2013) global observational
datasets).

To assess the impact of large-scale climate modes of variability on
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CDHW characteristics, we focused on ENSO and IOD and their combi-
nations for the historical period 1958-2014 in Australia using data from
the CMIP6 SMILEs project (CNRM-CM6-1 and CanESM5). Using climate
model data, our analysis suggests that results contain model-specific
biases. For instance, CNRM-CM6-1 shows positive biases in the magni-
tude of CDHW metrics across eastern parts of Australia and un-
derestimates their variability over southern parts (Fig. 3), while
CanESM5 overestimates the CDHW metrics and their variability over
many parts of Australia (Supplementary Fig. S1). These results are
consistent with previous studies, which showed that CanESM5 simu-
lated extreme temperatures that were hotter than CNRM-CM6-1 across
Australia (Deng et al., 2021). In terms of climate modes, CNRM-CM6-1
has satisfactorily reproduced tropical SSTs and their global tele-
connections (Voldoire et al.,, 2019). Previous studies showed that
CNRM-CM6-1 SMILE members simulated the extreme temperatures and
drought characteristics (duration and intensity) well within the range of
CMIP6 models over Australia (Deng et al., 2021; Ukkola et al., 2020).
The CanESM5 model has well represented the tropical SSTs but with
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slightly weaker ENSO teleconnections compared to HadISST observa-
tions (Swart et al., 2019). The CanESM5 model shows reasonable skill in
simulating the heatwave-drought compounds over Australia compared
to the CMIP6 multi-model mean, with positive biases over northern
Australia (Ridder et al., 2021). Overall, it is reasonable to assume that
our results could be reproduced by other climate models; however, this
requires further examination.

This study is the first to systematically quantify the association be-
tween co-occurring phases of ENSO and IOD and CDHW characteristics
of the extended summer season over Australia using the two CMIP6
SMILEs. Our results show that CDHWs are dominated mainly by ENSO,
with El Nino causing more frequent, prolonged, and severe events,
particularly over north and eastern Australia. La Nina has the opposite
effect, while the IOD has a smaller impact on CDHW characteristics. The
minimal impact of IOD could be because the focus is on the extended
summer season CDHW metrics and the IOD typically degenerates by
November. These results are in line with previous studies, which show
that El Nino has a significant favourable influence on the occurrence of
austral summer CDHWSs over Australia and southern Africa (Hao et al.,
2018; Mukherjee et al., 2020). Furthermore, our results show more
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frequent and intense CDHWs are widespread across much of Australia
except western Australia during the concurrence of strong El Nino with
positive phases of IOD than in strong El Nino phase (Figs. 4 and 5 (n and
q) and Supplementary Figs. S2-S3 (n and q)). This highlights the
importance of considering ENSO and IOD combinations rather than
understanding their influence independently on CDHWs in Australia.
Our results are consistent with previous studies, which showed that
concurrence of El Nino with the positive phase of IOD seasons are
associated with cool-season (June-October) drought conditions over
southeast Australia (Ummenhofer et al., 2011) and extended summer
large contiguous heatwaves (Reddy et al., 2021c) in Australia. More-
over, our results show that the regional influence of co-occurring strong
El Nino with moderate IOD positive and strong IOD positive phases is
not consistent across the frequency and severity of CDHWs. Even though
statistically significant increases in both CDHW frequency and severity
are seen across much of Australia during the co-occurrence of strong El
Nino with positive IOD phases, the strongest signal in the frequency of
CHDW s is seen particularly over the northern tropical and subtropical
regions (Fig. 4 (n and q)). In contrast, the strongest signal in CDHW
severity is seen mainly across southeast Australia during the
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concurrence of strong El Nino with positive IOD phases (Fig. 5 (n and
@)). This highlights the significance of considering various CDHW
characteristics in investigating their association with ENSO and IOD
combinations over Australia. Although strong El Nino and positive IOD
combinations are associated with widespread increases in CDHW char-
acteristics, the co-occurrence of negative IOD phases with strong La Nina
fails to similarly produce more widespread statistically significant sig-
nals (Figs. 4 and 5). This implies asymmetrical responses of CDHWs to
ENSO and IOD combinations. The ENSO-IOD asymmetrical impact on
CDHWs might be due to the stronger link of El Nino and IOD positive
combination than the La Nina and negative IOD (Cai et al., 2012), which
needs further investigation.

ENSO and IOD trigger the background atmospheric processes that
are favourable for the occurrence of frequent, persistent, and intense
heatwaves across Australia (Loughran et al., 2019; Perkins et al., 2015).
Land-atmosphere feedbacks and synoptic systems are the key back-
ground physical mechanisms that drive the coupling between droughts
and heatwaves (Miralles et al., 2019). The dry land surface conditions
with dominating surface sensible heat flux warm the near-surface at-
mosphere and favour the positive land-atmosphere feedback mechanism
(Alexander, 2011). The responsive land-atmosphere coupling further
dries the land surface and enhances heat accumulation in the
near-surface atmosphere. Previous studies have identified that
over-responsive land-atmosphere coupling amplifies the heatwaves and
droughts in Australia (Herold et al., 2016; Hirsch et al., 2019; Holgate
et al., 2020). However, the response of heatwaves to dry land surface
conditions varies regionally, such that northern Australian heatwaves

are more responsive to the local dry land surface, whereas heatwaves in
southern Australia are less responsive (Hirsch et al., 2019). The role of
local land surface conditions in influencing the droughts and heatwaves
is not limited to local regions but can impact the remote regions. For
example, Holgate et al. (2020) show that the land desiccation in the
northern regions of the Murray Darling basin amplifies the droughts in
the southern regions of the basin by the reduction in moisture transport;
this could result in the intensification of heatwave as well. The local dry
land surface conditions can trigger the formation of CDHWs locally and
in remote locations through the local and teleconnected
land-atmosphere feedbacks (Miralles et al., 2019).

Our results show that co-occurring strong El Nino and strong positive
10D phase is linked with statistically significant dry land surface con-
ditions across much of Australia except western Australia compared to
neutral conditions (Fig. 10 (b and c) and supplementary fig. S8 (b-c)).
Previous studies show that co-occurring strong El Nino with the strong
positive phase of IOD is associated with statistically significant high-
pressure anomalies over much of Australia compared to the neutral
conditions (Reddy et al., 2022). Gibson et al. (2017) identified that dry
land surface conditions in concurrence with the high-pressure circula-
tion features enhance the probability of heatwave occurrence over
Australia. Therefore, the dry land surface conditions and high-pressure
anomalies associated with co-occurring strong El Nino and strong pos-
itive IOD phase could have favoured the more widespread increases in
frequency and severity of CDHWs over much of Australia through the
local and teleconnected land-atmosphere feedbacks. However, a further
investigation on the role of land surface conditions and high-pressure
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circulations in influencing the CDHWSs over Australia is required. Future
studies can focus on the specific CDHW events for a deeper under-
standing of their background physical mechanisms, which is out of the
scope of the present study. During both the moderate and strong El Nino
and its associated positive IOD phases, the CDHW metrics are highly
variable, specifically the CHDWF over the northeast and the CDHWS
over the southeast of Australia (Figs. 6 and 7 (j, k, m, n, p, q)). This
variability might be occurred due to the diversifying influence of El Nino
event types (central Pacific El Nino and eastern Pacific El Nino) on
Australian rainfall (Freund et al., 2021), which needs further investi-
gation. This can be analysed by further separating El Nino into central
Pacific El Nino and eastern Pacific El Nino, which is outside the scope of
the present study.

In contrast to strong El Nino, our results show strong La Nina phase is
associated with the wet land surface conditions across most of Australia
except the western region, and in particular, more wetter conditions are
seen over northeast Australia (Fig. 10 (d) and Supplementary Fig. S9
(d)). These wet land surface conditions with dominating surface latent
heat flux promote cloud formation in the lower atmosphere and cool the
surface (Alexander, 2011). Previous studies suggested that
land-atmosphere feedbacks are overestimated by most of the climate
models (Ukkola et al., 2018), which may have influenced the frequency
and severity of CDHWs. However, previous observational studies
showed that extreme heatwave seasons are less likely to occur in
Australia during the wet land surface conditions (Herold et al., 2016;
Perkins et al., 2015). Our results broadly agree with these previous
studies and show no occurrences of extreme CDHW seasons during the
strong La Nina phase over northeast Australia (Figs. 8 and 9 (g)), where
the wet land surface conditions are seen (Fig. 10 (d)).

We focus on ENSO and IOD due to their predominant influence on
Australian precipitation and temperature extremes. Other modes of
climate variability, such as the Madden-Julian Oscillation (MJO), the
Southern Annular Mode (SAM), and the Interdecadal Pacific Oscillation
(IPO), also influence Australian temperature and precipitation extremes
and interact with ENSO and IOD (Dey et al., 2021; Loughran et al.,
2017a; Marshall et al., 2014, 2021). Future research could consider the
combinations of these other climate drivers and their combined impacts
on CDHWs in Australia. Recent studies show that two different El Nino
types, namely central Pacific El Nino and eastern Pacific El Nino, have
varying influences on the Australian rainfall (Freund et al., 2021; Wie-
dermann et al., 2021). In contrast, Loughran et al. (2017b) found that
there is no significant difference between the influence of two El Nino
types on Australian heatwaves. However, further research is required in
investigating the impacts of two El Nino types on CDHWs in Australia,
which may also consider the combinations of two El Nino types with
other modes of variability (such as IOD, MJO, SAM, and IPO). Never-
theless, our results can provide useful information in understanding the
large-scale climate drivers of Australian CDHWs and thus can help in
improving their seasonal scale predictability.

In this study, we have only considered meteorological droughts in
defining the CDHWSs. Recent studies showed that the ongoing meteo-
rological drought can rapidly intensify within a few weeks and can lead
to the formation of flash droughts or vice versa (Nguyen et al., 2019,
2021; Parker et al., 2021). Heatwaves can initiate flash droughts, and
then flash droughts can further amplify and prolong the heatwave
conditions (Christian et al., 2020; Parker et al., 2021). Identifying the
clear association between flash drought and heatwaves and linking their
compound occurrences with climate variability modes is important to
study because of their severe agricultural impacts (Parker et al., 2021),
but it is out of the scope of the present study. In the future, one can
consider separating the flash droughts from meteorological droughts
and can implement the present study’s approach in understanding their
driving mechanisms.

In conclusion, our results present information on climate variability
modes favouring CDHWs, which signify conditions that have the po-
tential to cause severe socio-economic and ecological impacts.
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Furthermore, our results show that east Australia is particularly
vulnerable to a worsening of CDHW conditions in a warming climate.
The eastern Australian seaboard is particularly important for the coun-
try’s economy and has the highest population numbers. As such, in-
creases in CDHW events over eastern Australia have significant
implications for the national economy (Horridge et al., 2005), crop yield
(Herold et al., 2018), labour productivity, and bushfire potential (Abram
etal., 2021; Reddy et al., 2021a). Therefore, our results are an important
step in preparing Australia for future hazardous conditions projected to
be aggravated under future warming.
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