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Abstract In light of the Paris Agreement, it is essential to identify regional impacts of half a degree
additional global warming to inform climate adaptation and mitigation strategies. We investigate
the eﬀects of 1.5∘ C and 2.0∘ C global warming above preindustrial conditions, relative to present day
(2006–2015), over the Asian-Australian monsoon region (AAMR) using ﬁve models from the Half a degree
Additional warming, Prognosis and Projected Impacts (HAPPI) project. There is considerable intermodel
variability in projected changes to mean climate and extreme events in 2.0∘ C and 1.5∘ C scenarios. There
is high conﬁdence in projected increases to mean and extreme surface temperatures over AAMR, as well
as more-frequent persistent daily temperature extremes over East Asia, Australia, and northern India
with an additional 0.5∘ C warming, which are likely to occur. Mean and extreme monsoon precipitation
amplify over AAMR, except over Australia at 1.5∘ C where there is uncertainty in the sign of the change.
Persistent daily extreme precipitation events are likely to become more frequent over parts of East Asia
and India with an additional 0.5∘ C warming. There is lower conﬁdence in projections of precipitation
change than in projections of surface temperature change. These results highlight the beneﬁts of limiting
the global-mean temperature change to 1.5∘ C above preindustrial, as the severity of the above eﬀects
increases with an extra 0.5∘ C warming.

Correspondence to:
A. Chevuturi, a.chevuturi@reading.ac.uk

Citation:
Chevuturi, A., Klingaman, N. P., Turner,
A. G., & Hannah, S. (2018). Projected
Changes in the Asian-Australian
Monsoon Region in 1.5∘ C and 2.0∘ C
Global-Warming Scenarios, Earth’s
Future, 6. https://doi.org/10.1002/
2017EF000734

Received 30 OCT 2017
Accepted 7 FEB 2018
Accepted article online 13 FEB 2018

© 2018 The Authors.
This is an open access article under
the terms of the Creative Commons
Attribution-NonCommercial-NoDerivs
License, which permits use and distribution in any medium, provided the
original work is properly cited, the use
is non-commercial and no modiﬁcations or adaptations are made.

CHEVUTURI ET AL.

1. Introduction
A majority of global and regional surface temperature increases in the 20th and 21st centuries can be
attributed to anthropogenic greenhouse gas (GHG) emissions (IPCC, 2014a). Further warming is projected
to cause substantial damage to natural and human systems, particularly in less-developed countries. In
2015, the conference of parties (COP) of the United Nations Framework Convention of Climate Change
(UNFCCC) concluded with the signing of the Paris Agreement. This agreement focused on strengthening
mitigation eﬀorts to limit the global temperature increase above preindustrial conditions to below 2∘ C,
and further to attempt to limit the temperature increase to 1.5∘ C (UNFCC, 2015). Regional variations in the
eﬀects of anthropogenic global warming—and consequently in the beneﬁts of limiting warming to particular thresholds—complicates geopolitical negotiations on targets for emissions and temperature thresholds
(Hallegatte et al., 2016; Hulme, 2016; IPCC, 2014b).
Most climate-change research on future projections has examined transient scenarios at periods when
global-mean warming substantially exceeds 2∘ C, to maximize the signal of climate change relative to internal variability, leaving little research focused on the merits of limiting warming to lower thresholds, such
as 1.5∘ C (James et al., 2017; Mitchell et al., 2016). To inform future climate negotiations, UNFCCC requested
a special report from the Intergovernmental Panel for Climate Change (IPCC) on the 1.5∘ C target, which
requires focused research on the eﬀects of global warming at 1.5∘ C versus 2∘ C or, more generally, on the
eﬀects of an additional 0.5∘ C warming (Rogelj & Knutti, 2016). Scientiﬁc research to quantify the regional
eﬀects of such climate targets may encourage country-level stakeholders to participate in climate negotiations and to enshrine long-term climate goals in public policy (James et al., 2014; Knutti et al., 2016;
Seneviratne et al., 2016).
Most projections of climate-change eﬀects at particular warming thresholds have used model output from
emission scenarios (e.g., the representative concentration pathways [RCPs] used for the Coupled Model
Intercomparison Project, phase 5 [CMIP5]), by averaging across decadal periods in the simulations with an
1
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average warming at the required threshold (King et al., 2017; Schleussner et al., 2015; Wang et al., 2017).
The short averaging period may not be able to link robustly the warming to changes in the mean climate,
due to the inﬂuence of internal variability, or capture the nonlinear response to global warming through
long-term feedbacks (James et al., 2017; Mitchell et al., 2016). Further complications include the presence
of a transient warming in the sampling period.
Thus, the Half a degree Additional warming, Prognosis and Projected Impacts (HAPPI) project proposed
a modeling approach to project the eﬀects of individual warming thresholds, using atmospheric general
circulation models (AGCMs), including uncertainties in projected patterns of temperature change and nonlinear responses (Mitchell et al., 2017). The HAPPI approach prescribes sea-surface temperatures (SSTs) and
sea ice to constrain simulated global-mean temperature, ensuring constant forcing through the simulation; large ensembles (often more than 100 ensemble members) are performed to quantify robustly the
responses of regional climate and weather to the small (0.5∘ C) diﬀerence between the 1.5∘ C and 2.0∘ C
scenarios (James et al., 2017; Rogelj et al., 2016). Key limitations of this method are that (1) it is diﬃcult to
separate model biases and projected changes (James et al., 2017), (2) the 10-year atmosphere-only simulations may not be an accurate representation of the current climate and its variability, and (3) the associated
model biases do not always lead to a precise future projection (Lewis et al., 2017).
We focus on the Asian-Australian monsoon region (AAMR) and its three major subregions: East Asia, India,
and Australia. This region is characterized by strong, large-scale monsoonal circulations, which directly
aﬀect more than 2 billion people, and indirectly aﬀect billions more through its teleconnections to the
global circulation. Many studies have analyzed the projected shifts in AAMR mean climate, temperature
trends, and spatial and temporal precipitation patterns associated with various emission scenarios (e.g., Hsu,
2016; Hsu et al., 2012; Lee & Wang, 2014; Sillmann et al., 2017; Sperber et al., 2013, 2017, Chapter 7; Wang
et al., 2014; Zhang, 2010). All emissions scenarios show very likely increases in surface temperature and frequency of temperature and precipitation extremes over AAMR (Hijioka et al., 2014, Chapter 24; Reisinger
et al., 2014). But compared to the East Asian and the Indian monsoon the projected increase of Australian
summer monsoon is lower (Wang et al., 2014), with larger uncertainties associated with rainfall variability
over Australia as compared to the other two regions (Brown et al., 2017).
Future projections using the emissions-scenario approach (e.g., RCPs from CMIP5) show increased monsoon
precipitation over South Asia and East Asia by the late 21st century, including increases in the frequency and
intensity of extreme precipitation events, with stronger increases in higher emission pathways (e.g., Brown
et al., 2017; Burke & Stott, 2017; Hijioka et al., 2014, Chapter 24; Jourdain et al., 2013; Kitoh et al., 2013; Menon
et al., 2013; Reisinger et al., 2014; Sperber et al., 2017, Chapter 7; Turner & Annamalai, 2012; Wang et al.,
2014). The enhanced mean monsoon over the tropics is connected to increased moisture availability due to
stronger evaporation from the Indian Ocean, Arabian Sea and Bay of Bengal (Lee & Wang, 2014; May, 2011),
which also enhances extreme precipitation (Allan & Soden, 2008). Future projections suggest increases in
the land-sea and Northern-Southern Hemisphere temperature contrasts: the former leads to increased precipitation over whole of AAMR due to the resulting increased sea-level pressure gradients (Wang et al.,
2014); the latter causes a northward shift in AAMR monsoon circulation, leading to enhanced rainfall over
South and East Asia and reduced rainfall over Australia (Cherchi et al., 2011; Hu et al., 2000; Menon et al.,
2013). The equatorial Paciﬁc mean SST response to warming may resemble El Niño, with greater warming
in the eastern Paciﬁc than in the western (e.g., Tokinaga et al., 2012), leading to anomalous subsidence over
Australia and reduced precipitation.
However, only a few studies have analyzed the eﬀects on the AAMR of particular global-mean temperature
targets of limiting the global warming to 1.5∘ C over preindustrial levels. Schleussner et al. (2015) estimated
the impacts of 1.5∘ C versus 2∘ C warming using CMIP5 outputs. They projected increased intensity and
duration of heat extremes throughout the tropics, and increased intensity in precipitation extremes over
South Asia in the 2∘ C scenario, among many other impacts. King et al. (2017) showed statistically signiﬁcant
increases in the likelihood of heat extremes over Australia in a 2.0∘ C scenario, relative to 1.5∘ C, using CMIP5
data, but found less-coherent changes in the frequency of precipitation extremes. These studies suggest
substantial eﬀects of a further 0.5∘ C of global-mean warming (Schleussner et al., 2015). Lewis et al. (2017)
used HAPPI projections to show that heat extremes in Australia may increase by twice the global-mean
warming; CMIP5 projections also show an increase in the occurrence of heat extremes.
CHEVUTURI ET AL.
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This study contributes to the evaluation of the eﬀects of 1.5∘ C and 2.0∘ C global-warming above preindustrial
conditions, focusing on the AAMR, based on HAPPI model experiments. We assess projected changes over
the AAMR and its subregions in the two future scenarios by (1) evaluating the shifts in the mean climate
(for temperature, precipitation, and circulation) and (2) identifying changes in the intensity, frequency, and
persistence of temperature and precipitation extremes. In Section 2, we describe the datasets used (Section
2.1), the study region (Section 2.2) and our analysis method (Section 2.3). Section 3 describes the results of
model validation (Section 3.1), projected changes in mean climate (Section 3.2) and extreme events (Section
3.3). We conclude our study in Section 4.

2. Methods
2.1. Data
We analyze AGCM simulations from the HAPPI Tier-1 experiments (Mitchell et al., 2017). The experiment
design comprises three scenarios with variations to prescribed SSTs, sea ice and GHG and aerosol forcing.
Each experiment has a diﬀerent imposed global-mean warming relative to the reference preindustrial
period (1861–1880). The three experiments are:
All-Hist: The most recent decade, spanning 2006–2015. This experiment is ≈0.8∘ C warmer than the
preindustrial. Observed SST from 2006 to 2015 are prescribed for the All-Hist simulations.
Plus-1.5: The 1.5∘ C scenario, which is 1.5∘ C warmer than the preindustrial and 0.7∘ C warmer than
All-Hist. The boundary conditions for this experiment are provided from RCP2.6 of CMIP5. Projected
SSTs for Plus-1.5 are the sum of the observed SSTs used for All-Hist and the mean diﬀerence between
the CMIP5 decadal averages of SSTs between the recent decade (2006–2015) and a world 1.5∘ C warmer
than the preindustrial.
Plus-2.0: The 2.0∘ C scenario, which is 2.0∘ C warmer than the preindustrial and 1.2∘ C warmer than
All-Hist. The boundary conditions for this experiment are a weighted average of RCP2.6 and RCP4.5 of
CMIP5. Projected SSTs for Plus-2.0 are the sum of the observed SSTs used for All-Hist and the diﬀerence
between the CMIP5 decadal averages of SSTs between the recent decade and a 2.0∘ C warmer world
(relative to preindustrial).
We analyze data from large ensemble simulations of ﬁve AGCMs for which quality-controlled data were
available; details are provided in Table 1. The number of ensemble members varies between AGCMs, but
all have ≥100 members; the members diﬀer only in their initial conditions. The large ensemble approach
is designed to capture the potentially small changes in regional climate between the scenarios, relative
to internal atmospheric variability, and to quantify robustly the potential changes in extreme events with
large samples. These experiments have relatively short 10-year simulations, which are designed to reduce
computational expense while still permitting analysis of interannual variability and extremes, but which
cannot represent decadal variability (James et al., 2017; Mitchell et al., 2017).
To evaluate systematic model errors in the HAPPI AGCMs, we validate the All-Hist simulated mean climate
and extreme intensity against observations, for 2006–2015 to coincide with period of the All-Hist forcing.
We evaluate monthly near-surface temperature against the Hadley Centre/Climatic Research Unit temperature dataset (HadCRUT4), version 4.6.0.0, which is the combined land (CRUTEM4) and marine SST (HadSST3)
on a 5∘ × 5∘ -grid (Morice et al., 2012). We evaluate the extreme daily maximum near-surface temperature
against the European Centre for Medium Range Weather Forecasts Interim reanalysis (ERA-Interim) daily
maximum 2 m temperature at 0.75∘ × 0.75∘ resolution (Dee et al., 2011). We evaluate daily and monthly
precipitation against the Global Precipitation Climatology Project (GPCP), version 2.3, precipitation dataset
with combined observations and satellite precipitation data at 2.5∘ × 2.5∘ grid (Adler et al., 2003). We evaluate 850 hPa winds against ERA-Interim.
2.2. Study Area
The region of interest covers the AAMR (30∘ E–180∘ and 60∘ S–60∘ N). We divide the AAMR into three
regions: (1) the East Asian monsoon region (95∘ –165∘ E and 0∘ -55∘ N; hereafter EA), (2) the Indian monsoon
region (55∘ –95∘ E and 0∘ –35∘ N; hereafter IND) and (3) the Australian monsoon region (95∘ –165∘ E and
45∘ S–0∘ ; hereafter AUS), as depicted in Figure 1f. We further divide each region into two subregions based
on areas of high monsoonal precipitation over land (Figure 1f ): EA1 (north-eastern China) and EA2 (southern China and south-east Asia); IND1 (southern India) and IND2 (northern India, Pakistan and Nepal); AUS1
CHEVUTURI ET AL.
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Table 1.
Details of the Models from the HAPPI Project Analyzed in This Study
Grid Resolution
(grid-points)

Ensemble

Model

Name Institute

Members Reference

Community
atmosphere model
4-2∘

CAM

ETHa

2∘ × 2∘ (96 × 144)

501

Neale et al. (2013)

Canadian Fourth
generation
atmospheric global
climate model

CAN

CCCmab

T42 (64 × 128)

100

von Salzen et al. (2013)

ECHAM6.3-LR

ECH

MPI-Mc

T63 (96 × 192)

100

Stevens et al. (2013); Reick
et al. (2013)

Model for
interdisciplinary
research on climate 5

MIR

AORId , NIESe ,
JAMSTECf

150 × 150 km (128 × 256)

100

Watanabe et al. (2010);
Shiogama et al. (2014)

Norwegian earth
system model 1

NOR

NCCg

1.25 × 0.94∘ (192 × 288)

125

Bentsen et al. (2013); Iversen
et al. (2013); Kirkevåg et al.
(2013)

Note. We analyzed only those models for which quality-controlled data were available at the time of this study. For
each model, we list the name of the model, the abbreviation used in the text, the institute that performed the simulation, the horizontal grid resolution in degrees (with corresponding number of latitude × longitude gridpoints in
parentheses), the number of ensemble members and a reference for further details.
a Federal Institute of Technology; Zurich, Switzerland.
b Canadian Centre for Climate Modeling and Analysis; Victoria, Canada.
c Max Planck Institute for Meteorology; Hamburg, Germany.
d Atmosphere and Ocean Research Institute, University of Tokyo; Chiba, Japan.
e National Institute for Environmental Studies; Ibaraki, Japan.
f Japan Agency for Marine-Earth Science and Technology; Kanagawa, Japan.
g NorESM Climate modeling Consortium, Norway.

(north-western Australia) and AUS2 (north-eastern Australia). We choose our regions and subregions after
reviewing research that identiﬁed each region’s distinct climatological monsoon precipitation patterns
(e.g., Christensen et al., 2013; Wang et al., 2012; WCRP, 2017; Zhang, 2010).
2.3. Methodology
To understand the changes in Plus-1.5 and Plus-2.0, we analyze the monthly near-surface air temperature
(TAS) and daily and monthly precipitation (PR), daily maximum surface air temperature (TASMAX), and
monthly 850 hPa winds. We use monthly data to assess annual-mean and seasonal-mean changes; we use
daily data to assess changes in extreme events. For seasonal-mean changes, we focus on the wet (monsoon)
season in each region (JJA for IND and EA, DJF for AUS). We also analyze changes in the intensity and persistence of extreme events using several indices, which will be described in detail alongside the analysis. We
analyze changes using the individual ensemble members from each AGCM, not only the ensemble mean.
We use paired Student’s t-tests to evaluate the statistical signiﬁcance of changes. Area averages are computed over each region and subregion (Figure 1f ), using the land points only. We also use IPCC terminology
to deﬁne uncertainty of our results in terms of conﬁdence (based on intermodel agreement) and likelihood
(based on intraensemble agreement). Due to the high number of ensemble members per model, the likelihood of future change can be assessed with greater accuracy; with only ﬁve models, however, it is diﬃcult
to robustly quantify the intermodel uncertainty in projected changes.

3. Results
3.1. Model Validation
Before examining the projected changes in Plus-1.5 and Plus-2.0, we brieﬂy validate the AAMR mean climate
and extremes in All-Hist against observations, as described in Section 2.1, as model biases may inﬂuence
CHEVUTURI ET AL.
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Figure 1. Annual-mean TAS diﬀerences (K) in the ensemble-mean of each model between (a–e) All-Hist and HadCRUT4, (f–j) Plus-1.5 and All-Hist, (k–o) Plus-2.0 and All-Hist, (p–t)
Plus-2.0 and Plus-1.5. The stippling shows regions which are not statistically signiﬁcant at the 95% conﬁdence level. In panel (f ), the regions and subregions used in the study are
marked as: the East Asian monsoon region (EA) and subregions (EA1 and EA2) in green, Indian monsoon region (IND) and subregions (IND1 and IND2) in red and the Australian
monsoon region (AUS) and subregions (AUS1 and AUS2) in blue.

future projections (e.g., Reichler & Kim, 2008). For annual-mean TAS, all models show near-zero biases over
the oceans due to the prescribed SSTs (Figures 1a–1e); biases are not exactly zero due to our use of a
diﬀerent validation dataset to that used for the HAPPI SST forcing, as well as intermodel variations in the
diﬀerence between SST and TAS. For Northern Hemisphere (NH) land, most models are biased cold in the
tropics and biased warm in the subtropics and extra-tropics. For Southern Hemisphere (SH) land, there is
intermodel variability in biases across Australia, with CAM and NOR showing a cold bias, whereas the other
three models have warm biases.
Model biases in monsoon-season precipitation vary across the AAMR (Figures 2a–2e). All models have a
signiﬁcant wet bias in EA compared to observations; the bias varies in spatial extent. AUS shows a signiﬁcant
wet bias in CAM, MIR, and NOR and a slight dry bias or no signiﬁcant bias in CAN and ECH. Strong signiﬁcant
precipitation biases are found across the IND region, with intermodel and interregion variation, resulting
in wet biases in some models and subregions and dry biases in others. These errors in precipitation may
be stronger in AGCMs than coupled models due to a lack of coupled ocean-atmosphere feedbacks, which
have been demonstrated to be important for monsoon precipitation (e.g., Jourdain et al., 2013; Sperber
et al., 2013; Wang et al., 2005).
Models reproduce well the general monsoon circulation over the AAMR, though with some substantial
biases (Figures 3a–3e). EA (except EA1) shows a southerly bias; IND and EA1 has a strong westerly bias.
CHEVUTURI ET AL.
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Figure 2. As in Figure 1, but for precipitation change (mm day−1 ) for the monsoon season: JJA in the NH and DJF in the SH. Note that this introduces a break in the data at the
equator, where the season changes. Observations in (a–e) are GPCP.

These circulation biases result in excessive monsoon ﬂow over these regions and are associated with positive precipitation biases. There is a clear anomalous cyclonic circulation over western AUS, which varies
in strength among models. There are intermodel diﬀerences in circulation biases over India and southeast
Asia, with enhanced ﬂow in MIR and reduced monsoon circulation in CAN, associated with a wet and dry
bias, respectively (Figures 2b and 2d). These circulation biases are common in AGCMs and may arise in part
from a lack of air-sea interactions (e.g., He et al., 2016; Wang et al., 2004; Zhou et al., 2008).
We analyze the area-average bias (land only) for each region and model, as well as the percentage of ensemble members that agree with the sign of the ensemble-mean bias and the statistical signiﬁcance of the
bias, for TAS (Figure 4a) and precipitation (Figure 4e). MIR and ECH showing a consistent warm bias over all
regions; IND2 region has a cold bias in all models. All regions and all models show a wet bias, except for IND
and AUS in CAN and ECH.
All models show a warm bias for extreme daily maximum near surface temperature (99th percentile;
Figures 7a–7e) over IND when compared with ERA-Interim. For EA and AUS three models show a warm
bias: CAM and NOR show a cold bias over AUS whereas CAM and ECH show a cold bias over parts of EA. The
extreme temperature bias is signiﬁcant over most land points except over EA in NOR. There is intermodel
variability in the extreme daily precipitation (99th percentile) bias over the AAMR against GPCP data
(Figures 8a–8e). There is a signiﬁcant wet bias over EA1 in all ﬁve models, whereas EA2 and IND1 show a dry
bias in all models except MIR, which is not always signiﬁcant. AUS shows a dry bias in extreme precipitation
in CAN and ECH, a wet bias in MIR and NOR and mixed signals in CAM. These substantial biases in mean and
CHEVUTURI ET AL.
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Figure 3. As in Figure 5, but for 850 hPa winds (m s−1 ). Observations in (a–e) are ERA-Interim.

extreme temperature and precipitation in All-Hist suggest that future projections should be interpreted
with a degree of caution, particularly given the limited number of models in the HAPPI dataset.
3.2. Projected Changes in Mean Climate
Overall, the AMMR climate is projected to signiﬁcantly warm in both Plus-1.5 (Figures 1f–1j) and Plus-2.0
(Figures 1k–1o). Warmer climates are projected by all studies of increased emissions scenarios (IPCC,
2014a). Warming is greater at higher altitudes, the Tibetan Plateau, Himalayas and Western Australia
(Figures 1p–1t), possibly due to complex interactions of factors such as albedo, cloud and radiative feedbacks (Pepin et al., 2015). Intermodel variations over the ocean are very small, due to the prescribed SST.
Over the AAMR, the NH (EA and IND) warms more than the SH (AUS), due to asymmetry of land area
between hemispheres (Lee & Wang, 2014). Furthermore, TAS over land is signiﬁcantly warmer in the future
scenarios compared to All-Hist, with approximately 1.8∘ C warming over land in Plus-2.0 (cf. a global-mean
warming of 1.2∘ C) and approximately 1.0∘ C warming in Plus-1.5 (c.f. a global-mean warming of 0.7∘ C), as
shown in Figures 4a–4e.
To understand the uncertainties associated with the model simulations, we analyze the area average TAS
over land for all ensemble members for each scenario (Figures 4b–4d and 5a–5e). There is very high conﬁdence and virtual certainty for increased temperatures in EA, IND (>0.7∘ C for ensemble mean) and AUS
(>0.5∘ C) in Plus-1.5, since all ensemble members exceed the All-Hist ensemble-mean for all models. There
is also very high conﬁdence and virtual certainty in projected increased temperatures over EA (≈1.5∘ C), IND
CHEVUTURI ET AL.

7

Earth’s Future

10.1002/2017EF000734

a

b

c

d

e

f

g

h

Figure 4. Panels (a–d) show annual TAS diﬀerences (K) for (a) All-Hist minus HadCRUT4, (b) Plus-2.0 minus All-Hist (c) Plus-1.5 minus All-Hist, (d) and Plus-2.0 minus Plus-1.5 for all
regions (EA, IND, AUS) and subregions (EA1, EA2, IND1, IND2, AUS1, AUS2) and all ﬁve models for land only. Shading shows the change in the ensemble mean. The numbers in each
box represent the percentage of ensemble members in which the sign of the change agrees with the sign of ensemble-mean change. The * symbol represents ensemble-mean
diﬀerences that are not signiﬁcant at the 95% conﬁdence level. Panels (e-h) are as for (a–d) but for annual-mean precipitation diﬀerences (mm day−1 ), using GPCP as observations.

(≈1.0∘ C), and AUS (≈0.7∘ C) for Plus-2.0 versus All-Hist, as well as over AAMR land (≥0.5∘ C) for the diﬀerence
between Plus-2.0 and Plus-1.5.
Previous modeling studies show that globally, monsoon precipitation increases with warming, particularly
over the AAMR (e.g., Christensen et al., 2013; Hsu et al., 2012; Lee & Wang, 2014; Wang et al., 2014). Using
ensemble-mean changes, monsoon-season precipitation is projected to increase in Plus-1.5 (Figures 2f–2j)
and Plus-2.0 (Figures 2k–2o) over EA and IND in most models, but there is little to no change over AUS. In
Plus-1.5, ECH is the only model to simulate drying over some parts of all three regions, while CAN is the only
model to show wide-spread, signiﬁcant drying over IND. Comparisons of Plus-2.0 against Plus-1.5 show
signiﬁcantly wetter conditions in all models and subregions. Precipitation increases over AUS are weaker
as compared to IND and EA for Plus-2.0, consistent with the smaller changes in precipitation over AUS in
Plus-1.5.
In RCP8.5 emission scenarios, models project a signiﬁcant increase in monsoon precipitation in all regions
by 2100 (IPCC, 2014b), but in RCP4.5 the projected increases are stronger in EA and IND than in AUS, which
shows greater uncertainty in the sign of change (e.g., Christensen et al., 2013; Hulme et al., 1994; Irving
et al., 2012; Jourdain et al., 2013; Menon et al., 2013; Wang et al., 2014), which is consistent with our analysis
(Figure 2). From our analysis of the ensemble range of seasonal precipitation changes (Figures 5f–5j), we
note that there is high conﬁdence in the increase of monsoon precipitation over EA (≈0.3 mm day−1 ) in
Plus-1.5, which is virtually certain. There is medium conﬁdence in the increase of monsoon precipitation
over IND (≈0.1 mm day−1 ) in Plus-1.5, which is projected to be likely; there is no clear change over AUS.
The ensemble ranges of Plus-1.5 and Plus-2.0 overlap with the All-Hist ensemble range, suggesting that the
changes in precipitation do not exceed the range of present-day internal variability. Such uncertainty in
model precipitation responses to the relatively small temperature increases was also noted by King et al.
(2017) for AUS. In the annual mean, AUS is projected to likely dry (≈0.1 mm day−1 ) in Plus-1.5 (very high
conﬁdence, Figure 4g), but there is low conﬁdence in the sign of change for Plus-2.0 (Figure 4h). Overall,
there is high conﬁdence in the increase of annual precipitation between Plus-1.5 and Plus-2.0 for AAMR;
increases are likely (≈0.1 mm day−1 ) over EA and IND, but increases and decreases are approximately equally
likely for AUS.
Previous climate-change projections suggest an enhanced Hadley circulation and a weaker Walker circulation with warming (e.g., Lee & Wang, 2014; Tokinaga et al., 2012; Turner & Annamalai, 2012), however the
responses of regional monsoon circulations are often more complex and uncertain (e.g., Schneider et al.,
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Figure 5. Annual TAS anomaly (K) in the left column and monsoon season precipitation (PR) anomaly (mm day−1 ) in the right column for each scenario All-Hist (green), Plus-1.5
(blue) and Plus-2.0 (red) for all regions (EA, IND, AUS) and subregions (EA1, EA2, IND1, IND2, AUS1, AUS2). For each variable (TAS and PR), the anomaly is computed from its respective
All-Hist ensemble mean. The diamonds show the ensemble mean anomaly and the boxplots show the spread of anomalies from the ensemble members of each scenario. For each
boxplot; whiskers show the range (max–min) of the anomalies, middle dash is the median and box-ends show interquartile range of the ensemble members. Diﬀerent models are
shown in (a,f ) CAM, (b,g) CAN, (c,h) ECH, (d,i) MIR and (e,j) NOR.

2010; Vecchi et al., 2006; Wang et al., 2004). In Plus-1.5, over AUS the monsoon ﬂow either weakens or shows
little change compared to All-Hist (Figures 3f–3j). The weaker north-westerly ﬂow is associated with drying over AUS, especially over northern Australia; this feature is most pronounced in ECH. Conversely, in all
models Plus-2.0 shows a slightly stronger Australian monsoon circulation than Plus-1.5 (Figures 3p–3t). In
the RCP 4.5 scenario in CMIP5 simulations, there is also weak enhancement of north-westerly ﬂow over
AUS (Wang et al., 2014), but these projected changes in circulation are uncertain (Lee & Wang, 2014). Over
EA, in EA2 the monsoon circulation strengthens through enhanced southerly and westerly ﬂow in Plus-1.5
(Figures 3f–3j) and Plus-2.0 (Figures 3h–3l) compared to All-Hist, associated with increased precipitation.
EA1 shows an easterly anomaly. As a whole, EA shows enhanced precipitation in the future scenarios, due
to the enhanced south-easterlies over the South China Sea and easterlies over western north Paciﬁc, which
are associated with a stronger western north Paciﬁc monsoon trough and enhanced convergence. These
changes over EA1 and EA2 are more pronounced in Plus-2.0 than in Plus-1.5 (Figures 3p–3t). The enhancement of the southeasterlies over EA (Wang et al., 2014) and westward migration of the western north Paciﬁc
circulation (Lee & Wang, 2014) is also projected by the RCP 4.5 scenario in CMIP5 simulations.
The circulation response over IND varies considerably among the HAPPI models, related to the variability in
precipitation changes. In Plus-1.5, CAM and NOR show an anomalous cyclonic circulation over Indian land
(Figures 3f and 3j), strengthening the climatological monsoon ﬂow; these models also show increased precipitation over IND2, but reduced precipitation oﬀ the west coast of India (Figures 2f and 2j). Similar but
ampliﬁed patterns of circulation (Figures 3k and 3o) and precipitation (Figures 2k and 2o) changes are seen
in Plus-2.0. CAN displays enhanced anomalous easterly ﬂow over the Arabian Sea in the future scenarios
(Figures 3g and 3l), weakening the climatological westerly ﬂow. These circulation changes are associated
CHEVUTURI ET AL.

9

Earth’s Future

10.1002/2017EF000734

with reduced precipitation in Plus-1.5 (Figure 2g). Plus-2.0 shows a smaller drying signal (Figure 2l), possibly due to increased tropospheric water vapor counteracting the circulation changes. In ECH (Figure 3h)
and MIR (Figure 3j) the monsoon circulation shifts southwards and northwards, respectively in Plus-1.5.
Such shifts are linked to shifts in monsoon precipitation, particularly over the Himalayas, where precipitation is signiﬁcantly reduced in ECH (Figure 2h) and enhanced in MIR (Figure 2j). The southward shift of
the monsoon circulation in ECH also leads to anomalous convergence over IND2, enhancing precipitation
signiﬁcantly. In Plus-2.0 the monsoon circulation over IND shifts slightly northwards in ECH (Figure 3r) and
MIR (Figure 3t), relative to Plus-1.5. CMIP5 models show a similar northward shift in the low level monsoon
circulation and vorticity with the high emission RCP-8.5 scenario (Menon et al., 2013). This poleward shift
is perhaps caused due to a broadening of the tropics and poleward shift of mid-latitude jet streams and
associated changes in the spatial extent of precipitation (Sandeep & Ajayamohan, 2015).
Whether regional eﬀects of climate change scale linearly with the global-mean temperature increase is a
key question in climate-change science, as a linear relationship would allow extrapolation of simulated or
observed changes to a range of potential warming levels. To assess whether mean precipitation changes
scale with the global-mean surface temperature change, we calculate the ratio of the mean precipitation
change for each warming scenario, relative to All-Hist, for each grid-point, to the global-mean surface temperature change in that experiment (Δp/ΔT, hereafter PT). We then compare PT for Plus-2.0 against PT
for Plus-1.5 (Figure 6). Precipitation change scales sublinearly with global-mean temperature change for all
models, globally and for the AAMR. This demonstrates a stronger change in precipitation per unit warming in Plus-1.5 than in Plus-2.0. Only IND in CAM shows little to no precipitation change with warming. Our
results are consistent with previous studies that have found that low-level moisture availability scales more
linearly with warming in models (as per the Clausius-Clapeyron relation) than the regional hydrological
response, which depends on radiative and evaporative constraints as well as moisture content (e.g., Allen
& Ingram, 2002; Vecchi et al., 2006). Thus, models often show sublinear scaling of precipitation in response
to the surface temperature increase, especially in the tropics, due changes in regional moisture transports
(e.g., Held & Soden, 2006; Schneider et al., 2010; Sillmann et al., 2017).
3.3. Projected Changes in Extreme Events
IPCC reports indicate a high likelihood of increasing temperature and precipitation extremes over the AAMR
(e.g., Christensen et al., 2013; Collins et al., 2013). The regional responses of the mean climate and extremes
to global warming often diﬀer (Seneviratne et al., 2012), due to diﬀerent dynamic and thermodynamic forcings (Emori & Brown, 2005). Thus, in this subsection, we analyze changes in the intensity and persistence of
extreme events in the future scenarios.
Changes in the intensity of extreme (99th percentile) daily TASMAX in Plus-1.5 and Plus-2.0 are shown
in Figure 7. As expected, projected changes in the intensity of temperature extremes are signiﬁcantly
higher (very high conﬁdence) in Plus-2.0 compared to Plus-1.5 across the whole AAMR by at least 0.7∘ C
(Figures 7k–7o). There is high conﬁdence in the increased intensity of heat extremes in Plus-2.0, particularly
over the higher latitudes of the EA and in the climatologically coldest regions (parts of Tibetan Plateau and
Gobi Desert), where the increase is >1∘ C against Plus-1.5. The increase in intensity of TASMAX is 0.5∘ C over
most AUS but only 0.2∘ C increase over SE Australia with additional 0.5∘ C global warming (Figures 7k–7o),
which is projected with high conﬁdence. The greater-than-double increase in the magnitude of the
extreme temperatures over Australia with the 2.0∘ C warmer HAPPI scenario was also shown by Lewis et al.
(2017).
To understand the changes to the temperature extremes, we analyze frequency histograms of daily TASMAX (bars in Figure S1, Supporting Information), and the percentage change of frequency in Plus-1.5 and
Plus-2.0 with respect to All-Hist (lines in Figure S1). For EA (Figures S1a–S1e), the histograms are strongly
negatively skewed, due to the relatively colder regimes in winter, compared to IND (Figures S1f–S1j) and
AUS (Figures S1k–S1o). For each region, below 300 K the percentage diﬀerences in Plus-1.5 and Plus-2.0 are
negative, showing reduced frequencies of colder TASMAX in future scenarios (very high conﬁdence). Such
reductions, particularly in Plus-2.0, have been shown in previous studies of 2∘ C warmer worlds (Seneviratne
et al., 2012), but further analysis with daily minimum temperature is required to understand the changes in
the cold temperature extremes. Beyond 300 K TASMAX, the change in Plus-1.5 and Plus-2.0 becomes positive; the increase in Plus-2.0 is higher, especially in the higher TASMAX range. Thus, there is high conﬁdence
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Figure 6. Ratio of monthly change in precipitation climatology and global surface temperature change; PT (Δp/ΔT; mm day−1 K−1 ) at each grid-point for Plus-2.0 (PT-2.0; y-axis)
versus Plus-1.5 (PT-1.5; x-axis) scenarios as blue points with the linear ﬁt regression line of the scatter plot shown in red. Each column represents a model: CAM (a,f,k,p), CAN (b,g,l,q),
ECH (c,h,m,r), MIR (d,i,n,s), NOR (e,j,o,t). Each row represents a region: Global (a–e), EA (f–j), IND (k–o), and AUS (p–t).

in projected increase of at least 20% in the strongest heat extreme frequency over AAMR due to an additional 0.5∘ C warming. On analyzing the percentage of ensemble members that agree with the sign of the
ensemble-mean change (Figure S3), we note that changes in the frequency of TASMAX are likely for almost
all temperature ranges over EA (Figures S3a–S3e) and AUS (Figures S3k–S3o), with changes in frequency
over 300 K are virtually certain for EA with additional 0.5∘ C warming and very likely for EA with very high
conﬁdence. For IND (Figure S3), the likelihood of change varies at diﬀerent temperature ranges; and change
for greater than 300 K are likely for any additional warming, with high conﬁdence. Schleussner et al. (2015)
also report signiﬁcant increases in heat-related extremes over the tropics for an additional 0.5∘ C warming,
with Lewis et al. (2017) showing likely increases of temperature extremes over Australia under the RCP 8.5
scenario by mid-late 21st century.
There is higher uncertainty in the projections of precipitation extremes (Figure 8) than for temperature
extremes. Increased intensity of precipitation extremes over monsoon regions is expected in a warmer
world (e.g., Alexander & Arblaster, 2009; Burke & Stott, 2017; Hijioka et al., 2014, Chapter 24; Reisinger et al.,
2014; Seneviratne et al., 2012; Turner & Slingo, 2009). In Plus-2.0, EA and IND show signiﬁcant increases
in the intensity of precipitation extremes (high conﬁdence), but there is only medium conﬁdence in the
projected increase for AUS (Figures 8f–8j). ECH projects reducing intensity of extreme precipitation over
parts of AAMR in Plus-1.5 (Figure 8c). The additional 0.5∘ C warming leads to signiﬁcant increases in extreme
precipitation projections (high conﬁdence) only in EA1 and IND1 (Figures 8k–8o). There is only medium
conﬁdence in the projections for EA2, IND2, and the AUS subregions. Schleussner et al. (2015) suggest
0.5∘ C warming leads to increasing extreme precipitation intensity over EA, but not IND and AUS. King
et al. (2017) reported high uncertainty in projections of precipitation extremes over AUS in the 1.5∘ C
scenario.
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Figure 7. Change in the 99th percentile of daily maximum surface temperatures (K) in the ensemble-mean of each model between (a–e) All-Hist and ERA-Interim, (f–j) Plus-1.5 and
All-Hist, (k–o) Plus-2.0 and All-Hist, and (p–t) Plus-2.0 and Plus-1.5 for all ﬁve models. Stippling shows regions which are not statistically signiﬁcant at the 95% conﬁdence level.

Changes in the frequency histograms for daily PR for the future scenarios show high intermodel and
interregion variability (Figure S2) and relatively lower ensemble member agreement (Figure S4) as compared to TASMAX. In CAN and MIR, EA and IND display increases in the frequency of light precipitation
(1–2 mm day−1 ), whereas the other three models show a reduction, which is consistent with previous
studies (e.g., Kitoh et al., 2013; Seneviratne et al., 2012). Only AUS (Figures S2k–S2o) shows a consistent
reduction in the frequency of light precipitation across models. The future projections of light rainfall
frequency is likely to change for Plus-2.0 and Plus-1.5 scenarios compared to All-Hist, but is about as likely
to change as not for the additional 0.5∘ C warming (Figure S4). As the mean annual precipitation in AUS
decreases in Plus-1.5 (Figure 4g), this indicates an increase in the frequency of dry days, which has been
shown in other climate simulations (Reisinger et al., 2014). Over EA (Figures S2a–S2e) and IND (Figures
S2f–S2j), Plus-1.5 and Plus-2.0 almost uniformly project an increase in the frequency of heavy precipitation
(>16 mm day−1 ) compared to All-Hist with high conﬁdence and is likely (Figures S4a–S4e and S4f–S4j),
associated with the increase in annual-mean precipitation (Figures 4f–4h). There is low conﬁdence in
changes of precipitation extreme over AUS (Figures S4k–S4o) in Plus-2.0 scenario, but there is reduced
frequency of heavy precipitation in Plus-1.5 (high conﬁdence, likely) and an increase with the extra 0.5∘ C
warming (high conﬁdence, likely). Thus, it is likely that Plus-2.0 produces more frequent heavy precipitation
than in Plus-1.5 (>3%) for all AAMR, which suggests very high conﬁdence in heavy precipitation events
becoming more frequent with an additional 0.5∘ C warming.
To further analyze changes in extreme precipitation, we calculate the 70–100th percentiles of daily precipitation for each region (Figure 9) and corresponding ensemble member agreement with the change in
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Figure 8. As in Figure 7, but for the change in the 99th percentile of daily precipitation over the monsoon season (mm day−1 ), with NH showing changes in JJA and SH showing
changes in DJF. Note that this introduces a break in the data at the equator, where the season changes. Observations in (a–e) are GPCP.

ensemble mean for 90–100th percentiles (Figure S5). ECH simulates lower values relative to other models for all percentiles, with values less than 70 mm day−1 in all scenarios (Figures 9c, 9h, and 9m) and also
shows lower likelihood in the sign of change (Figures S5c, S5h, and S5m). There is high conﬁdence in the
increase of extreme precipitation intensities (>90th percentile) in Plus-1.5 and Plus-2.0 over the AAMR;
these increases are virtually certain over EA (Figures S5a–S5e) and likely over IND (Figures S5f–S5j) and
AUS (Figures S5k–S5o). Precipitation intensity increases sharply beyond the 80th percentile for EA and IND
in all models except ECH. In AUS, precipitation intensities beyond the 95th percentile only show increases
in the future scenarios, with CAN and ECH projecting increases only beyond the 99th percentile. The intensity of most extreme (>99.99th percentile) precipitation increases by at least 5% with an additional 0.5∘ C
of warming in Plus-2.0 compared to Plus-1.5, which is likely and with high conﬁdence over EA and IND, and
is likely but with only medium conﬁdence over AUS. Increases of extreme precipitation are associated with
warming over the source regions for monsoon precipitation (Figures 1p–1t) as shown by Turner and Slingo
(2009).
Persistent daily extremes often cause more severe impacts (e.g., ﬂoods, heatwaves) than shorter-lived
events. To estimate persistence, we calculate a “persistence ratio” for daily TASMAX and PR (Figure 10). For
TASMAX, this is deﬁned as the fraction of all events above the 90th percentile of All-Hist that have length
≥6 days. For PR, we use a threshold of the 95th percentile of All-Hist and a length of ≥5 days. Persistence
ratios are computed for each experiment. Changes between All-Hist versus Plus-1.5 and Plus-2.0 are shown
as ratios (change ratio), such that change ratio > 1 indicate persistence increases in a future scenario. We
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Figure 9. Solid lines show percentiles of daily precipitation (left-hand vertical axis; mm day−1 ), showing only 70–100th percentiles, for the ensemble means of All-Hist (green),
Plus-1.5 (blue) and Plus-2.0 (red) with their respective ensemble ranges shown as transparent envelopes in the same colors. Dashed lines show diﬀerences between percentiles
(right-hand vertical axis; mm day−1 ) for Plus-1.5 minus All-Hist (blue), Plus-2.0 minus All-Hist (red) and Plus-2.0 minus Plus-1.5 (green). The horizontal axis is on an inverse logarithmic
scale.

also calculate the ensemble member agreement for the change ratio for diﬀerent scenarios (Figure S6) to
understand the likelihood of future change.
For all three scenarios, the TASMAX persistence ratio for EA and IND is higher than for AUS, which suggests more frequent heatwaves in those regions (Figures 10a–10e). Plus-1.5 and Plus-2.0 scenarios experience more frequent persistent events, with particularly large increases in Plus-2.0. EA, IND1, and AUS show
increases in TASMAX persistence (≈30%) which has very high conﬁdence and is virtually certain for Plus-2.0
and very likely for Plus-1.5 (Figures S6a–S6e). This increase in persistence combined with the increase in
the extreme temperature intensity of these regions (Figure 7) would indicate more frequent heat waves
that are also more intense, which can have severe implications for ecology, human health and agriculture
(e.g., Alexander & Arblaster, 2009; Burke & Stott, 2017; Im et al., 2017). The diﬀerence in projections show an
increase of ≈10% in the TASMAX persistence for Plus-2.0 versus Plus-1.5 for EA, AUS (very high conﬁdence,
virtually certain) and IND1 (high conﬁdence, likely).
IND has frequent persistent heavy rain events during the summer monsoon in All-Hist (Figures 10f–10j
and S6f–S6j), as previously reported (e.g., Turner & Annamalai, 2012). Future scenarios show a very small
increase in persistent precipitation events over IND and IND2, but a ≈10% increase over IND1 projected
with medium conﬁdence which is likely; there is only a small further increase (≈3%) between Plus-2.0 and
Plus-1.5 (medium conﬁdence, likely). AUS shows only small changes in the persistence of heavy precipitation events in the future scenarios, with high intermodel variability and low conﬁdence in projections.
EA1 and EA2 display the largest increases in heavy precipitation persistence (high conﬁdence, likely), with
a ≈50% increase in Plus-1.5 and a ≈100% increase in Plus-2.0 (in all models except ECH). Combined with
the projected increase in heavy precipitation intensity and frequency (Figures 8 and S2), the ampliﬁcation
of ﬂood risk over EA has high conﬁdence and over IND2 has medium conﬁdence.
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Figure 10. The persistence ratio for All-Hist (white bars), Plus-1.5 (light gray bars) and Plus-2.0 (dark gray bars) corresponding to the left side axis, for variable daily TASMAX in left
column and daily precipitation (PR) in the right column for all regions (EA, IND, AUS) and subregions (EA1, EA2, IND1, IND2, AUS1, AUS2). Diﬀerent models are shown in (a,f )
CAM4-2degrree, (b,g) CAN, (c,h) ECH, (d,i) MIR and (e,j) NorESM. The change ratio is the ratio of the persistence ratio between Plus-2.0 and All-Hist (line with circles), Plus-1.5 and
All-Hist (line with crosses) and Plus-2.0 and Plus-1.5 (line with squares) corresponding to the right side axis. Please refer to the text for details of the persistence ratio.

There are variations in the change ratios when adjusting the thresholds (continuous number of days of
extreme event persistence) for calculating persistence in both TASMAX and PR. When the thresholds are
increased, the intensity of the change ratios increases for both TASMAX and PR, and vice versa. Despite
this sensitivity, the variations in the change ratios are proportional to the variations in the thresholds for
persistence. This suggests altering the thresholds would not change the conclusions of our study, which
suggests that, EA, IND1, and AUS (AUS1 and AUS2) show increases in TASMAX persistent events with all
thresholds, and EA1, EA2, and IND1 show an increase in PR persisting events with all thresholds.
Forcing mechanisms associated with changes in extreme precipitation diﬀer from those mechanisms associated with the changes in mean precipitation (e.g., Sillmann et al., 2017), with extreme intensity more
dependent on the global-mean temperature change (e.g., Pendergrass et al., 2015). Regional extreme precipitation changes are also inﬂuenced by temperature changes over the moisture source regions (Turner
& Slingo, 2009). To illustrate this change, we calculate PT as in Figure 6, but for the change in the 99th
percentile of daily precipitation, PT99 (Figure 11). The change in the extreme precipitation in Plus-1.5 and
Plus-2.0, relative to All-Hist, shows a near-linear scaling with global-mean temperatures, globally and for
the AAMR. Extreme precipitation intensity is constrained globally by moisture availability (Allen & Ingram,
2002), which increases with the mean global temperature (Allan & Soden, 2008; Held & Soden, 2006). In the
tropics, although the response to global warming may lead to weakening circulation (Vecchi et al., 2006),
the ampliﬁcation of extreme precipitation due to enhanced moisture availability in warmer worlds leads to
a more linear scaling of extreme precipitation with temperature change than for mean precipitation (Allan
& Soden, 2008; Emori & Brown, 2005).
CHEVUTURI ET AL.

15

Earth’s Future

10.1002/2017EF000734

Figure 11. As in Figure 6 for the changes in the 99th percentile of daily precipitation, PT99 (Δp99/; mm day−1 K−1 ), computed at each grid-point.

4. Conclusions
This study evaluates the eﬀects of 1.5∘ C and 2.0∘ C global-mean warming, relative to preindustrial, against
a present-day scenario (2006–2015) on mean and extremes over the AAMR, using large ensembles of
simulations with ﬁve atmospheric general circulation model simulations from the HAPPI project (Table 1).
The HAPPI simulations diﬀer from previous analysis of 1.5∘ C and 2.0∘ C thresholds in simulations from the
CMIP5 because the HAPPI simulations use constant forcing, and thus a constant global-mean temperature.
Large ensembles of simulations allow a more robust quantiﬁcation of the eﬀects of small temperature
increases—such as the 0.5∘ C warming considered here—on regional climate, as well as extremes. The
results must be interpreted with a degree of caution, however, due to the limited number of models (ﬁve)
with substantial biases in their representations of the present-day scenario, which makes it diﬃcult to
separate model biases from projected changes.
We summarize our ﬁndings for the AAMR in Table 2, including conclusions about the eﬀects of warming
(both at 2.0∘ C and 1.5∘ C) and the speciﬁc eﬀects of an additional 0.5∘ C warming. We separate the AAMR
into three regions, East Asia (EA), India (IND), and Australia (AUS), following Section 2.1 (see Figure 1f ). Our
conclusions illustrate the some of the key uncertainties in the projected changes, as well as regions and
variables for which there is considerable agreement among models. Many of the projections from the HAPPI
models support the general consensus of the scientiﬁc community regarding changes associated with the
warming in the tropics (IPCC, 2014c).
For an additional warming of 0.5∘ C, there is high conﬁdence and virtual certainty of the projected increase
of mean surface temperature (≈0.8∘ C), as well as high conﬁdence in the increase of intensity (>0.7∘ C), frequency (≈20%) and persistence (≈10% in EA, IND1, and AUS) of daily extreme temperatures over the AAMR
in Plus-2.0 compared to Plus-1.5, which is likely to occur. Restricting warming to 1.5∘ C would reduce the
risk associated with heat stress related impacts, including human heath and spread of infectious diseases
(Patz et al., 2005), crop yields over regions like India (Lobell et al., 2012), stress in urbanized environments
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Table 2.
Summary of the Key Changes for (left) the Future Warmer Scenarios (Plus-1.5 and Plus-2.0 experiments) and Present-day
Conditions (All-Hist experiment); and (right) an Additional 0.5∘ C Warming (Plus-2.0 Compared to Plus-1.5)
Future scenarios versus All-Hist

+2.0∘ C versus +1.5∘ C

Mean climate

TAS

PR

• Signiﬁcant warming over AAMR in the
future scenarios (very high conﬁdence,
virtually certain)
• Greater warming over the land than the
surrounding oceans, with EA warming the
most
• NH warms more than SH

• Signiﬁcant warming over AAMR in Plus-2.0
(very high conﬁdence, virtually certain)
• Greater warming (≈0.8∘ C) over the AAMR
land than the surrounding oceans
• Greater warming (>1.0∘ C) over higher
altitudes (Tibetan Plateau, Himalayas,
Western Australia)

• Monsoon precipitation increases
considerably over EA (high conﬁdence and
likely) and IND (medium conﬁdence, likely)
• Annual precipitation increases in EA and
IND (high conﬁdence, very likely), but
reduces in AUS in Plus-1.5 (high conﬁdence,
likely)

• Parts of EA, IND and AUS show coherent
increases in monsoon precipitation (high
conﬁdence, likely)
• Annual precipitation increases in EA and
IND (very high conﬁdence, likely). For AUS
increases are as likely as decreases

Daily extremes

TASMAX

PR

• Intensity of extreme temperature increases
signiﬁcantly over AAMR (very high
conﬁdence)
• Increased frequency of TASMAX above
300 K (high conﬁdence, likely) and reduced
frequency of TASMAX below 300 K (high
conﬁdence, as likely as not)
• More frequent persistent heat extremes for
EA, IND1 and AUS by ≈30% in Plus-2.0 (very
high conﬁdence and virtually certain)

• Intensity increases signiﬁcantly over AAMR
(very high conﬁdence), especially over
Tibetan Plateau and Gobi Desert
• Frequency increases by at least 20% (high
conﬁdence, likely)
• Persisting extremes become more frequent
(≈10%) for all AAMR except IND2 (high
conﬁdence, likely)

• Intensity increases signiﬁcantly for EA, IND
(high conﬁdence) and AUS (medium
conﬁdence)
• Frequency of heavy precipitation reduces
for AUS with Plus-1.5 (high conﬁdence,
likely); and increases over EA and IND in
both Plus-2.0 and Plus-1.5 (very high
conﬁdence, likely)
• Frequency of persistent extremes increases
over EA1, EA2, IND1 (high conﬁdence, likely)

• Intensity of monsoon extremes increases
signiﬁcantly over EA1 and IND1 (high
conﬁdence) and the rest of the AAMR
(medium conﬁdence)
• Increase in the frequency of the extreme
precipitation is higher in Plus-2.0 by at least
3% (high conﬁdence, likely)
• Frequency of persistent extremes increases
over EA1 and EA2 (≈50%, high conﬁdence,
likely), and IND1 (≈3%, medium conﬁdence,
likely).

Note. Regions referenced in the table are the Asian-Australian Monsoon Region (AAMR) as well as East Asia (EA),
India (IND), and Australia (AUS), shown in Figure 1f, as well as the Northern Hemisphere (NH) and Southern Hemisphere (SH).

over expanding cities in developing countries (McCarthy et al., 2010) and loss of ecological niches like coral
reefs over Australia (King et al., 2017; Schleussner et al., 2015). Further impact-speciﬁc modeling is needed
to quantify changes in risk between 1.5∘ C and 2.0∘ C.
For EA and IND, our analysis shows that an additional 0.5∘ warming also increases mean monsoon precipitation. Extreme precipitation frequency over the AAMR (>3%) and persistence over the subregions of
EA1, EA2 (≈50%), and IND1 (≈3%) show a likely increase in a 2.0∘ C warmer world compared to 1.5∘ C, which
will enhance the heavy ﬂood risks in these densely populated regions (Hirabayashi et al., 2013; Milly et al.,
2002). These enhanced climatic stresses associated with the additional half a degree of warming will have
greater impacts over the vulnerable regions of EA and IND due to their high population density. However,
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the eﬀects of 0.5∘ C warming on precipitation over AUS are much less certain, as are the overall eﬀects of
warming, with uncertainty in the sign of the change among models and even among ensemble members
of the same model.
This study evaluates the HAPPI experiments for climate projections of 2.0∘ C versus 1.5∘ C warmer world
over the AAMR. The results highlight the beneﬁt of limiting the global temperature change to 1.5∘ C over the
preindustrial levels, with the severity of impacts increasing with an extra half degree of warming, particularly
for temperature and precipitation extremes. Similar analysis over other regions and the estimation of costs
associated with the impacts of the additional half a degree of warming will be important for climate policy
decisions.
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