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Abstract. Anthropogenic climate change is likely to increase risk (probability of occurrence of a hazard) of extreme weather events
in the future. Previous studies have robustly shown how and where climate change has already changed the risks of weather
extremes. However, developing countries have been somewhat underrepresented in these studies, despite high vulnerability and
limited capacities to adapt. How additional global warming would affect the future risks of extreme rainfall events in Bangladesh
needs to be addressed to limit adverse impacts. Our study focuses on understanding and quantifying the relative risks of extreme
rainfall events in Bangladesh under the Paris Agreement temperature goals of 1.5°C and 2.0°C warming above pre-industrial levels.
In particular, we investigate the influence of anthropogenic aerosols on these risks given their likely future reduction and resulting
amplification of global warming. Using large ensemble regional climate model simulations from weather@home under different
forcing scenarios, we compare the risks of rainfall events under pre-industrial (natural; NAT), current (actual, ACT), 1.5°C, and

2.0°C warmer and greenhouse gas (GHG)-only (with pre-industrial levels of anthropogenic aerosols) conditions. Both GHGs and

anthropogenic aerosols have an impact on seasonal mean rainfall over this region. In general, higher global mean temperature levels,

lead to higher rainfall and higher aerosol concentrations, to lower rainfall, however, the relative importance of the two factors yaries

between the regions. For extreme rainfall events, we find that the risk of a 1 in 100 year rainfall gpisode has already increased

significantly compared with pre- industrial levels across parts of Bangladesh, with additional increases likely for 1.5 and 2.0°C

warming. Climate change impacts on the probabilities of extreme rainfall gpisodes are found during both pre-monsoon and monsoon
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seasons, Results show that reduction in anthropogenic aerosols will,exacerbate the effects of GHG induced warming and thereby
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increasing the rainfall intensity. which has otherwise attenuated the impacts. We highlight that the net aerosol effect varies from .
region to region within Bangladesh, which leads to different outcomes of aerosol reduction on extreme rainfall statistics and must

therefore be considered in future risk assessments. Whilg, there is a substantial reduction in risk at 1.5°C warming svhen compared

‘ [Deleted: (of up to 5.5 times higher, with an uncertainty range of 3.5
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to,2°C warming, the difference is spatially and temporally variable too, specifically with respect to seasonal extreme rainfall events. _L'

1 Introduction

One of the major goals of the 2015 Paris Agreement of the United Nations Framework Convention on Climate Change

(UNFCCC), on ‘Holding the increase in the global average temperature to well below 2.0°C above pre-industrial levels and to

pursue efforts to limit the temperature increase to 1.5°C’,(UNFCCC, 2015), needs strong support from research on the nature,

benefits and feasibility of this challenging goal. This Agreement calls for the quantification and comparison between the impacts
of 1.5°C versus 2.0°C warmer global mean temperatures on different climate related aspects such as extreme weather events.
While assessing both risks and vulnerabilities to incremental increases in global mean temperature, the discrimination of the
impacts of different radiative forcing contributions as well as the quantification of spatially varying changes in risk are

Jndispensable. For example, highly unusual heat extremes that are virtually absent in the present climate in South Asia, would
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affect around 15% of land area of this region under 1.5°C and around 20% of land area under 2.0°C warming (The World Bank,
2012). The increase in heavy monsoon rainfall intensity for South Asia is projected to be 7% under 1.5°C and 10% under 2.0°C

warming compared to pre-industrial conditions (Schleussner et al., 2016). Societies in, this region largely depend on the stability

of the monsoon, which provides water resources for agricultural production and drinking water supply (The World Bank, 2012).

It is projected that the years with above-normal monsoon rainfall will be more frequent (Endo et al., 2013; Kripalani et al., 2007).

The seasonality of rainfall might also be amplified with more rainfall during the wet season (Fung et al., 2011; Turner and

Annamalai, 2012). Plus, thefrequency of extreme rainfall gpisodes is,projected to increase {Endo et al., 2012; Kumar et al., 2011 .

in Vinke et al., 2017). As a consequence of additional global warming, parts of East Asia and India are likely to have more

frequent daily extreme rainfall events during the monsoon season (Chevuturi et al., 2018). Here we assess whether these
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generalized projections are also valid using a large ensemble regional climate model framework focusing on Bangladesh.

Bangladesh is potentially a hotspot of climate change impacts as it is vulnerable to a combination of increasing challenges from
record-breaking temperatures, extreme rainfall events, more intense river floods, tropical cyclones, and rising sea levels (The
World Bank, 2012). Bangladesh has a tropical monsoon climate, flat and low-lying topography, and unique geographical location
in the Ganges-Brahmaputra-Meghna Basin (Banglapedia, 2012; Rawlani and Sovacool, 2011). For these features, heavy rainfall
events in the pre-monsoon (during Mar-Apr-May; MAM) and monsoon (during Jun-Jul-Aug-Sep; JJAS) seasons are associated
with a high risk of flooding and landslides almost every year. The frequencies of observed high-intensity rainfall events are

increasing in the recent years (Murshed et al., 2011).

For example, in 2017, heavy rainfall across the upstream Meghalaya hills in India and in Bangladesh caused pre-monsoon floods

in March in the northeastern parts of the country. As a consequence, vast areas of Haors (local name for lowland wetlands) and

Y CDeIeted: as well

low-lying areas were inundated and most of the harvestable ‘Boro’ paddy crop (a local high yielding variety of paddy) was

damaged (Nirapad, 2017). In June 2017, at southeastern parts of Bangladesh heavy rainfall caused devastating floods and multiple
landslides killing at least 156 people (Paul and Hussain, 2017). National Aeronautics and Space Administration (NASA)’s near-
real time Integrated Multi-satellitE Retrievals for Global Precipitation Measurement, GPM (IMERG) data estimated the heaviest

rainfall accumulation of more than 510 mm in only 3 days 12-14 June 2017 (Gutro, 2017). Further, in north-cast Bangladesh

more than 150 mm in 6 days during the pre-monsoon season led to early flood floods (Ahmed et al., 2017): 350 mm in 3 days during

the peak of the monsoon season caused a landslide in south-east Bangladesh (Ali et al., 2014); and exceptional 10 day rainfall in

August 2017 led to wide-spread flooding in the Brahmaputra river basin (Philip et al., 2018).

v

Considering the change in risk of heavy rain in the region under present-day conditions, how would a 1.5°C and a 2.0°C warmer

world alter the probability of extreme rainfall events in Bangladesh? If climate change is already playing a role, then similar events

are likely to occur even more frequently as global warming continues in the future (Faust, 2017). Reliable information regarding
the relative changes in future risks of extreme rainfall events can help local decision makers to address the problem, develop
appropriate adaptation strategies and allocate resources to minimize loss and damage associated with potential climate extremes.
According to global climate model (GCM) ensemble based study, by 2090, the north-western part of Bangladesh would experience
~9% and ~18% increase in the pre-monsoon and monsoon mean rainfall respectively (Kumar et al., 2014). Caesar et al., (2015) used
the high resolution (25 km) regional climate model (RCM), HadRM3P that is nested in the global HadCM3 model and projected a
large increase in the very heavy daily rainfall events (>99th percentile, i.e., >23.8mm/day) and a decrease in the light-moderate
rainfall events (<75th percentile, i.e., <12.3mm/day) during monsoon season (Jun-Sep) over Bangladesh by 2099. According to
PRECIS (Providing REgional Climates for Impact Studies) model projection for 2080, the north-eastern Bangladesh would

experience 0.42-75% more pre-monsoon rainfall compared to the baseline of 1971-2000 (Nowreen et al., 2015),,
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While previous studies projected future changes in the seasonal mean or extreme rainfall events over a specific part or whole
Bangladesh; none had the benefit of using very large model ensembles of high resolution RCM to examine exceptionally rare

extreme rainfall gpisodes (gvents with 100 year yeturn periods); explained whether or not anthropogenic climate change played a

role in changing the probabilities of those projected future rainfall events; and explored how anthropogenic aerosols changed the
5

overall climate change impacts on rainfall gxtremes. [This study addresses fhese key guestions, In addition, we, considered

anthropogenic aerosols as potential individual forcing factor separate from, greenhouse gases (GHGs), Because aerosols can

influence regional climate and change the risks of rainfall events by radiative forcing (Guo et al., 2013; Li et al., 2016). Furthermore,

extreme rainfall has, a higher sensitivity to aerosols pollutior

in particular over the major aerosol gmitting regions such as Asia

(Samset et al., 2018). Due to its ‘masking’ nature, it is paramount to explore aerosol impacts when assessing the changes in the risks

0  of extreme rainfall_in particular for the 1.5 and 2.0°C warming scenarios associated with, the ‘Paris Agreement’,

v

Drawing on the large ensemble of regional climate model (RCM) runs generated with the widely used weather@home system “
(Guillod et al., 2017; Massey et al., 2015), we quantify changing rainfall risks for Bangladesh during MAM and JJAS. The risk of

extreme rainfall events is evaluated for a counterfactual ‘natural’ (NAT), current ‘actual’ (ACT) and GHG-only climate scenarios.

5 with the latter to assess the jmpacts of anthropogenic aerosol emissions on extreme rainfall, Additionally, the 1.5°C and 2.0°C

warming_scenarios are investigated using the Half a degree Additional warming, Prognosis and Projected Impacts (HAPPI) |
|
|

framework, which was developed to specificall , to analyse the ||

target the challenges raised by the ‘Paris A

sreement’. Namel

comparative risks associated with 1.5°C and 2°C warming, irrespective of what emission path is followed to achieve it, \

!0 We first introduce data and methods in Section 2, whilst a summary of model performance is presented in Section 3.1. We then \\ |

assess percentage changes and standardized changes in the seasonal mean rainfall within five forcing scenarios (NAT, ACT, 1.5°C,
2.0°C and GHG-only) in Section 3.2 In Section 3.3 we discuss the relative shifts in the probabilities of MAM and JJAS daily (and

5-day) rainfall extremes between the different forcing scenarios, and discuss the results in context of regional

vulnerabilities and observed changes, Finally, we compare HadRM3P to a subset of other HAPPI models and summarise the results

!5 in Section 4.

2 Data and Methods

2.1 Observational data

|K0 Jwo daily observational data sets are used as a comparison against model results; (i) Asian Precipitation Highly Resolved
Observational Data Integration Towards Evaluation of Water Resources (APHRODITE) (Yatagai et al., 2012) and (ii) NOAA’s
Climate Prediction Center (CPC) global 0.5° analysis (Chen et al., 2008a). APHRODITE is a high-resolution 0.05° daily gridded

rainfall dataset for Asia (V1901, available for 1998-2015); created primarily with data obtained from a rain-gauge- observation
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network. CPC global daily rainfall dataset (available from 1979 to 2016) is constructed through a unified analysis of gauge-based

35 daily rainfall over global land (Chen et al., 2008b). Both model and observation data are re-gridded using bi-linear interpolation

method to have ghe same grid structures.

2.2 Model setup and experimental design

weather@home is part of the climateprediction.net programme (Stainforth et al., 2005) and is designed to generate very large

10 ensembles of climate model simulations by harnessing spare CPU time on a network of volunteers’ personal computers (Allen,

1999; Stott et al., 2004; Massey et al., 2015). For this study, we use the higheryesolved (50 km) RCM, HadRM3P (over South Asia)

3
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that is nested in the global atmosphere-only HadAM3P model (currently the default weather@home jnodel). Both are driven by
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prescribed sea surface temperatures (SSTs) and radiative forcing (Massey et al. 2015; Guillod et al. 2017) to generate the required
model ensembles with initial condition perturbations. The model includes a sulphur cycle (Jones et al., 2001) and uses the updated

UK Met Office Surface Exchange Scheme version 2 (MOSES2; Essery et al., 2003). The recent ECLIPSE (v5a) global emissions

dataset (Klimont et al., 2013) is used to prescribe the sulphur dioxide fields in the model. Information about the procedure of using

this data in the model is provided in the Supplementary material.
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HAPPI experiments are designed to address research questions yelated to 1.5°C and 2.0°C warming and as part of the experiments 4
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weather@home system is used to generate large model ensembles (Massey et al., 2015; Otto, 2017; Stainforth et al., 2005).
Following the, HAPPI framework for the latter two scenarios (details are provided in Mitchell et al., 2017), this study uses : 7

experiments of three additional decadal model ensembles:

1. Actual climate ( ACT’) model ensemble with 98 members per year representing the yecent decade (2006— 2015) with

observed SST data from the Operational Sea Surface Temperature and Sea Ice Analysis (OSTIA) dataset (Donlon et al.,

2012; Stark et al., 2007) as lower boundary condition and present-day atmospheric GHG and aerosol concentration_as

radiative forcing.,

2. Natural (‘NAT’) model ensemble with 98 members per year representing counterfactual conditions. It is constructed
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3. HAPPI 2.0 model ensemble (2091-2100) with 98 members per
year representing 2.0°C warmer than pre-industrial (1861-1880)
climatic conditions.
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For the HAPPI 1.5 model ensemble, the RCP 2.6 scenario is used
to provide the model boundary conditions. In RCP 2.6 scenario,
the mean global temperature reaches to ~1.55°C by 2100 (
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this case, HistoricalNat simulations are subtracted from the Historical simulations as described in Schaller et al. (2016). B

GHG forcing and aerosol concentrations are set to pre-industrial levels. ,

3. ‘GHG only’ model ensemble with 98 members per year representing the same recent decade (2006-2015), but with .
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conditions assuming additive behaviour of different radiative forcing factors. Based on the very limited sample of CMIP5 -

aerosol only (AA) experiments, we found that the resulting ASST pattern are reasonably similar compared with ASSTs S

from ACT minus GHG only (not shown).

4. HAPPI 1.5 (1.5°C) model ensemble (2091-2100) with 98 members per year representing 1.5°C warmer than pre-
industrial (1861-1880) climatic conditions (see Mitchell et al., 2017).

5. HAPPI 2.0 (2.0°C) model ensemble (2091-2100) with 98 members per year representing 2.0°C warmer than pre-
industrial (1861-1880) climatic conditions (see Mitchell et al., 2017).
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In order to, test the robustness of the weather@home HadRM3P results and to qualitatively assess the model consistency, we also+ : .

investigate four atmosphere-only GCMs used in HAPPI (Tier-1): MIROCS5, ETH CAM4, CanAM4 and NorESM1-M,
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2.3 Methods

To understand how seasonal mean rainfall changes from one climate condition to another, we looked at percent change (dPercent,)

and standardized precipitation index (SPI) change between two different forcing scenarios (from NAT to ACT, ACT to 1.5°C, 1.5°C ;i
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t0 2.0°C and from ACT to GHG-only). , dPercent and SPI analyses are done for rainfall changes over the central parts of South Asia
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Considering meteorological hazards and potential impacts, MAM and JJAS extreme rainfall events are analyzed in this study, while

post-monsoon jainfall events (Oct and Nov) which are mainly associated with coastal flooding are excluded. Winter (Dec-Jan-Feb;

DJF) s also excluded because little or no rain occurs during DJF, let alone wet extremes.

We analyse four sub-regions in Bangladesh, located jn the north-west (88°-90°E, 24°-26°N), north-east (90.5°-92.5°E, 24°-25.5°N),

south-west (89°-91°E, 21.5°-23.5°N) and south-east (91°-93°E, 20.5°-24°N) respectively. They are shown as black boxes in Figs

2e and 3e. The two eastern sub-regions 2 and 4 are located in the the wetter parts of the country compared to the other two western

sub-regions | and 3. MAM and JJAS extreme rainfall events are adequately captured by the HadRM3P model over these 4 sub-

regions in Bangladesh when compared to gridded high resolution pbservational datasets as shown in Rimi et al. (2019a). Such pre-

evaluated model simulations provide confidence in analyzing comparative risks of extreme rainfall events under different forcing

scenarios. The model is therefore considered to be fit for assessing climate change impacts on extreme rainfall events in Bangladesh. ,/

A
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Considering fhe high variability,in the rainfall magnitude,as causal factor for different hazards, we focus,on daily and 5-day rainfall

episodes to analysg the potential risks. The seasonal cycles of presented here are based on 5-day rainfall, which is used to represent

the timescale responsible for river flooding as opposed to daily extremes that cause flash floods primarily in the pre-monsoon season.

The, return time’, of an event, also yeferred to as the ‘return periodis the likelihood of an event occurring,during a given period of

time, For example, 4, 41 in 10 year event, is an event with a 10% chance of occurring_in any given year. The rainfall amounts

associated with a 50- or 100-year return period,are extracted from the 98th and 99th percentiles, respectively, of a fitted distribution
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uncertainty (such as parameter sensitivity) is not included in our uncertainty estimate.

JTo construct the return time plots for MAM and JJAS daily (and 5-day) rainfall gpisodes, we use 98 plausible model realizations

for the 10-year period of each model ensemble. For each year, three (MAM) and four (JJAS) months of data are used for pre-
monsoon and monsoon season, respectively. The model uses a 360-day calendar with all 12 months spanning for 30 days. JThus, we
have 3x30x10x98 = 88,200 and 4x30x10x98 = 117,600 simulated days to calculate the return periods of MAM and JJAS rainfall

events,, Such large sample size allows us to estimate a range of physically plausible climate conditions jncluding the tail, of the
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To put the natural year-to-year jnter-annual variability into perspective, we gxtract the two wettest and two driest years during the

simulated decade_(2006-2015) from the ACT ensemble with respect to the spatial mean of the four respective sub-regions, By

comparing these two subsampled model ensembles with the other forcing scenarios, we can estimate the signal-to-noise ratio in the
\

return period plots. Table S2 in the Supplementary material lists the wettest and driest years for MAM and JJAS over the four \\

different sub-regions. In order to examine robustness of the return time plots based on weather@home’s HadRM3P model outputs;

we compare the results based on decadal simulations from additional four atmosphere-only, HAPPI GCMs as mentioned above

focused...on daily and 5-day rainfall events ...pisodes to ang”__ T16]
Deleted: “...rR...turn time’”...of an event, also known ...eferred
to as the ““...eturn period’”...is the likelihood of an event occurring,

defined by a particular variable exceeding a certain
given time ...eriod of timeinterval... For example, If variable X is
equal to or greater than an event of magnitude xT, occurs once in T
years, then the probability of occurrence P(X>x) in a given year of
the variable is (Wilks, 2011): ¢
P(X>x=1) or, T= 1<

T 1-P(x2xT)"

C..[17]

Deleted: Return time plots are used to explore the relative risks of
rare events (like those with probabilities of <= 1 in 100 years). ...0
construct the return time plots for MAM and JJAS daily (and 5-day)
rainfall events...pisodes, we use 98 plausible model realizations for
the 10-year period of each model ensemble. For each year, three
(MAM) and four (JJAS) months of data are used for pre-monsoon
and monsoon season, respectively. The model uses a 360-day
calendar with all 12 months spanning for 30 days. Therefore...hus,
we have 3x30x10x98 = 88,200 and 4x30x10x98 = 117,600 simulated
values ...ays to calculate the return periods of MAM and JJAS
rainfall events, respective... ly. ¢

Such large sample size allows us to estimate a range of physically
plausible climate conditions with focus on...ncluding the tail”, 18]

Deleted: , which can be robustly determine...(d. We consider all
days of a season for calculating the return periods or rainfall 25
events. In this way, we can look at low intensity rainfall events with
minimum return period of 1 year, and also high intensity rainfall
events with ...p to 98x10 = 980 years return period). However, we
focused on rainfall events with high return periods that §

are relevant for impacts and adaptation planning (i.e., 10-100 year

events). m

hose fournodels.

(MIROCS, ETH_CAM4, CanAM4 and NorESM1-M). All forcings scenarios except GHG-only are available for

The ensemble size is > 100 years, but we only use 98 random model years to match the ensemble size of HadRM3P. More

information about these four AGCMs is provided at Supplementary Table S3, while more details, including a comprehensive model
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(ACT, HAPPI 1.5 and HAPPI 2.0) and Pcf denotes the probability of an event of the same magnitude in a counterfactual climate
without anthropogenic climate change (NAT). In case of GHG-only, RR;is calculated yelative to ACT instead of NAT. We quantify,

the changes in RR for four event thresholds, both during MAM and JJAS over the four sub-regions in Bangladesh: return periods / //

/

of 10, 20, 50 and 100 years,,To calculate the upper and lower uncertainty bounds of RR, we apply the following formula (based on /
error propagation model for independent contributors): RRyppere= V(a2 + ¢2); and RRjower= V(b2 + d2): where, ‘a’ to *d’ are the upper |

and lower limits of the bootstrapped event probability under the two forcing scenarios in question,

N

3 Results and Discussion \
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3.1 Model Evaluation for Five Day Mean Rainfall

In Figure 1, seasonal cycles of simulated 5-day rainfall pnder five different forcing scenarios (ACT, NAT, GHG-only, 1.5°C and
.0°C) and pbserved 5-da

rainfall (APHRODITE and CPC) are shown. The coloured lines represent the ensemble means, with

light-coloured shading representing the 10-90% percentile ranges (only shown for ACT model ensemble and pbservations). ,The

seasonal cycles of simulated 5-day rainfall are adequately yepresented when compared to observations, Most of the observed rainfall

is found to be within the 10-90% uncertainty range of the model data. We find an early monsoon onset in the model simulations,

which is also reported in previous studies (e.g., in Caesar et al., 2015; Fahad et al., 2017; Janes and Bhaskaran, 2012). Simulated / /

JJAS rainfall is underestimated by 25-50% depending on the observational dataset and sub-regions. This bias is higher (up to 50%
dry bias) in the wetter sub-regions 2 and 4 (Figs. 1b and,d) and lower (up to 30% dry bias) in the drier sub-regions | and 3 (Figs. 1a

[/
and, ¢). Underestimation of JJAS rainfall is reported in other model-based studies over Indian monsoon region (Goswami et al., | |

2014; Kumar and Dimri, 2019; Saha et al., 2014) and specifically in Bangladesh (Caesar and Janes, 2018; Islam, 2009; Macadam ’/'

and Janes, 2017), /

What we cannot know for certain, is whether the individual model bias remains constant across all scenarios. There might not only

be a bias with regard to the base state, but also the changes associated with the climate warming. While we cannot quantify the

latter, we assume that the relative bias in the change is small compared to the overall bias. Since the signal of the change due to the

changing climate is relatively small in comparison to the total rainfall, the attribution results are often not very robust. Yet we argue

that they contain valuable information as to what the potential future changes are going to look like,Generally, the model evaluation

analysis lends credibility to the HadRM3P model which the bulk of the analysis is based on. Below, e discuss the, differences
between the forcing scenarios with

HadRM3P with other HAPPI models,

complemented by a comparison of //

/

articular focus on the two main modes of monsoon activit

3.2 Impact of Climate Change and Aerosol Reduction on Seasonal Mean Rainfall

Our results suggest that changes in mean rainfall due to global warming are significant for both MAM and JJAS, and that aerosols
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During MAM, results show a nonymonotonic response to temperature change in the dPercent over the eastern part of South Asia -

(Figs. 2a, b, c) which is likely Jinked to the ‘masking effect’of aerosols as shown in Fig. 2d. While this conjecture is somewhat

speculative, there is a solid body of established research into monsoon dynamics which supports the aerosol masking or attenuation
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hypothesis (e.g.. Bollasina et al. 2011). The present-day ACT dPercentyelative to NAT indicates that mean MAM rainfall is reduced

by 15-30% over the eastern parts of South Asia and increased by 15-25% over the northern parts Bangladesh (Fig. 2a). Figure 2d

shows the spatial distribution of the ‘pmitted’,aerosol induced rainfall over the South Asia region. Once aerosol levels drop to one- ,//{Deleted: «...mitted™”

third of its current values (following the RCP2.6 protocol, IPCC, 2013), an increase of up to 20% in MAM rainfall is Jikely to

happen over most parts of South Asia region. Associated with this increased rainfall, dPercent in 1.5°C yelative to ACT, increases

up to 20% over South Asia (Fig. 2b), with Bangladesh being the region where the potential aerosol effect dominates the total change \\(Deleted: PC ...elative to ACT in HAPPI 1.5

(Figs. 2f and, h). Across Bangladesh, our results indicate that MAM rainfall increases approximately Jinear with temperature,

suggesting a relevant role for thermodynamic effects and perhaps a smaller role for dynamic changes as far as our HadRM3P model

results are concerned. We note that by,linear response, we mean a rather,steady and ynonotonic increase in the climate change impact
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| Deleted: &...h). Across Bangladesh, our results indicate that MAM

rainfall increases approximately linearly

on rainfall from one forcing scenario to another due the warming effects starting from NAT to ACT, ACT to 1.5°C and 1.5°C to
2.0°C.

Our results suggest that the,additional warming effects in 2.0°C have the tendency to increase the mean MAM rainfall by an extra

10-20% over Bangladesh (Fig. 2g), which is in contrast to other parts of Asia where little to no additional increase is simulated.

Lsing other RCM projections (based on RCP8.5), Fahad et al. (2017) pointed out that MAM mean rainfall may increase by up to -

20% relative to their baseline period (1971-2000) over the eastern mountainous region of Bangladesh, in line with our results for
1.5 and 2.0°C warming. However, the fact that the northern parts of India show very non-linear behaviour with regard to rainfall

dPercent jn response to the combined GHG and aerosol-related radiative forcing (Figs. 2a-d) is indicative of circulatory, dynamic

shifts with stronger warming.

The dPercent of mean JJAS rainfall (Fig. 3a) in ACT relative to NAT indicates a weakening monsoon over central India and<

strengthening of the monsoon over Bangladesh and north-east India (10-15% increase). Evidence for reduced JJAS rainfall amounts
over the last few decades in South Asia region is also found in the observational records (Bollasina et al., 2011; Srivastava et al.,
2010; Turner and Annamalai, 2012; Wang et al., 2012). In contrast, the CMIP5 models simulate about 2.3% increase in rainfall per

degree of warming for the Indian summer monsoon (Menon et al., 2013) due to an increase in moisture availability in a warmer
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CMIP5 models simulate about 2.3% increase in rainfall per degree of
warming for the Indian summer monsoon (Menon et al., 2013) due to
an increase in moisture availability in a warmer world. These
conflicting results can be attributed to an underestimated aerosol
effect in many CMIP5 models. Subsampling those models that
include indirect aerosol effects helps to resolve the discrepancy
(Bollasina et al., 2011; Turner and Annamalai, 2012). The most
important change in the dPercent PC ...ccurs in HAPPII....5°C
relative to ACT (Fig. 3b). Comparing HAPPI ....5°C and 2.0°C, we
find an additional increase in mean JJAS rainfall but of lower
magnitude (a further 10 to 20% increase; Fig. 3c). We find a very

AN

world. These conflicting results can be attributed to an underestimated aerosol effect in many CMIP5 models. Subsampling those
models that include indirect aerosol effects helps to resolve the discrepancy (Bollasina et al., 2011; Turner and Annamalai, 2012).

The most important change in the dPercent pccurs in |.5°C relative to ACT (Fig. 3b). Comparing 1.5°C and 2.0°C, we find an

strong drying tendency during JJAS due ...wing to the to ...mplied

anthropogenic aerosol effects...over most parts of South Asia (Fig.

3a). Correspondingly, the “““...ommitted’”...rainfall increase, which
will be...(i.e., the change that will only be realised once aerosol

are reduced) (Fig. 3d)... is in the order of 15-30% (Fig.

additional increase in mean JJAS rainfall but of lower magnitude (a further 10 to 20% increase; Fig. 3c). We find a very strong
drying tendency during JJAS pwing to the jmplied anthropogenic aerosol effect, over most parts of South Asia (Fig. 3a).

Correspondingly, the ‘committed’, rainfall increase, (i.e., the change that will only be realised once aerosol emissions are reduced),

is in the order of 15-30% (Fig. 3d). This means that the observed drying is likely entirely caused by the aerosols, overcompensating

the otherwise GHG+jinduced rainfall increase. Zpoming in on, Bangladesh (Figs. 3e-h), the aerosol effect appears, less strong and |~ v

GHG induced intensification of summer monsoon rainfalls have already increased the risk of more intense rain (corroborated by the

SPI analysis shown in Supplementary Figs. S1 and 2),

In addition to dPercent and SPI analyses, we looked at the absolute rainfall (Figs. 4 and,5) for all five forcing scenarios during MAM

and JJAS (median, as well as the 25-75th percentiles of seasonal mean rainfall) to explain the variability in the mean of absolute

rainfall relative to the change between scenarios over the four sub-regions in Bangladesh. Changes in mean absolute rainfall are

much more pronounced over sub-regions 1 and 2, where both MAM and JJAS rainfall exhibit clear shifts from one forcing to another ’,"

/

forcing scenario (Fig. 4). On the other hand, over sub- regions 3 and 4, only JJAS rainfall exhibited a robust shift (Fig. 5 b and,d).

The absolute aerosol effect is strongest in summer (1-2 mm), yet the relative change is similar in both seasons (10-20%). except for

MAM rainfall over sub-region 3 and 4, Henceaerosols doappear to play asubstantial role in rainfall shifts during JJAS, and partially
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during MAM. Despite more effective acrosol removal from the atmosphere by yirtue of frequent and effective wet deposition during

JJAS, high regional emission keep the acrosol concentrations high even during peak monsoon. Consequently, direct and indirect

aerosol effects, accompanied by feedbacks such as reduced lapse rate, reduced boundary layer turbulence, or a modified large-scale

land-sea circulation, remain to be a potent driver for changing monsoonal rainfall amounts.

For future warming scenarios of 1.5°C and 2.0°C (relative to ACT), we find robust monotonic increases in (absolute) rainfall

in almost all sub-regions and seasons. We notice a persistent change with increase in absolute mean rainfall from ACT to,1.5°C and

J1.5°C t0,2.0°C. Conversely, we find no clear shifts between NAT, ACT and 1.5°C during MAM over sub- region 3 and 4 (Figs. 5a

and,c). While aerosol effects are consistent with those in other regions, the GHG induced rainfall is hampered, presumably due to

dynamic changes such as a delayed onset of the monsoon in response to warming (Bollasina et al., 2011; Zhao et al., 2019). The
proximity to the Indian Ocean may also be a contributing factor. Even though the atmosphere can hold more moisture, the slower

ocean warming stabilises the atmosphere over sea in the same way aerosols stabilise the atmosphere over land.

Impact of climate change and aerosol reduction on seasonal mean rainfall (as in dPercent, SPI and absolute) is in agreement with

the findings in the seasonal cycles (Fig. 1) presented before. As shown in Fig. 1, the monsoon onset in sub-region 3 and 4 (Figs. 1c y/
/

and d) does not change notably under different forcing scenarios as far as 5-day rainfall is concerned. Otherwise, the aerosol and /

/

GHG induced response is consistent with the conclusions based on the spatial maps across the four sub-regions. Sub-regions 1 and /
/

2 show considerable changes in rainfall strength during MAM, with an earlier onset in the 2.0°C scenario over sub-region 2. The /

most pronounced change is simulated at the peak of monsoon season, in early June over sub-region 2, with an associated increase

in magnitude of almost 30% between NAT and 2.0°C (Fig. 1b).

3.3 Extreme Rainfall Events

An analysis of changes in extreme rainfall events suggests that Bangladesh is likely to experience significantly higher magnitudes

of 1 and 5-day rainfall amounts (Figs. 6-9 and S3-S6) during both pre-monsoon and monsoon seasons across all sub-regions under

1.5°C wvarming. The only exception is MAM rainfall pver sub-region 4 (Fig. 7b) and JJAS rainfall pver sub-region 3 (Fig. 9a). In

lowest signal-to-noise ratio pver sub-region 3 and 1, respectively (Figs. 9a and, 8a). The lower the ratio, the more difficult it is to

establish causality as natural variability due to ENSO or circulation anomalies is higher. The most nonotonic rainfall response to

warming is simulated in sub-region 2 in MAM and JJAS (Figs. 6b and, 8b), with aerosols masking approximately 50% of the

increased risk with regard to 1-in-100-year NAT return time. Hence future rainfall in sub-region 2 continues to increase, likely with |

accelerated pace once aerosol levels drop significantly. Sub-region 1 is destined to receive more extreme rainfall with continued

warming_as well, with additional increases once aerosol levels drop. Sub-regions 1 and 2 are equally sensitive to aerosols, yet |

dynamic feedback processes might partially counter the thermodynamic increase in rainfall risk with continued warming.

Figures 10 and 11 jllustrate, the change in RR, which varies ynotably with season, (pre-monsoon and monsoon) as well as location,

(sub-regions 1-4), Table S4 and S5 in the Supplementary material summarises the RRs with associated uncertainty ranges for MAM

and JJAS rainfall over the four sub-regions, Figure 10 demonstrates, that, noticeable masking effect of aerosols are indeed present

during MAM n,sub-region 1, leaving present-day risk for MAM rainfall ynaltered (see RR for ACT/NAT in Fig. 10a).,The risk of

/
extreme rainfall gpisodes with respect to 1-in-100-year NAT return time increases by a factor of 4 (with uncertainty range 2.0-7.0) /
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ina 1.5°C world (see RR for |.5°C/NAT in Fig. 10a). In contrast, the acrosol masking effect during MAM is small at sub-region 2;

d: HAPP1....5°C/NAT in Fig. 10a). In contrast, the aerosol

Jsesulting in significant changes under ACT conditions (see RR for ACT/NAT in Fig. 10b).

Further, ve find yjnonotonous increases in the RRs for JJAS extreme rainfall across the scenarios at sub-regions 2 and 4. At sub-
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region 2,the risk of JJAS extreme rainfall gpisodes with respect to 1-in-100-year NAT return time increases 3-fold (with uncertainty

range 1-4) in a 1.5°C, and 4.6-fold (with uncertainty range 2.9-7.2) in a 2.0°C warmer world (see RRs for |.5°C/NAT and
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uncertainty range 2.6-5.8) with respect to 1-in-100-year NAT return time; the risk for similar event increases 4.1 times (with

3.4 Model consistency

Lonsidering the importance of the climate change impacts found for MAM and JJAS rainfall extremes,Figs. 12 and 13 demonstrate

how gonsistent the HadRM3P results are compared to the four HAPPI AOGMS in sub-region 1 and 2 (MIROCS, ETH CAM4

CanAM4 and NorESM1-M)_ Similar comparisons for other sub-regions and seasons are presented jn the Supplementary material

for brevity (in Figs. S7 - S12). For MAM rainfall extremes over sub-region 1, HiddRM3P, MIROCS5 and NorESM 1 models suggest

increasing risks, whereas ETH CAM4 and CanAM4 models pnly show increasing risks yinder 2.0°C warmer climate condition.

MIROCS shows ajnonotonously increasing risk of MAM rainfall amongst the different scenarios (Fig. 12b). In contrast, HiddRM3P

model shows a nonynonotonic change in the MAM rainfall risks with Jittle to no increase between NAT and ACT, buta substantial

increase at 1.5°C and 2.0°C warming, (Fig. 12a).

Since the other HAPPI AGCMs do not provide a GHG-only scenario, we can only infer causality for the jon-monotonic result in

HadRM3P, which — as discussed above — implies that the coincident increase in GHGs and aerosols from NAT to ACT masks the

rainfall response, For JJAS rainfall extremes over sub-region2, all five models suggest increasing risks under, warmer climate

conditions (see Figs. 13a-e). However, intensities of rainfall events vai

resemble those in,NorESM1, both jn terms of jncreasing risk,and rainfall intensities (compare Figs. 13a and

. The most likel
reason for this agreement s that NorESM1 features a more realistic aerosol representation compared to the other three additional

HAPPI models (Kirkevag et al ,2013).

4 Conclusions

Results of the weather@home HadRM3P yegional model suggest that both, 1.5°C and 2.0°C warming are projected to increase

uncertainty range 2.2-5.3) ina 1.5°C and 5.5 times in a 2.0°C warmer world (with uncertainty range 3.5-7.8) as shown in Fig. 11d, 7

then ....6-fold (with uncertainty range 2.9-7.2) in a 2.0°C warmer
world (see RRs for HAPP1....5°C/NAT and HAPP2....0°C/NAT in
Fig. 10d). At sub-region 4 (Fig. 11d)... where current risks of JJAS
extreme rainfall events are ...ave already increased 3.9 times (with
uncertainty range 2.6-5.8) with respect to 1-in-100-year NAT return
time; the risk for similar event increases 4.1 times (with uncertainty
range 2.2-5.3) ina 1.5°C world ...nd 5.5 times in a 2.0°C warmer
world (with uncertainty range 3.5-7.8) as shown in Fig. lld.m
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seasonal mean and extreme rainfall probabilities during the pre-monsoon and monsoon seasons across Bangladesh, compared to

ACT conditions. The magnitude of change exceeds the,internal year-to-year variability in the associated sub-regions 1 and 2 during

both pre- monsoon and monsoon seasons. These increases are likely to be amplified by a reduction in aerosols, consistent with

previous findings (e.g.,Samset et al ,2018).

2.0°C warming are projected to increase seasonal mean and extreme
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across Bangladesh, compared to ACT conditions. The magnitude of

We find that there are large spatial variations in the patterns of changes in the relative risks of extreme rainfall in Bangladesh. Sub-
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regions 1 and 2 shows an enhanced susceptibility to aerosols during the pre-monsoon season, whereas sub-regions 3 and 4 show a

smaller aerosol sensitivity during the monsoon season. Aerosols have likely reduced the absolute daily rainfall amount by up to
Imm (~ 5-10%) during the monsoon season in sub-region 1 and 2, comparable to the simulated rainfall change in a future 2.0°C

warming scenario. This is in line with a growing pody of research that has shown that anthropogenic aerosols play a substantial role

C" leted: array )

9




in modulating the strength of the monsoon in South Asia (Bollasina et al., 2011, 2013; Lau and Kim, 2010; Ramanathan et al.,
2005).

As far as other regions in South Asia are concerned, our results imply that the present-day decline in the mean monsoon seasonal
rainfall can be explained by the existing atmospheric aerosols impacts, which offsets the GHG-induced global warming effects.

Future aerosol removal from the atmosphere will unmask the GHG induced rainfall increase with surprisingly fast changes in risk

due to the non-linear nature of the imposed external forcing contributions (g.g..,0ver sub-region 1 in pre-monsoon season). For that CDeleted: eg
Jeason, we emphasize that the impacts of aerosol reductions on the changing risks of extreme rainfall gpisodes should be considered CDeleted: s

Jn future risk assessments. ,
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JThese yesults have important implications for the agricultural sector and associated economic losses, particularly during the pre- ‘

monsoon season. For example, at north-east Bangladesh, gxtreme rainfall during the pre-monsoon season 2017 caused the earliest |

flash flood since 2000. [The resulting damage of harvestable rice crop, caused 4 substantial spike in prices, in the following year.

Anthropogenic climate change js found to have made this particular extreme rainfall event twice as likely (Rimi et al., 2019b). In |

contrast, during the monsoon season, property damage is more likely to occur when Jarge, inhabited areas are inundated on a regular i

basis. The findings of this study imply, that policymakers and relevant stakeholders not only need to take distinctively different |

regional responses in extreme rainfall into account, but also the nonynonotonicity in the response in most regions.
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extremes, Figs. 12 and 13 demonstrate how robust the HadRM3P
results are compared to four other HAPPI AGCMs of MIROCS,
ETH_CAM4, CanAM4 and NorESM1 models. Similar comparisons
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material for brevity (in Figs. S7 - S12). For MAM rainfall extremes
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suggest increasing risks but ETH_CAM4 and CanAM4 models show
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Relying exclusively on observed trends in rainfall extremes can be deeply misleading, creating an unwarranted sense of security.

Our study highlights that preparedness for more frequent extremes is key in the northern part of Bangladesh during both the pre-
monsoon and the monsoon season. While additional regional model experiments are needed to confirm the weather@home model
results, our analysis of available data from other HAPPI AGCMs point in the same direction for seasonal extreme rainfall events in
Bangladesh. Similar findings are also reported for the larger South Asia region (e.g., Chevuturi et al., 2018; Lee et al., 2018).
However, since they do not allow for a quantification of the aerosol effect, we call for more nuanced experiments in that regard in

the future.

Data/Code availability

Observation data set of APHORODITE is available for download at http://aphrodite.st.hirosaki-u.ac.jp/products.html and CPC can
be downloaded from https://climexp.knmi.nl/select.cgi?id=someone@somewhere&field=prcp_cpc_daily. The additional four
HAPPI AGCM simulation data can be accessed at http://portal.nersc.gov/c20c/data/. Analysis codes in R programming language

can be made available upon request from the corresponding author.
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Figure 1: Seasonal cycles of five day mean rainfall under different forcing scenarios over the four sub-regions of
Bangladesh. The ACT (black), NAT (green) and GHG-only (orange), HAPPI 1.5 (blue) and 2.0 (red) ensembles
are compared with the observations from APHRODITE (dark purple) and CPC (dark purple),,

Deleted: The model ly captures the seasonal cycle of
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rainfall compared to observation but underestimates monsoon
rainfall. Only over sub-region 2, rainfall is clearly shifting from
NAT to ACT, from ACT to GHG-only, from ACT to HAPPI 1.5
and from HAPPI 1.5 to 2.0 forcing scenarios.
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Figure 2: Percentage change (dPercent) in MAM mean rainfall between different forcing scenarios. The top row

(panels a-d) shows the regional dPercent over central parts of the South Asia (SA). a. ACT rainfall dPercent

relative to NAT over SA b. ACT rainfall dPercent relative to HAPPI 1.5°C, c. HAPPI 1.5°C rainfall dPercent . CDeleted= over SA

5 relative to HAPPI 2.0°C, and d. ACT rainfall dPercent relative to GHG-only over SA. Bottom row (panels e-h) CDeleted: over SA

shows dPercent in the same way but over Bangladesh. The four boxes (1-4) of the panel e represent the four sub-

regions of Bangladesh.
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a. MAM mean rainfall at sub-region 1 b. JJAS mean rainfall at sub-region 1
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Figure 4: Seasonal mean rainfall in MAM (left column) and JJAS (right column) over the sub-regions 1 and 2
(top and bottom row) of Bangladesh. Green, orange, grey, blue, and red colours represent NAT, GHG-only, ACT,
HAPPI 1.5 and HAPPI 2.0 ensembles respectively. Each panel has different y-scale range to clearly indicate the
details of changes in the median values between different model ensembles. The horizontal black line in each box
indicates the median value, the bottom and top limits of the box represent the 25™ and 75™ percentiles

respectively.

Del d: The figure shows that aerosol impacts over both sub-
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regions 1 and 2 are larger in MAM dry season than that in JJAS
wet season.




a. MAM mean rainfall at sub-region 3 b. JJAS mean rainfall at sub-region 3
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Figure 5: Same as Fig. 4, but for sub-regions 3 and 4.' D During MAM over both sub-regions 3 and 4, aerosol

effects repress the mean rainfall change between NAT and ACT
(i.e., ACT rainfall is lower than NAT). On the other hand, during
JJAS over both sub-regions 3 and 4, with lesser aerosol masking
effects, ACT has higher mean rainfall than NAT and GHG-only
would have noticeably much higher mean rainfall.
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a. MAM rainfall at sub-region1 - Actual Vs 1.5/2.0C b. MAM rainfall at sub-region2 - Actual Vs 1.5/2.0C
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Figure 6: Return time plots for MAM daily rainfall under different forcing scenarios over the sub-regions 1 and

2 of Bangladesh. The ACT (black), ACT highest (sky-blue), ACT lowest (grey), NAT (green) and GHG-only

(orange) ensembles are compared with the HAPPI 1.5 (blue) and HAPPI 2.0 (red) ensembles. Deleted: Anthropogenic warming effects have not strongly
influenced the present-day risks of extreme MAM rainfall over
sub-region 1 (Fig. 6a). With a 1.5 or 2.0 degree’ world, this sub-
region might see extreme rainfall events with four-fold higher
risks.
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a. MAM rainfall at sub-region3 - Actual Vs 1.5/2.0C b. MAM rainfall at sub-region4 - Actual Vs 1.5/2.0C
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Figure 7: Same as Fig 6, but showing return time plots for MAM daily rainfall under different forcing scenarios

over the sub-regions 3 and 4 of Bangladesh.
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a. JJAS rainfall at sub-region1 - Actual Vs 1.5/2.0C b. JJAS rainfall at sub-region2 - Actual Vs 1.5/2.0C
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Figure 8: Return time plots for daily rainfall during monsoon (JJAS) season in different forcing scenarios over
the sub-regions of 1 and 2 of Bangladesh. The HadRM3P ACT (black), ACT highest (upper grey with upward
triangles), ACT lowest (lower grey with downward triangles), NAT (green) and GHG-only (orange) ensembles

5 are compared with the HAPPI 1.5 (blue) and 2.0 (red) ensembles. Deleted: The most significant changes in the risks of extreme
monsoon rainfall take place in the sub-region2, which is already
the wettest part of Bangladesh.
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a. JJAS rainfall at sub-region3 - Actual Vs 1.5/2.0C b. JJAS rainfall at sub-region4 - Actual Vs 1.5/2.0C
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Figure 9: Same as Fig 8, but showing return time plots for daily rainfall during monsoon (JJAS) season in

different forcing scenarios over the sub-regions of 3 and 4 of Bangladesh.
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a. Risk Ratio of MAM rainfall events over sub-region 1

b. Risk Ratio of MAM rainfall events over sub-region 2
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Figure 10: The risk ratios of four specific rainfall events with return periods of 10, 20, 50, and 100 years between
ACT/NAT, HAPPI 1.5/NAT, HAPPI 2.0/NAT and GHG-only/ACT over the two northern sub-regions 1 and 2
during MAM (top two panels of a. & b.) and JJAS (bottom two panels of c. & d.). The error bars indicate the

5 associated uncertainty range with 95% confidence level for individual event.
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Figure 11: Same as Fig 10, but for MAM and JJAS risk ratios over the two southern sub-regions 3 and 4.
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a. HadRM3P MAM rainfall b. MIROC5 MAM rainfall c. ETH_CAM4 MAM rainfall
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Figure 12: Comparative return periods (10-100 year events) of MAM daily rainfall (mm/day) over sub-region 1
during 1986-201S5 as per (a) HadRM3P, (b) MIROCS, (¢) ETH_CAM4, (d) CanAM4 and (e¢) NorESM1 models.
ACT, NAT, GHG-only, plus 1.5°C and 2.0°C model ensembles are shown in black, green, orange, blue and red

colours respectively.

26



5

a. HadRM3P JJAS rainfall

b. MIROC5 JJAS rainfall

c. ETH_CAM4 JJAS rainfall

250 ’o' ’.' . 250 === Actual (95% Cl) 250 | = Actual (95% Cl)
i o ~Natural (95% Cl) ~Natural (95% Cl)
, ’ —— HAPPI 1.5 (95% Cl) —— HAPPI 1.5 (95% Cl)
2254 o Pl 2251 —— HAPPI 2.0 (95% CI) 2251 —— HAPPI 2.0 (95% Cl)
> & .
Y ()
200 4 o’ 200 200
o
= = =
S 175 S 175 S 175
£ € £
E E E
T 150 s T 150
< < h=
[ [ [
> > >
5 1251 3 3
o [=] o
100
= Actual (95% Cl)
75 4 = Natural (95% Cl) 751
GHG-only (95% Cl)
—— HAPPI 1.5 (95% Cl)
50 4 = HAPPI 2.0 (95% Cl) 50 50 1
10 30 50 100 10 3 5 100 10 30 50 100
Return period [years] Return period [years] Return period [years]
d. CanAM4 JJAS rainfall e. NorESM1 JJAS rainfall
250 | == Actual (95% CI) 250 o == Actual (95% Cl)
—— HAPPI 1.5 (95% Cl) —— HAPPI 1.5 (95% Cl)
—— HAPPI 2.0 (95% CI) —— HAPPI 2.0 (95% Cl)
225 2254 d
s
200 200
7 7
T 175 D 1751
€ €
E E
k| 3 1501
> > —
3 2 125
o a
100
75
50
10 30 50 100 10 3 50 100

Return period [years]

Return period [years]

Figure 13: Comparative return periods (10-100 year events) of JJAS daily rainfall (mm/day) over sub-region 2
during 1986-201S5 as per (a) HadRM3P, (b) MIROCS, (¢) ETH_CAM4, (d) CanAM4 and (e¢) NorESM1 models.

ACT, NAT, GHG-only, plus 1.5°C and 2.0°C model ensembles are shown in black, green, orange, blue and red

colours respectively.
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